


MoneyBall Medicine discusses some of the remarkable innovations that are developing across 
the healthcare industry. Harry and Malorye provide readers with a front row seat to the most 
important emerging healthcare system challenges—and opportunities—of our time. We started 
Flatiron because we wanted to ensure that all cancer patients—not just those with the means and 
resources—have access to the same cutting-edge research. It is our hope that this book will stimu-
late discussions around the value of next-generation technology in healthcare so that the industry 
can continue to innovate.

Zach Weinberg
Cofounder, COO, and President 

Flatiron Health

MoneyBall Medicine puts you at the center of healthcare’s new frontier where medicine, tech-
nology, information, and business are converging and advancing with unprecedented speed and 
importance. The stakes could not be higher, and I recommend this book for anyone interested in 
learning more about this truly disruptive revolution in the ever-changing healthcare landscape.

Eric Schadt, PhD
Dean for Precision Medicine, Mount Sinai Health System
Professor, Genetics and Genomic Sciences at Mount Sinai

The political turbulence focused on what comes next for Medicaid, Medicare, and the Affordable 
Care Act (Obamacare) public exchange products simply reinforces the fundamentals of healthcare 
in the United States. Increased access, increased value, and better patient experience will be keys 
for all successful stakeholders.

In MoneyBall Medicine, Harry and Malorye describe the unique confluence of entrepreneurial 
innovation and the many entrenched and evolving healthcare components of the healthcare supply 
chain, and defines the parameters that predict who will win and who will lose.

Glenn D. Steele, Jr., MD, PhD
Chairman of xG Health Solutions

Vice-Chair of Health Transformation Alliance
Former CEO of Geisinger Health System

Data, data everywhere. Well, historically it’s been everywhere but in healthcare, where our indus-
try has been laggards in distributing, sharing, synthesizing, and analyzing data to make deci-
sions for researchers, physicians, patients, and insurers. MoneyBall Medicine thoughtfully walks 
us through the change in healthcare, which has already commenced. Data will finally take center 
stage, especially in cancer care.

Mike Pellini, MD, MBA
Chairman and Former Chief Executive Officer

Foundation Medicine



The explosive force that’s transforming healthcare is digital. Harry and Maloyre have aptly cap-
tured and described this tidal wave in a compelling compendium of examples and interviews. 
MoneyBall Medicine lays the foundation for understanding how new types of data will change the 
way we discover medicines, measure their impact, deploy, deliver, and even replace them.

Christine Lemke
Cofounder and President

Evidation Health, Inc.

We are all now living in a world of data-driven medicine. MoneyBall Medicine is a really important 
source for navigating in this new world.

Rory Riggs
Royalty Pharma—Cofounder and Chairman of the Investment Committee

Locus Analytics—CEO
Syntax—CEO

As a citizen scientist activist and the mom of children with a genetic condition, I welcome the 
effect on healthcare of meaningful data, carefully analyzed and appropriately utilized. MoneyBall 
Medicine artfully traverses the ever-evolving dynamic landscape and focuses in on the various levers 
and fulcrums that might make the difference, all the while keeping the consumer in the center.

Sharon Terry
President and Chief Executive Officer

Genetic Alliance

We face a perfect storm: a medical profession, reluctant to emerge from principles of apprentice-
ship and autonomous practice to evidence-based approaches, still largely rewarded by volume-based 
payments, and a healthcare industry, which has accumulated legacy structures never designed for 
efficiency and interoperability. The combination has resulted in an increasingly unaffordable U.S. 
healthcare delivery system, which covers only part of the populous and has outcomes at or below the 
level of other civilized countries. Expedient and systematic solutions are further impeded by privacy 
and safety concerns, which have resulted in well-intended, but impractical legislation and heavy regu-
latory burden. Glorikian and Branca’s inspiring book highlights real (entrepreneurial) opportunity to 
use the power of multisource Big Data and emerging analytic approaches to get out of this misery and 
revolutionize the way healthcare is delivered to ever more data-conscious, engaged patients.

Christoph Wald, MD, PhD, MBA, FACR
Chairman, Department of Radiology and President of the Medical Staff

Lahey Hospital and Medical Center
Professor of Radiology, Tufts University Medical School



Data has become a significant strategic resource in healthcare. Just as sports, financial services, 
retail, and virtually all other industries have been shaped by data and analytics, so too will health-
care. Harry and Malorye have done an exceptional job of documenting and analyzing this remark-
able transition in the largest and most complex sector in our economy—healthcare.

John Glaser, PhD
Vice President

Population Health and Global Strategy Cerner Corp.

The pace of scientific development is proceeding unlike any other time in the history of healthcare. 
Precision Medicine is becoming a reality. MoneyBall Medicine provides a compelling overview of 
how new technologies, diagnostic tests, and drugs are being introduced at record speed, and how 
these advancements and the resulting access to increasing amounts of patient-specific data are 
rapidly transforming the way healthcare can and will be delivered.

Jennifer Levin Carter MD, MPH
Founder and Chief Medical Officer

N-of-One, Inc.

The future of healthcare is inevitably data driven. As our ability to collect, sort, and analyze data 
improves, the predictability of what people need is enhanced. This will result in more precise 
medicine, with better customized and personalized treatment plans for our patients. This book is 
ahead of its time, bringing together concepts of new innovations aimed at improving healthcare 
delivery.

Kathryn Teng, MD, MBA
Physician Executive Leader and Division Chief 

MetroHealth Medical Center

The convergence of Big Data and artificial intelligence is changing the paradigm for the entire 
healthcare sector—MoneyBall Medicine is a MUST-READ book for entrepreneurs hoping to 
make an impact in this complex ecosystem.

Dekel Gelbman, MBA
Chief Executive Officer

FDNA

If you want to understand the future of healthcare, you need to read MoneyBall Medicine. Paralleling 
the data-driven transformation of baseball, Harry Glorikian and Malorye Allison Branca delve into 
the data and analytic trends that are revolutionizing healthcare. As this book articulately describes, 
it’s only through collecting, connecting, and understanding data that we will arrive at a patient-
centered healthcare system. Grounded in firsthand accounts, rich in detail, and accessible to practi-
tioners and experts alike, MoneyBall Medicine is a great read and worthwhile investment.

Robert Metcalf, MBA
Chief Executive Officer

Concert Genetics



Harry and Malorye’s book provides a comprehensive look at how data is rapidly becoming the 
currency of modern medicine and how this is fueling a market comprised of a diverse set of tech-
nologies, approaches, and business opportunities.

Notably, of course, the goal must be to maximize the rate of exchange, from data to true clinical 
value. The book recognizes the diversity and lack of synchrony among the critical market factors 
that impact this exchange, that is, payers; providers; patients (needs, expectations, and hopes); 
physicians; and pharma.

By identifying and describing the concerns and priorities of this network, this book can serve as 
a solid base for advancing toward addressing an even bigger opportunity … that of the unstated 
and unmet clinical needs that we don’t currently even consider. 

Michael N. Liebman, PhD
Managing Director, IPQ Analytics, LLC

Adjunct Professor of Pharmacology and Physiology, Drexel College of Medicine  

The U.S. healthcare system is undergoing sweeping change with profound implications for all 
Americans, and the change is not waiting for Congress or the White House to determine its fate. 
MoneyBall Medicine defines this pivotal time as we live it, showing how new expectations shape 
our healthcare, and how each of us as individuals will be changed by it too. I can’t think of a more 
compelling and important book for future historians, who will no doubt wonder how our health-
care system was so dramatically transformed in the early twenty-first century.

Leah F. Binder, MA, MGA
President and CEO
The Leapfrog Group

“If the difference between evolution and revolution is the speed of change, then healthcare is 
now in the mode of revolutionary change,” say authors Harry Glorikian and Malorye Allison 
Branca in MoneyBall Medicine: Thriving in the New Data-Driven Healthcare Market. Healthcare 
spending in the United States today is simply unsustainable. In this book, Glorikian and Branca 
reveal promising trends that will revolutionize healthcare. I believe their visions are spot on. If 
you want a glimpse into the future, read this book. It’s fascinating and very well documented.

Tom Emerick
Former VP of Global Benefits at Walmart

Population Health Consultant
Cofounder of EdisonHealth

Coauthor of Cracking Health Costs and An Illustrated Guide to Personal Health



MoneyBall Medicine takes the reader on a deliberately pragmatic insider’s journey of how raw, 
objective, hard data is already becoming the driver of better, more cost-effective medicinal 
decision-making in healthcare today.

This book offers something for everyone—from the backstories bringing observations to life 
to the references for deeper-diving, it delivers. In short, if you ever wondered why “It’s the 
Economy, stupid” has become “It’s the Data, stupid,” read MoneyBall Medicine.

Susan Ward, PhD
Executive Director

Collaborative Trajectory Analysis Project (cTAP)

After painting a bleak portrait of our current healthcare landscape—an inefficient, often inef-
fective, and expensive system that’s stuck in the twentieth century—Harry and Malorye offer 
readers a remarkably insightful look at how data-driven healthcare and drug development will 
offer patients customized, effective, and more cost-efficient solutions in the near future. In other 
words, this new data-driven model will empower patients to take a more active role in their health-
care decisions. MoneyBall Medicine is required reading for anyone interested in the evolution of 
medicine, healthcare practice, and data analytics.

Niven R. Narain
Cofounder, President, and CEO

Berg Health
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Introduction: Welcome to the 
Age of Moneyball Medicine

Introduction
Why can’t healthcare be more like financial services? Or retail? Or the automotive industry? Or…
baseball? All of these fields use data and advanced analytics to help make better decisions and 
increase profits. In healthcare, decisions are often based on a single doctor’s experiences or some 
other very limited dataset. Data sharing is restricted if not outright frowned upon, and there are 
probably more layers of regulation than in any other field.

But despite these hurdles, shouldn’t healthcare, more than any other field, be data-driven—
using as much data in the smartest way possible to get to the best solution? The U.S. healthcare 
market was worth $3.2 trillion in 2015, accounting for almost 18% of the nation’s GDP (Centers 
for Medicare & Medicaid Services 2016e). That’s a staggering $9,990 being spent per person, per 
year on health.

But if baseball team manager Billy Beane could use data and analytics to bring an underdog 
team to the front of the pack (Lewis 2004), couldn’t the same tactics vastly improve a medical 
system that is the most expensive in the world, but by no means the highest quality or with the 
best safety record (James 2013; Davis 2014)?

As professionals who work in and track advances in the healthcare industry, we are regularly 
awed and inspired by the remarkable technological advances we witness: cochlear implants that 
allow the deaf to hear, new drugs that essentially cure deadly diseases such as malignant mela-
noma and hepatitis C, and machines that can decode the 3 billion base pairs in a human genome 
within days versus the years it used to take (Kolata 2013a).

At the same time, experts from other fields routinely express bafflement with the massive road-
blocks to efficiency in healthcare. They ask questions such as:

◾◾ “Why can’t my doctor just access my records from another hospital instantaneously? A credit 
card company can access my credit report within minutes if I authorize them to.”

◾◾ “Shouldn’t patients be able to get a price estimate before they go in for a visit or start a treat-
ment? I can get that in any other market! And now, usually instantly online.”

◾◾ “Shouldn’t my doctor be able to double check his recommendations for me against those 
that many other doctors have made for similar patients in the past?”



xviii  ◾  Introduction

The list goes on. Even when a solution is proposed (or launched) for some of these challenges, 
there is no guarantee the market will respond favorably or that consumers will find the solution 
palatable. The misfortunes of numerous health IT services, such as Revolution Health and Google 
Health, demonstrate just how hard it is even for industry titans to overcome these obstacles (Versel 
2010; Chase 2011; McGee 2011). It may seem like a huge opportunity, but modernizing the U.S. 
healthcare system is fraught with difficulty and many mistakes will be made as it evolves.

The failure of novel healthcare enterprises is often attributed to some of the features that make 
healthcare unique. People in the industry like to say “healthcare is different,” and there are some 
features that make healthcare unique:

The Regulatory Environment: When lives are at stake, that’s an even bigger concern than 
money. As a result, healthcare is probably the most heavily regulated of all fields. For exam-
ple, it’s estimated that it takes about $2.8 billion and possibly 10–20 years to bring a drug 
from research and design through the U.S. federal regulatory system (DiMasi, Grabowski, 
and Hansen 2016; PhRMA 2016). Diagnostics and medical devices, likewise, undergo strict 
and time-consuming evaluations. Hospitals and providers operate under a range of legal 
requirements, including a mandate to treat all patients who come to the emergency room, 
regardless of their insurance status (American College of Emergency Physicians 2017), and 
antitrust laws. The Health Insurance Portability and Accountability Act (HIPAA), mean-
while, was enacted in the mid-1990s partly to ensure patient record privacy (Department 
of Health & Human Services 2015). However, misinterpretation of the rule has sometimes 
turned it into a hurdle to family members trying to access a loved one’s record, or patients 
trying to share their records with their other providers (Westgate 2015).

Patient Resistance: In the United States, people are also particularly concerned about health-
care privacy. They don’t want to share health data if it might someday be used to embar-
rass them, or deprive them of a job or insurance. For example, although the 2008 Genetic 
Information Nondiscrimination Act (GINA) protects patients against discrimination in 
employment or health insurance based on their DNA, it doesn’t protect patients with respect 
to long-term care, disability or life insurances, leaving some patients to decide against 
testing—even when the results could impact their care (Peikoff 2014). That also makes it 
very difficult for researchers to share patient-related data.

		  Further, most patients aren’t particularly interested in managing their own data until 
they are sick, at which point that becomes very difficult. This may help account for the 
failure of early online health records, such as Google Health. Also, it’s one thing to shop for 
a car, but quite another to look around for a heart failure specialist. Further, most patients 
believe that the most expensive doctor is likely to be the best, even though there are no data 
to support this belief. As a result, few patients are truly managing their own care. More 
often, they stick to their doctors and do what they are told.

Physician and Hospital Resistance: It’s costly and time-consuming for providers to share data 
between sites and they fear losing patients by making it easier for them to go somewhere 
else. As a result, over time we have developed a system where doctors and hospitals essen-
tially own the patient data they collect. And comparison of providers or hospitals is virtually 
nonexistent, save for a few websites created by entrepreneurs and the federal government.

All of this and more have helped make healthcare “special” for a long time. But we believe that 
a combination of factors will push our industry into the data-driven age.



Introduction  ◾  xix

For one thing, as individuals and as a nation, we can no longer just keep paying more and 
more for healthcare. It is impinging on our ability to pay for other necessities, such as infrastruc-
ture and education. Budget deficit fights over entitlements and the rise of high-deductible health 
plans (HDHPs), which subject patients to more out-of-pocket costs, have made that clear. Neither 
the government nor individual patients have an unlimited amount of money to pay for health-
care. And this situation is not unique to the United States. The rest of the world is also facing a 
healthcare cost crunch, and they are looking at the United States’ movement toward data-driven, 
outcomes-based medicine, as a model for how they can improve their own healthcare systems. 
This would be a dramatic turnaround, since currently, the U.S. is often cited as an example of how 
higher cost doesn’t necessarily lead to better care.

Further, the tools to collect, analyze, and share even very complicated types of healthcare data 
are steadily maturing. Certainly, there is a lot of data out there that has been collected in very dif-
ferent formats, but big pools of standardized data, whether it is clinical or biologic, are becoming 
more common. Progress is also being made on improving our ability to share data.

The stage isn’t just set; the change is happening. Advances in technology and pressures to 
control spiraling healthcare costs are forcing it. Since the United States accounts for the vast 
majority of healthcare technology innovation, we have the opportunity to be the global leader 
and create a framework for a higher-quality, more efficient, and more cost-effective healthcare 
system.

Healthcare reform, of course, is the loose cannon in this scenario. Congress has been fighting 
furiously over the question of whether health insurance should be a right or a choice for decades. 
With the passage of the Patient Protection and Affordable Care Act (ACA, also referred to as 
Obamacare) in 2010, it appeared that the nation was on the path toward national standards for 
health insurance, which reassured hospitals and providers who were glad to see more patients 
insured (Department of Health & Human Services 2017b).

The 2016 U.S. presidential election upended that and since then, the legislature has introduced 
a number of bills aimed at repealing and replacing the ACA. However, many of the experts we 
spoke to have said that certain trends are likely to continue no matter who is in the Oval Office. 
As budgets are constrained and competition increases, all the players in the healthcare system need 
to become more efficient and to be better able to demonstrate the value they provide. Data will be 
crucial in determining the winners from the losers.

This book aims to highlight exactly where data and advanced analytics are advancing health-
care and creating new and evolving business opportunities.

We hope this book will inspire others to be a part of this revolution and help ensure that the 
new system well serves the billions of people who will depend upon it. Within these pages, we aim 
to explain through examples why, how, and what the new data-driven healthcare system is most 
likely to look like. We’ll discuss everything from digital healthcare to value-based purchasing, 
looking at the full range of ways that experts are using data to improve the healthcare system and 
what the next step in that evolution could be.

It’s our goal that entrepreneurs, patients, healthcare professionals, and those who aspire to 
work in this field will use the information and ideas here to assist their planning and help them 
either cope with the changes, or thrive via their own innovations, in the era of MoneyBall Medicine.

After all, if we can create a healthcare system that rewards the highest possible quality care at 
a reasonable cost, it would be a home run for everyone.
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1

Chapter 1

The $10 Trillion Healthcare 
Industry’s Moneyball Moment

The leaps and bounds in information technology that have transformed all kinds of 
industries are now finally transforming healthcare.

Barrett J. Rollins
Chief Scientific Officer, Dana-Farber Cancer Institute and Linde

Family Professor of Medicine, Harvard Medical School, Boston

After watching a relative struggle to manage his child’s leukemia treatment, tech entrepreneur Nat 
Turner decided it was time to change how that process works (Ong 2013). The cancer-stricken 
boy’s father was frantically traveling across the country, hauling stacks of DVDs and medical files 
with him because his child’s doctors had limited ability to share information with one another.

Turner and his business partner, Zach Weinberg, had both seen family try to navigate the 
cancer treatment process before. Although the two men had no healthcare experience, they had 
previously founded a data-driven advertising software firm, Invite Media, which was acquired by 
Google in 2010, reportedly for $81 million (Ong 2013). They wondered if they could use a similar, 
analytics-focused approach to improve the cancer treatment process. So together in 2012, Turner 
and Weinberg founded Flatiron Health (Shontell 2012; Ong 2013; Raths 2017).

Prior to founding their new company, Turner and Weinberg spent about a year and a half 
interviewing oncologists, practice administrators, nurses, researchers, and hospital executives, 
finding out what worked in the oncology clinical workflow and what didn’t. Drawing on their 
own families’ experiences and all that feedback from the market, they saw a system increasingly at 
odds with the vast amount of patient data being collected.

Eventually, they turned their sights on electronic health records (EHRs) (Shontell 2012; Raths 
2017), which are sometimes also referred to as electronic medical records (EMRs). But Turner and 
Weinberg had lots of new ideas about how these should perform.

EHRs, they had found, were not working for doctors—the software was complicating, rather than 
simplifying, their workflow. At the same time, the number of EHRs was booming. “Only 15% of 
doctors’ offices had EHRs in the late 2000s, and 90% do today,” Weinberg explained to us (Weinberg 
2017). That’s because of the 2009 HITECH law, which spurred the “adoption and meaningful use of 
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health information technology” by providing financial incentives for medical providers to adopt EHRs 
(Department of Health & Human Services 2014). Unfortunately, many of those systems were disap-
pointing. By 2015, only about a third of doctors were satisfied with their EHR systems (Advisory Board 
2015). Also, the law did little to ensure that the systems spoke to each other, meaning your own doctor 
might be “wired” but he or she was probably not connected to your other healthcare providers.

In short, despite the surge in EHRs, moving data around in oncology practices was still a very 
“clunky process,” Weinberg says, mirroring what providers see across all specialties. Seeing a clear 
unmet need, Flatiron acquired EHR developer OncoEMR from Altos Solutions in 2014 (Business 
Wire 2014), and folded it into their own OncoCloud suite, which now includes analytics, billing, 
a patient portal, and clinical trial management.

One of Flatiron’s goals is improving clinical trial participation. Only about 3% of cancer 
patients are enrolled in cutting-edge clinical trial research (IOM [Institute of Medicine] 2010). 
This slows medical progress, because the more patients are involved in trials, the more data would 
be available to share, thereby benefiting many more people.

The two men wanted to help oncologists determine whether or not a patient was a candidate 
for a clinical trial. Instead of patients trekking around the country from doctor to doctor, could an 
oncologist use just a few clicks of a mouse to identify the right trial for the patient sitting in front of 
him? “It’s actually very complicated to find out if you’re eligible [for a trial],” Turner has said. “It’s like 
120 variables and there’s no way to know quickly. We hope to speed that up for physicians because 
clinical trials are huge for cancer” (Shontell 2012). Hence, they developed OncoTrials, an EHR-
enabled software tool that lets clinical research teams identify and screen patients for clinical trials.

That relates to the big disconnect between what an individual doctor might see in their own 
practice and the published results from clinical trials and other research studies. Drugs sometimes 
perform differently in the real world, where the patient population is less homogeneous, than they 
do in clinical trials. Study results may also not be generalizable to all patients with a particular type 
of cancer, because the composition of the clinical trial is not representative of the population (Chen 
et al. 2014). So even if a particular doctor sees a lot of certain types of cancers, for example breast 
cancers, they are still only seeing a small fraction of all patients who ever get that disease, and the 
doctor may not be aware of all the results from relevant clinical trials, let alone from other practices.

The questions about “what works best in a specific cancer” have increased dramatically over the 
years, Weinberg says. “We have a growth in combination therapies, better understanding of the 
patient population due to next-generation sequencing (NGS) and other genomic tools, and people 
are now looking at immune-related factors.” Much of those data are tucked away in proprietary 
databases, however, and too little of them reflect what goes on in the real world.

Since clinical trials can cost tens of millions of dollars (Sertkaya et al. 2016), and it can take 
more than a decade to fully vet a drug, it is important to find better ways to answer those ques-
tions. That recognition led Flatiron’s founders to start gathering real-world evidence (RWE) from 
EHRs into a new type of database that could accelerate research.

Unlike clinical trial data, which are very carefully collected under specific parameters and 
measure only certain variables that are of interest to the study sponsor (e.g., a drug or device com-
pany), RWE is loosely defined as data that come from a variety of databases (such as insurance 
claims, digital devices, and EHRs) that may better capture the “real-world” use of a treatment. 
Importantly, “RWE is not just ‘Big Data’—it’s the integration of multiple sources of data” [empha-
sis ours] (Network for Excellence in Health Innovation 2015).

But how would they get those data in an industry that rarely shares patient information? 
Turner and Weinberg came up with an intriguing model: oncologists who buy their software give 
Flatiron access.
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Today, Flatiron Health has a growing business providing specialized software to oncologists, 
pharmaceutical companies, and other researchers. At the heart of their business is an ability to 
gather complex health data. They work with more than 265 oncology clinics, three academic insti-
tutions, and 11 of the world’s top pharmaceutical oncology firms. The company has been well 
financed along the way by some notable investors. Google Ventures led a 2014 round, putting 
$130 million into the company: that was Google’s largest medical software financing to date (Hay 
2014). In 2016, Roche led a $175 million round (Benner 2016). “The interesting thing is that 
Roche is both an investor and a client,” explains Weinberg. “But they don’t get any special client-
privileges because of that.”

What’s more, in what may be the ultimate early vindication of their business model, Flatiron’s 
database was used in 14 studies presented at the 2017 American Society of Clinical Oncology (ASCO) 
meeting, which is the world’s most renowned showcase for new data on cancer drugs (Ramsey 2017).

It’s Moneyball Medicine in action.
The challenges Turner and Weinberg ran into getting Flatiron up and running highlight some 

of the systemic inefficiencies and IT-related barriers that plague all aspects of healthcare (see the 
sidebar Creating Internet Technology Solutions for the New Healthcare Environment). As Weinberg 
points out, in some ways, IT and healthcare are like oil and water. Overcoming that disparity 
is going to be one of the major challenges in creating a data-driven healthcare system. But it is 
unquestionably a trend with momentum.

SIDEBAR:  CREATING INTERNET TECHNOLOGY SOLUTIONS 
FOR THE NEW HEALTHCARE ENVIRONMENT
Zach Weinberg
Cofounder, Flatiron Health

After a year and half of field research, one of the first things Zach Weinberg and his partner 
Nat Turner realized about oncology was that “it was different from other fields in medi-
cine,” Weinberg says. Unlike when you have a headache, arthritis, or even knee surgery, 
“When you have cancer, your interaction with the medical system becomes pretty much 
continuous and intense. You also have lots of medical records, and one of your priorities 
is to get all those records together in one place and make sure your oncologist, more than 
anyone else, has access to them as soon as possible,” he explains (Weinberg 2017).

Weinberg and Turner set out to make oncology practices data-driven: creating a set of 
tools that would make practices more efficient and press the field forward faster.

The chasm between the IT world and healthcare is massive, however, as they quickly 
learned. “There are people on both the health and IT sides who have a certain amount 
of hubris,” he says. “They each think they know better.” Checking your ego at the door, 
he advises, is the best approach if you really want to succeed. It’s crucial to learn each 
other’s language and to admit when you do not understand something. “There is a reason 
you are not a doctor, and there is a reason a doctor is not a software engineer,” he says.

Founded in 2012, Flatiron today employs both those kinds of professionals. Weinberg 
is pleased that “a lot of our engineers spend time consulting our oncologists, and the 
doctors also feel comfortable going to the engineers and saying ‘Hey, could we do this?’”

Building the company wasn’t easy of course. Healthcare puts a priority on safety and 
privacy, and there have been few incentives to share clinical information or data. “Most 
of today’s EHRs don’t talk to each other,” Weinberg explains. That, however, created an 
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opportunity for companies such as Flatiron. “We addressed this problem by brute force,” 
he says. “We built a hub with spokes that pull all the data together.”

Today, Flatiron sells software to community oncology clinics. Those datasets produce the 
“real-world evidence” that is now so coveted for finding out what truly works in oncology.

To get that model off the ground, Flatiron’s team had to get buy-in from oncologists 
and researchers, many of whom are naturally skeptical and may have had brutal experi-
ences with software before. “A lot of times you could just see from their faces that they 
were not going to be convinced,” Weinberg says. “But I remember one guy who really 
got it. Within 30 minutes he was so excited, he was totally on board.” Those were the 
types of experiences that kept the team going.

Multiple tech companies have failed miserably in healthcare, including mammoths such as 
Microsoft and Google. “Many tech folks stumbled because they didn’t appreciate the reality 
of healthcare. They simply said ‘we can do better’ and dove in,” Weinberg says. “But today, 
we are seeing a merging of the disciplines in a way that is actually working.”

With plenty of clients and more than $328 million in financing, Flatiron has the kind 
of momentum other start-ups in this field aspire to.

Cancer happens to be a particularly fertile field for this type of disruption. On top of the oper-
ational aspects that impede optimal cancer treatments, the science is changing at an unbelievably 
fast pace. New findings in this field are emerging at a rapid rate, compounding the information 
gap between traditional treatments and newer methods that might be significant improvements 
over standard therapies.

In recent decades, survival rates have risen for many cancers. This is due, in part, to biomedical 
research that has shown that cancer tumors of the same type (e.g., breast cancer) can vary substantially 
(i.e., be molecularly heterogeneous) from person to person. Even a single tumor can vary in response to 
its microenvironment or by the expansion of subpopulations of cells with particular genomic mutations 
(Fluegen et al. 2017; Konrad et al. 2017). In response to this recognition, there has been a big surge in 
the number of therapies directed to specific molecular targets (e.g., HER2, KRAS, and BRAF).

This new way of treating cancers from its molecular profile instead of its organ of origin 
isn’t just a theory—the National Cancer Institute’s Molecular Analysis for Therapy Choice (NCI-
MATCH) Trial and other groups are already doing this (National Cancer Institute 2017c), and 
the FDA has approved the first drug that treats cancer with PD-1 mutations (Schattner 2017), 
regardless of tumor origin, as we’ll describe in greater detail in Chapter 3.

But this trend of structuring clinical trials using molecular profiling is in early stages. So many 
doctors still have little experience outside of their specialty and are unlikely to have data available 
to them about treatments that were initially targeted to other cancer types. Therefore, it’s possible 
that out of all the oncologists in the country, there are only a handful who have experience with 
a particular type of tumor and its mutations (Memorial Sloan Kettering Cancer Center 2011).

The fragmentation of data and hyperspecialization of doctors are what lead many patients to travel, 
sometimes great distances, to seek out an oncologist with particular expertise in their type of cancer. 
This growing emphasis on data is already changing cancer care and has the potential to influence a wide 
variety of noncancer disorders, such as chronic diseases like diabetes, as we will describe in Chapter 2.

In upcoming chapters, we will describe how physicians and hospitals are integrating this 
molecular and genomic information into patient care in a range of fields, how data have the 
potential to alter the research and care delivery workflows, and how the integration with technol-
ogy is transforming healthcare.
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Healthcare: Meet Digital
So why this trend, and why now? Analytics-intensive, evidence-based approaches have revolution-
ized dozens of other fields, including baseball (Lewis 2004), but things have been much slower in 
healthcare. Despite the tremendous amounts of data collected on patients (from routine physical 
exams to blood work performed before a surgery), concerns about privacy, heavy regulation, a 
longstanding culture of secrecy, and ultracompetitiveness have hamstrung the field.

Doctors and hospitals guarded patient records, price transparency was unheard of, and no one 
could agree on “fair” ways to measure quality. Additionally, researchers in public and private insti-
tutions also held on to most of their data, fearing that someone would use them to “scoop them.” 
The list of hurdles goes on and on. Though some of these issues are valid and others have largely 
been addressed in the past few years, some are just ways to protect the status quo.

Security of healthcare data remains a challenge for companies and healthcare providers, espe-
cially when data sharing would be useful. But the reasons for this have evolved over time. Jeroen 
Tas, chief innovation and strategy officer at Philips Healthcare, compares the healthcare industry 
to Internet banking. “Twenty years ago Internet banking was thought of as unsafe; now everyone 
does online banking and security isn’t such a big issue,” he says. “There is large-scale infrastructure 
in play that can do [authentication, identification] with a high level of security.”

Barrett Rollins, chief scientific officer of Dana-Farber, agrees: “[it’s] passed the tipping point 
where this is an engineering problem, not a conceptual problem.” Salient to the comparison is 
the ability to go to an ATM owned by any bank and retrieve money from your bank account. It’s 
unlikely that a physician would be able to pull up a patient’s medical record for procedures per-
formed at a different hospital in the same way—but this should be a manageable problem.

Neil de Crescenzo, president and CEO of Change Healthcare, says things that are taken for granted 
in other sectors are not possible currently in healthcare (see the sidebar Transforming Healthcare by 
Combining Data Streams). Although sharing data between healthcare providers has improved in the past 
several years, limited interoperability between EHRs and continued privacy concerns remain as barri-
ers that have largely been addressed in other industries, such as the mobile banking sector, as described 
above. And Tas notes, “[there’s] no such thing as 100%.” He continues, “[There will] always be those 
who don’t want to share their data, but in an emergency situation they are likely to change their minds.”

SIDEBAR:  TRANSFORMING HEALTHCARE 
BY COMBINING DATA STREAMS
Neil de Crescenzo, MBA
Chief Executive Office, President, and Director, Change Healthcare
Former Senior Vice President and General Manager, Oracle Global Health Sciences

“The healthcare enterprise is going to become oriented around data management, 
analytics, and data liquidity,” says Neil de Crescenzo, CEO and President of Change 
Healthcare (de Crescenzo 2017).  “To move forward, we need to learn from how data 
has transformed other industries.”

The first step, he says, is to translate as much data as possible into a digital format. 
“We’re making good progress in that direction, especially through the steady growth in 
electronic medical records. And that’s happening around the world,” de Crescenzo says.  
This is a key change that will drive the evolution of healthcare.

There are also new types of data, such as those from sensors and personal tracking 
devices. Further, sophisticated algorithms and analytics that were once accessible only 
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to highly specialized professionals can now be used by a much wider range of people.  
These analytics are also much faster. “People in genomic medicine, for example, are run-
ning queries in real time that once took 12 hours to run,” he explains. 

But the most important trends he sees are higher accuracy, utility, and liquidity of data.  
“We finally have the ability to take healthcare data from many sources, put it into a com-
mon form, and process it at multiple sites,” he says. “That’s going to be transformative.”

By definition, Big Data are huge volumes of data that are difficult to analyze. We’ve already 
reached that point with whole genome sequence data. Now we have to reach that point 
with other data types, including clinical data.  Ideally, there would be a standard clinical care 
document that would allow clinicians to pull specific data and share it between institutions. 

“We have made some progress toward that but that’s been much slower,” says de 
Crescenzo. The CommonWell Alliance, which includes some of the biggest IT providers 
in the healthcare industry, has devoted itself to such data exchange, or interoperability. 
But achieving that across the industry is taking much longer than anticipated.

There are a lot of things that are taken for granted in other sectors that are still far 
behind in healthcare. For example, everyone who sends a package expects tracking 
information. But for most patients, it’s impossible to determine which doctors they’ve 
seen in the last month, let alone in the last year. “That’s an enormous logistical challenge 
and it’s going to take a lot of work,” de Crescenzo says.

The overall idea is to digitize more data, make it more liquid, and use analytics to make 
it easier to track and analyze.  But that will be a big change in the healthcare sector, which 
until now has been all about privacy and secrecy. All that sensor data that are building up on 
patients’ personal trackers, for example, needs to start making its way into doctors’ offices. 
Meanwhile, more of the tools found mainly in medical settings, such as EKG monitors, need 
to get into patients’ homes. Then, the data from those devices need to be piped to physicians.

Another big change is around reimbursement, which will have a huge impact on all 
the players, including pharmaceutical companies and hospitals. For example, no one—
neither the doctor nor the drug company—is paid based on whether patients take the 
drugs they are prescribed or not. But compliance makes a big difference in whether 
people get better.  “As we shift to value-based care, there will be bigger incentives to 
make sure certain patients are getting optimal care, and following their doctors’ recom-
mendations,” de Crescenzo says.

Flatiron is just one of many start-ups, healthcare organizations, and other groups trying to use 
Big Data and sophisticated analytics to improve healthcare and take advantage of market oppor-
tunities (Kocher and Roberts 2014). New enterprises are developing products, such as Athena 
Health’s Epocrates medical reference app, that streamline processes that have long been too cum-
bersome. Others, such as PokitDok and Castlight Health, are helping to shed light on the cost and 
quality data that have been mostly shielded from most people’s view until recently (see Chapter 6). 
Still others, such as Health Catalyst, are developing software and other tools that can be shared 
across healthcare institutions and providers. Health Catalyst’s healthcare.ai is an open source 
repository for predictive algorithms, tools, and documentation that healthcare professionals can 
use to build models for diverse healthcare challenges, such as readmission for chronic obstructive 
pulmonary disease or central line-associated bloodstream infections (Mason 2016).

The healthcare insurance industry is similarly finding itself being transformed by Big Data, 
trying to keep their businesses relevant and viable in a fast-changing market (Marr 2015). Aetna’s 
CEO, Marc Bertolini, for example, has spoken openly about the company’s need to reconfigure 
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its business model. Aetna has been acquiring health IT companies and looking at ways to apply its 
experience in underwriting and other assets to the new landscape (Aetna 2014b; Markland 2014). 
“Aetna [now] views itself as a health IT company with an insurance component” one observer 
wrote (Chase 2012). Likewise, insurer Humana’s CMO Roy Beveridge, recently said that because 
of the rise in value-based care, “Sometimes I think we’re becoming more of a data analytics com-
pany than anything else” (Sweeney 2017a).

Even companies that haven’t been traditionally associated with healthcare are expanding into 
the healthcare market. Many of these are technology companies that are finding healthcare to be 
an extension of their evolving business models. Apple, known primarily for computers and cell 
phones, jumped into the field with its HealthKit app in 2014 (Bonnington 2014) and further 
expanded their presence by integrating biometric sensors and third-party fitness-related apps for 
their Apple Watch (Apple 2016; Wakabayashi 2016). Tech giant IBM has been asserting itself in 
healthcare with its Watson Health artificial intelligence solution, particularly for oncology (IBM 
Watson 2017) and genomics (IBM Watson 2016). Xerox, synonymous with copiers, is working to 
digitize the data, making it easier to share and analyze (Xerox 2016). All of these are addressed in 
later chapters.

Each of these organizations have one thing in common: They want to be at the forefront of the 
new higher-quality, more efficient, and more cost-effective data-driven healthcare system.

Investors are interested too. Since 2010, venture capitalists (VCs) have invested billions in the 
health IT market, with the public market and debt financings bringing total corporate funding 
alone to $12.4 billion (Mercom Capital Group 2015). Investment in this sector has been growing. 
Both 2014 and 2015 were record years, with VCs funding worth a total of $8.8 billion (Mom and 
Adams 2016). A Rock Health mid-2016 analysis found that year on pace with the previous two, 
belying expectations that growth would be flat or even lower. Flatiron was one of the companies 
that have scored big in the past several years, netting $313 million in funding by the end of the 
first half of 2016. Other winners included Jawbone and Health Catalyst, which had amassed 
$948 million and $223 million, respectively, by that time (Mom and Adams 2016).

But you don’t have to be a health IT start-up to benefit from this new emphasis on data. As we 
will try to describe, many sectors of the approximately $9.6 trillion global healthcare market are 
already being affected, and many more will be over time.

If the difference between evolution and revolution is the speed of change, then healthcare is now 
in the mode of revolutionary change. Medical information that was once kept on paper and rarely 
shared is now being stored electronically and can be widely dispersed. A broader range of data are 
being collected, including genomic and other biomarker data, prices for healthcare services, clinical 
trial results, failed experimental drugs, findings from microbiome research, and more.

Healthcare databases are also becoming interconnected and groups are beginning to combine 
and analyze data in more ways than ever before. For example, the Electronic Medical Records 
and Genomics (eMERGE) Network is a national organization of biorepositories linked to EHRs 
for large-scale genomic research (eMERGE Network 2017). This consortium is not only leverag-
ing massive amounts of both genomic and clinical data to look at disease, but it’s also using this 
information to investigate public health-related issues such as methicillin-resistant Staphylococcus 
aureus (MRSA) (Jackson et al. 2016) and how research subjects feel about consent and data shar-
ing (Smith et al. 2016).

Collecting the data is just the beginning—it’s the interpretation of the data and finding novel 
insights contained within that are changing the healthcare landscape. In our interview, Stan 
Norton, vice president and chief technology officer at UnitedHealth Group’s data analytics arm 
Humedica, said, “I think Big Data is an overloaded term in some ways. Because it’s not just that 
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the volume of data is bigger. We also have new data and totally new uses for it” (Norton 2017). 
This has led to big steps forward in how data are analyzed and protected, making it easier to gain 
real knowledge from data and to share it.

More databases are also open to public viewing, and innovators are beginning to find new uses 
for it. When the government began releasing Medicare claims data, for example, entrepreneurs began 
looking for ways to use those to help patients compare prices for healthcare. And the New England 
Journal of Medicine recently held a competition (NEJM Sprint Data Analysis Challenge) for research-
ers to discover a novel finding using a dataset from one of their recent publications (New England 
Journal of Medicine 2017). Furthermore, we have seen an explosion in technologies to collect data, 
such as mobile phone apps and wearables (e.g., fitness trackers). The global mobile health market alone 
has been forecasted to reach more than $49 billion by 2020 (Grand View Research 2015), and there is 
considerable interest in leveraging the vast amount of data collected by mobile devices.

Not only are we seeing big advances in science and IT, but also there is growing pressure to 
ensure that we are paying for quality in healthcare, not just quantity—a topic we delve into in 
Chapter 7. Over the next few years, decisions about everything, from which insurance company 
to choose to which treatment to use, will increasingly be based on data and their analysis. This is 
leading to tremendous disruption of the existing healthcare marketplace, as well as opportunities 
for innovators who can think fast and move quickly by creating new jobs and companies.

But it isn’t just about the disruption, as Othman Laraki, CEO of Color Genomics, cautions in a 
Recode Decode interview with Kara Swisher, “Those [companies] that focus on the disruption with-
out getting the science right… will be destroyed” (Swisher 2017). Diagnostics company Theranos is 
a recent case in point. Once thought to be a major disruptor to the laboratory testing industry by 
claiming to be able to run dozens of tests on a fingertip’s worth of blood, the company and its founder, 
Elizabeth Holmes, are now embroiled in legal battles and accusations of scientific fraud (Stockton 
2016). Companies that get both the science and the business right will be the winners in the competi-
tive healthcare technology landscape. In the end, if managed correctly, we’ll have achieved the triple 
aim of healthcare: a more efficient, higher-quality system that provides better outcomes at a lower cost.

We are already beginning to witness a big change in how technology is used in healthcare. 
Healthcare costs have reached a level that many do not think is sustainable (see the section Health 
Cost Crisis). Going forward, we’ll see a surge in the use of technology, such as remote monitoring 
and telemedicine (see the section Quantified Self ), and greater efficiencies in existing technolo-
gies, such as genomic sequencing machines, to drive down costs and improve outcomes. For less 
than the price of some imaging tests, patients might be able to have their entire genome ana-
lyzed. Going well beyond the long-ballyhooed $1,000 genome, genetic sequencing giant Illumina 
recently announced a new sequencer that could usher in the $100 genome—putting this vast 
amount of data in the hands of more patients and doctors (Business Wire 2017). What does this 
mean for the average person and their healthcare provider? More information that can help deter-
mine how best to manage clinical care is being delivered to both the patient and their healthcare 
providers. But the implications of the technology-driven data deluge extend far beyond the walls 
of the exam room to areas such as the organization of health systems and drug development.

Health Cost Crisis
New pressure to cut costs is a major factor influencing healthcare today. Modern medicine has 
made astonishing progress. But unlike other industries, where new technology often lowers 
prices, healthcare prices and costs have continued to rise, and typically at rates higher than overall 
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inflation. Expensive new treatments and imaging machines have helped propel the worldwide 
healthcare market to an estimated $9.59 trillion (Pricewaterhouse Cooper 2015). According to the 
World Bank’s data from 2014, health costs account for more than 9.9% of gross domestic product 
(GDP) globally and are higher than 10% in 25 countries already (World Bank 2017). The United 
States spent a whopping 17.1% of GDP on healthcare (World Bank 2017). Although the rise of 
healthcare costs has slowed a little since 2014, overall global healthcare costs are expected to keep 
rising steadily (Organisation for Economic Co-operation and Development [OECD] 2017).

There are also substantial waste and inefficiencies in healthcare—factors that could be cost-
ing the United States $1 trillion (Sahni et al. 2015). This includes costs related to overtreatment 
and unnecessary treatments, bloated administrative infrastructures, fraud, and overspending that 
result from an inability to effectively shop for the best price (Sahni et al. 2015). And where other 
industries have embraced continuous improvement models, where processes are measured so that 
they can be made more efficient, healthcare has only recently begun to adopt that mindset.

If there is as much unnecessary and poor quality care in the system as has been reported, there’s 
also considerable room for improvement (Redberg 2011; Institute of Medicine of the National 
Academies 2012; National Academies 2012). Leveraging claims data is one way to identify areas of 
overspending or inappropriate treatment, and several companies are working on that. But health 
benefits consultant and coauthor of Cracking Health Costs Tom Emerick told us that many compa-
nies aren’t using these data wisely. Basing quality of care on claims data can be misleading, he says, 
since you can’t tell if the diagnosis was accurate or if the treatment failed. A recent NEJM Catalyst 
survey of physicians and healthcare executives concurred, finding that respondents believe claims 
data will be less valuable in the next 5 years, whereas patient-generated and genomic data will 
become more important (Compton-Phillips and NEJM Catalyst 2017). But how insurers could 
integrate nonclaims data into their reimbursement processes is unclear.

Unsustainable healthcare costs are spurring many more governments, insurers, employers, and 
individuals worldwide to seek cost-effective alternatives—or simply skip obtaining care at all. A 
recent Gallup poll found that 31% of Americans surveyed had put off medical care because of 
costs (Dugan 2017). Many U.S. health plans now have limited networks (which exclude certain 
doctors and hospitals), and deductibles are in the thousands of dollars. As a result, many more 
patients are delaying or skipping recommended care, which can lead to sicker patients and more 
expensive care needed by the time patients actually seek out medical treatment (American College 
of Physicians 2016; The Commonwealth Fund 2016; Wharam et al. 2017).

Taxpayers, meanwhile, are footing a larger and larger bill. Medicaid and Medicare are strain-
ing state and federal budgets, and costs for healthcare for prisoners, who are not typically eligible 
for federal healthcare programs, are also ballooning in some states (Pew Charitable Trusts 2014; 
Andrews 2015; Centers for Medicare & Medicaid Services 2017c). These problems aren’t relegated 
only to the United States. In the United Kingdom, for example, healthcare councils are removing 
some expensive drugs off of formularies in an attempt to reduce costs, leading some patients and 
doctors to complain about rationing (Cooper 2015).

If patients are skipping care or can’t get coverage for a particular facility, that’s lost revenue for 
those doctors and hospitals, and can lead to more expensive care when the patient eventually seeks 
medical help. As the number of patients with high-deductible health plans doubled from 2009 to 
2012 (when the total was almost 20%), hospitals reported an increase in bad debt (Hancock 2013). 
But price-conscious patients who seek out price and quality information often find themselves 
stymied by a lack of data, as we’ll describe in Chapter 6.

Cost consciousness has further encouraged a marked emphasis on quality and demonstrable 
improvement in patient outcomes. Hospitals are now increasingly graded (and penalized) by insurers 
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based on their abilities to prevent a variety of problems, from hospital-acquired infections and surgi-
cal complications to readmissions within 30 days of hospital discharge, so they have a vested interest 
to create programs that will enable them to reach the right metrics. Physicians are being asked to take 
on more financial risk for their role in keeping patients healthier through quality payment programs 
that require them to submit performance outcomes for their patients (Department of Health & 
Human Services 2017a). But for metrics that aren’t assessed or directly tied to payment, institutions 
and providers have little incentive to shift practices to performance-based models, particularly if the 
cost savings will be passed on to third-party payers. In Chapter 7, we’ll describe how data are already 
transforming the move to value-based healthcare and what is next to come.

Quantified Self
Consumers have seen how technology and data have changed user relationships to other indus-
tries, like banking, and are starting to demand similar improvements in healthcare. In many ways, 
says Anil Jain, senior vice president and chief medical officer for Explorys, an IBM company, the 
patients are the ones driving the real change—an observation shared by several of the leaders we 
interviewed for this book. One new and rising trend: the increasing role of wearable devices.

Unlike what you might think, the wearable trend isn’t driven solely by the younger generation. 
Evidation Health is a healthcare technology company that partners with companies to develop 
and analyze wearable devices and the digital biomarkers they generate (see Chapter 10). Christine 
Lemke, cofounder and president of Evidation, found, based on more than 1 million patients in 
their database, that the younger crowd adopts wearables more quickly, although they may lose 
interest and move on to the next thing; whereas the older crowd is slower to take up a wearable 
device, but will eventually stick with it. Each device can yield millions, billions, or even more data 
points on a single individual over time. Incorporating the massive amounts of data collected by 
these devices into EHRs will be challenging, and turning the data into something meaningful for 
patient care will require a variety of individuals, from engaged physicians to data scientists who 
can transform the raw data into actionable insights.

The partnership between medical device manufacturer Medtronic and fitness wearable com-
pany Fitbit exemplifies the opportunities wearable devices bring to healthcare. In the United States, 
there are nearly 30 million patients with type 2 diabetes. Medtronic’s continuous blood glucose 
monitoring systems can give physicians important data about the control a patient has over their 
glucose levels, while Fitbits can automatically track a patient’s physical activity. Bringing the two 
pieces together through a mobile phone app, the iPro2 myLog, “provides new tools and insights, 
so that physicians can optimize therapy and patients can better understand how to manage their 
diabetes,” said Medtronic vice president Laura Stoltenberg in a press release (Medtronic 2016).

Physical activity information from a wearable that can be combined with other types of health data, 
like blood glucose monitoring, isn’t the only area where data from a device will transform healthcare. 
Consider patients who take certain medications, such as warfarin, a blood thinner, and require periodic 
blood tests. A late 2016 report by Deloitte U.K. Centre for Health Solutions on the challenges facing 
primary care physicians in the National Health Service (United Kingdom) highlighted Health Call, 
a partnership between Inhealthcare Limited and County Durham and Darlington NHS Foundation 
Trust (DeloitteUK 2017). Through Health Call, patients self-monitor and submit test results through 
on online portal or via telephone; clinical nurse specialists determine the appropriate warfarin dosage 
and inform the patients if their dose needs to change and when another test is required. This type of 
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remote monitoring has the potential to increase medication adherence and prevent complications if 
adverse events can be identified at an early stage or even before they occur.

Looking Forward
There is unquestionably going to be increasing demand for more standardization and optimization 
in healthcare. Doctors are typically very autonomous and usually base treatment decisions on their 
own experience. Some experts believe that’s one of the key reasons we have so much variation in 
how medicine is practiced in this country. But price and quality vary for treatments and proce-
dures, so it can be challenging for physicians to select the one with the best value. Standardization 
will benefit healthcare if the optimal practice (best outcomes for the highest quality and lowest 
cost) becomes the standard. Policy makers and others have long called for more standardization of 
healthcare, better measurement of outcomes, and an emphasis on value—not volume or price—to 
reduce health costs (Miller 2009; Institute of Medicine of the National Academies 2012). If the 
goal is more research into what treatments work best, more sharing of patient information to get 
solid answers, and better measurement of whether or not patients are getting the best outcomes, 
data analytics and sharing of data is the key to helping us get there.

As these changes are introduced, the healthcare landscape will change. Some healthcare pro-
fessionals will see their autonomy eroded as clinical decision support mechanisms and data ana-
lytics transform how medicine is practiced. Others will see their responsibilities expanded, such 
as computer scientists and health data scientists. These are positions that, until recently, were 
relegated to academic institutions (or nonexistent), but are increasingly a part of many health sys-
tems. New job roles will be developed in the upcoming years to accommodate the integration of 
data with patient care. Physicians will find their patients are increasingly data-conscious and will 
have to have mechanisms to include this information in clinical care. Clinical support staff, such 
as advanced practice nurses, physician assistants, and health coaches, may find their responsibili-
ties continue to grow, providing an opportunity for physicians to focus on more complex cases. 
Major sectors of healthcare, including hospitals, pharmaceutical companies, and insurers, will 
need to reshape their business models to thrive or risk being left behind.

As we will describe in the upcoming chapters, here are some key trends we are beginning to 
see transform healthcare:

◾◾ The growing use of databases, artificial intelligence, and new technologies to find genetic 
mutations underlying birth defects, cancers, and extremely rare conditions otherwise very 
difficult to diagnose.

◾◾ Patients becoming ever more active participants in healthcare, using social media to find 
others with similar disorders and spurring research into their own conditions using publicly 
available data and crowdsourcing sites.

◾◾ More hospital systems comparing their outcomes against those of their competitors, dis-
cerning which treatments work best, and identifying what the best practices are to pre-
vent medical crises. Hospitals will increasingly evaluate the efficiency of all their employees, 
including physicians, as they adopt quality improvement strategies that have been used by 
other industries.

◾◾ Patients increasingly comparing prices and the quality of different doctors and medical 
facilities via online databases, leading to more competition by providers for these consumers.
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◾◾ Growing use of artificial intelligence systems with specialized software to help diagnose 
conditions and recommend treatment options. These solutions will be able to sift through 
reams of data, such as images or lab results—they’ll “know” far more than any doctor can.

◾◾ Pharmaceutical companies collaborating with hospitals to see how well their products are 
actually working in the “real world,” where they are used on many more patients than in 
clinical trials. Pharma will also be using Big Data and digital health applications to select 
and evaluate new drug targets as well as influence patients.

◾◾ Technology advances, combined with data, allowing patients to access high-quality care at 
lower prices outside of the traditional medical establishments.

These are just some of the key ways in which the data revolution is reshaping healthcare. 
MoneyBall Medicine is already here. That’s why so many entrepreneurs are flocking to healthcare now 
and founding companies that offer completely new ways of delivering care (such as retail clinics and 
remote monitoring), providing information about cost and quality, and giving guidance on how to 
purchase health insurance. The swiftest and smartest entrepreneurs will find the most powerful ways 
to use the data and help their organizations thrive in this new environment. And these innovators are 
not just coming from inside existing healthcare or information technology companies. Be prepared to 
see more commercial spinoffs from academia and a greater number of nontraditional companies seek-
ing a place in the healthcare industry (see the section Healthcare: Meet Digital earlier in this chapter).

The volume and quality of data available and their accessibility is also going to keep improving. After 
the U.S. government pumped $19.5 billion into EHR adoption in 2009 with the Health Information 
Technology for Economic and Clinical Health (HITECH) Act, the health IT industry surged, and 
private and public investment followed. As noted earlier, hospital adoption of EHR systems has grown 
more than fivefold since 2008 (Charles, Gabriel, and Furukawa 2014). By 2014, 75.5% of hospitals 
had a basic EHR system that met the program’s specifications (Charles, Gabriel, and Furukawa 2014).

These statistics can also be misleading without considering the wide variation from state to state. 
For example, although five states had more than 90% meeting the requirement, 25 states were below 
the average. Fewer than half (49.6%) of West Virginia’s hospitals met even the basic EHR threshold 
(Charles, Gabriel, and Furukawa 2014). By 2013, about 78% of doctors’ offices, meanwhile, had 
some type of EHR system, and just under 50% of those systems were considered basic (Centers for 
Disease Control and Prevention 2017a). Expect to see more states improve their hospital and provider 
utilization of EHRs to help minimize duplication of care, improve communication between differ-
ent providers, and collect patient data that can be leveraged to improve care on a population level.

Although EHR utilization has increased substantially, most of those systems still can’t—or just 
don’t—share information. Part of this is due to a lack of a common standards. Think of the situation 
with EHRs like the relationship between cell phone service providers and cell phone manufacturers. 
With cell phones, no matter who you obtain service from, you can still make phone calls and com-
municate with people who have different carriers or devices. But there are differences in the techno-
logical platforms that can make transferring your data from one provider to another (i.e., buying a 
new type of phone or switching to a different service carrier) more difficult. Just like with cell phone 
technologies, no matter which EHR system a health system uses, it can collect basic health infor-
mation and is required to have the ability to export some components of this information. But true 
sharing of data across these EHR systems doesn’t often occur. This is a major problem for patients 
who move from one health system to another or who need to share records between doctors, like the 
cousin of Flatiron Health’s Nat Turner, who was described at the beginning of this chapter.

In addition, much of healthcare is structured as silos, meaning patients typically don’t have a 
“medical home” that serves as their point of contact for all healthcare interactions, from primary 
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care providers to specialists and institutions (Patient-Centered Primary Care Collaborative 2017). 
Instead, the average patient might see an internist once a year for a physical and routine blood-
work, a cardiologist every 6 months for their previous heart attack, a dermatologist for a yearly 
check for skin cancer, and a gastroenterologist to manage their Crohn’s disease. If these providers 
aren’t all in the same hospital system or physician network, there’s a good chance that what hap-
pens at one physician’s office doesn’t get fully communicated to the others, from treatment plans 
to medication decisions. Providers don’t get any financial benefit by helping their patients take 
their data to another provider, and it’s unclear how value-based payments for physicians will take 
improved patient outcomes that involve multiple specialists into consideration.

Some providers, third-party payers, and entrepreneurial software companies are starting to 
embrace what they call “interoperability” as the easy electronic sharing of health data (Aetna 2016). This 
means being able to have a patient’s primary care records, hospital records, even prescription history 
shared between all healthcare providers who care for the patient. Health systems like Geisinger are 
leading the way. Geisinger and xG Health Solutions developed an app for rheumatologists that was 
able to transfer patient data between Geisinger’s Epic EHR and the Cerner EHR framework using 
Health Level 7 standards (Monegain 2014). Eventually, being able to transfer health information 
seamlessly with other healthcare facilities is going to become a competitive advantage, and technol-
ogy such as blockchain (see Chapter 10) will play a large role in making this happen.

Since much of the change will be driven by mergers and acquisitions, companies will need 
to have quality and cost data available, at least to investors, for deals to take place and to make 
it possible for new partners to share data. As we will present in later chapters, there’s a misalign-
ment between hospital/provider incentives and those of insurers. Right now, third-party payers 
reap almost 90% of the financial benefits of EHRs and process initiatives designed to improve 
patient outcomes while lowering costs—not the health systems that pay millions to implement 
them (Palabindala, Pamarthy, and Jonnalagadda 2016). The imbalance between who is paying 
and who is benefitting is sure to shift as hospitals’ and providers’ reimbursements are increasingly 
tied to patient outcomes. As a result, software and processes that help them reduce complications 
and preventable readmission rates, more efficiently manage patients with chronic diseases, and 
choose the most cost-effective treatments will be in demand. Health systems and providers that 
leverage their patient data will have a competitive advantage compared to facilities and physicians 
that don’t. Learning how to gather those data and get the most out of analyzing them will prepare 
them for the new cost-and-quality transparent healthcare system.

In this landscape of big changes and rapid innovation, the United States has the opportunity 
to lead the world by encouraging the types of tools, services, and processes that all countries need.

Just as other industries have been transformed by data, software, and business process improve-
ment methods including Six Sigma, Agile, and Lean, this is healthcare’s moment to breakthrough 
and adopt truly modern operating practices. However, big obstacles still stand in the way. As 
noted, many providers are still wary of data sharing, and there are substantial technical difficulties 
to making that happen. Building big databases, getting good use out of them, and linking them 
is currently hard to do and usually expensive. We have made tremendous advances, and with the 
combination of more pressure to reduce costs and the new tools, a data-driven health system that 
drives toward better outcomes is well within our reach. The changes happening within the health 
system to move toward value-based care, reduce health costs, and improve health outcomes for 
patients are starting to take hold—but how far these initiatives will go and how fast it happens 
will depend on our willingness to collect the data, perform the analysis, and transform current 
processes based on those insights. Welcome to Moneyball Medicine.
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Chapter 2

Precision Medicine, 
Data-Driven Diagnosis 
and Treatment

Precision medicine is about how to have care that is personalized for an individual and 
match the right patients to the right care, getting decisions correct and individually 
optimal.

Zeeshan Syed
Clinical Associate Professor at Stanford University School of Medicine (Siwicki 2017)

In 2014, after 5-year-old Korei Parker developed some unusual bruising and bleeding of her gums, 
her mother took her to nearby St. Jude Children’s Research Hospital for tests and discovered Korei 
was suffering from severe acquired aplastic anemia—a noncancerous condition in which the body 
doesn’t produce enough red blood cells and leaves patients prone to infections. Treatments for 
aplastic anemia include antibiotics, antivirals, and antifungal drugs to keep the patient infection-
free. Korei was initially treated with the antifungal medication, voriconazole, but doctors found 
she metabolized the drug too quickly. “She took adult dosages, and it didn’t seem to do anything 
for her,” her mother said in an interview with Scientific American (Maron 2016).

But Korei was at St. Jude, where doctors have been performing genetic testing for variants 
that could impact how a patient metabolizes certain medications for all new patients since 2011. 
These tests look for variants that might predict whether a patient will respond to a drug or if they 
are at risk for an adverse event (negative side effect from the medication). Thanks to the genetic 
testing, doctors were able to prescribe an alternate medication that relied on a different biological 
mechanism to be metabolized, one not affected by the variants in Korei’s genome, and the child 
remained infection-free (Maron 2016).

Dan Roden, senior vice president for Personalized Medicine at Vanderbilt University Medical 
Center, has said, “The era of precision medicine is upon us” (Maron 2016). As we will describe 
in this chapter and the next, implementing precision medicine in a clinical setting relies on both 
the analysis of enormous quantities of data and the ability to gain meaningful insights from those 
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results. Those data can come from lab tests, gadgets, public databases, or electronic records; but 
the goal is to give a precise diagnosis, based on all the patient’s individual characteristics. (Note: 
Precision medicine is also often referred to as personalized medicine.) For some patients, this can 
mean being prescribed a different medication dose or even a different drug from most people with 
the same condition, based on their genetic background. For others, it can mean the condition is 
diagnosed before the patient exhibits noticeable symptoms, and in time for preventive medication 
or other interventions to take effect. From pharmacogenomics to imaging, new discoveries are 
moving from the research lab to the patient’s bedside, and all of it is being driven by Moneyball 
Medicine—reaching optimal performance at the most reasonable cost.

Precision medicine has been estimated to be a market worth about $40 billion currently, and 
is expected to exceed $87 billion by 2023, according to a recent forecast (Global Market Insights 
Inc. 2017). It encompasses treatment-guiding testing in a range of conditions, with oncology 
currently accounting for more than 30% of the market, and is steadily expanding into new indi-
cations. Will the established dominant companies, such as Roche, keep a tight rein on this bur-
geoning field? Or will upstarts disrupt the market with new innovations? That’s the Moneyball 
question for precision medicine.

Precision Medicine: Welcome to the N-of-1
The term “precision medicine” is somewhat of a contradiction. At its core, precision medicine 
is about treating a patient based on their individual biological and environmental risk factors. 
And though most doctors will say they have always treated patients individually, patient man-
agement has generally started with what tends to work for most people with a certain condition. 
For example, patients who need a blood thinner will often be prescribed warfarin or clopidogrel. 
Taken at the precise dose the patient needs, these medications can prevent blood clots, which can 
be a complication of some cardiac surgeries. If the dose is too low, a clot can form and the patient 
can suffer a stroke. But if the dose is too high, the patient may have uncontrolled bleeding. Getting 
to a drug dosing algorithm, or risk prediction for a disease, requires a great many patients whose 
clinical data are analyzed. In short, precision medicine for the patient depends on the results from 
studies in large populations.

Historically, doctors have relied on readily available patient measurements, such as weight, sex, 
race, or ethnicity, and characteristics such as whether the patient smokes or has certain comorbidi-
ties, to set the dose for many drugs. The patient’s initial dose would be based on these measure-
ments, then tweaked or changed if they failed to respond to therapy or suffered an adverse event 
or complication. Depending on the drug and the patient, reaching the right dose could take some 
time, leaving the patient at risk of complications from too little or too much medication in the 
interim.

For the past several years, institutions such as St. Jude and Vanderbilt have integrated genomic 
information with clinical management for patients such as Korei, including those undergoing 
certain cardiac procedures, and patients with cancer, as we’ll describe in the next chapter. Instead 
of relying solely on algorithms designed for the average patient, physicians are now attempting 
to personalize treatment based on patients’ genomes, proteomes—even their microbiomes. You 
could say that treating a patient with precision medicine begins to approximate a clinical trial with 
a sample size n=1.

But getting to the point where physicians can successfully treat patients with precision medi-
cine requires incredibly large datasets to make the connections between biological mechanisms, 
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patient characteristics, and genomic variation. There also has to be the technical infrastructure 
to enable this type of treatment, from physicians’ knowledge of the right genomic test to order, 
to ordering the test, through getting the results in an interpretable format back to the physician. 
These are not inconsequential challenges. Though there are numerous success stories such as Korei 
Parker’s, there has also been substantial hype about the capabilities of precision medicine and 
genomic medicine. In particular, that they not only cure cancer but public health problems like 
cardiovascular disease, stroke, and diabetes (Husten 2015).

These datasets can be comprised of a great many individuals with a few data points each, or a 
smaller number of patients, each with many data points. This is because it’s usually not sufficient 
to perform a study in a few dozen patients if the condition is common, the environmental expo-
sure is widespread, or the genetic variant is extremely common in the population. You might need 
thousands of patients. For imaging studies, where MRI data are evaluated, there may be fewer 
subjects, but each may have thousands, or even millions, of individual data points. These complex 
datasets and the studies that are performed with them form the basis for precision medicine. From 
cancer, to drug response, to the best practices for patients with diabetes or obesity; Big Data and 
the rapidly evolving tools to mine and visualize the data make it possible.

As we mentioned in Chapter 1, most providers and medical systems have traditionally kept their 
patients’ health data private. In our interview, Eric Topol, genomic medicine researcher at the Scripps 
Research Institute, explained, “A lot of data has been gathered by sequencing cancer genomes, but it 
is not properly aggregated yet. The holdup isn’t necessarily the analytics, it’s the willingness of differ-
ent centers to work together and administrative hurdles such as Institutional Review Boards (IRBs), 
privacy, etc.” (Topol 2017). And this problem isn’t specific to cancer research.

Recognition that this fragmentation of data has hindered patient care, research, and preci-
sion medicine initiatives has been the impetus for many organizations to combine data through 
data-sharing agreements and groups. Increasingly, researchers are looking for ways to put clinical 
data to use without compromising patient privacy (see the sidebar The Next Frontier—Marrying 
Clinical and Research Data).

The eMERGE Network, described in Chapter 1 (see the section Healthcare: Meet Digital ) is just 
one of many academic consortia that have been created to address this problem. By pooling their 
data, participating institutions are able to perform studies on significantly bigger patient popula-
tions. These large studies have been used for a number of genomic studies in the last several years, 
supporting precision medicine initiatives. And this type of collaboration across academic institu-
tions extends beyond genomics, investigating public health and other epidemiologic concerns.

SIDEBAR:  THE NEXT FRONTIER—MARRYING 
CLINICAL AND RESEARCH DATA
Keith Elliston, PhD
President and CEO, The tranSMART Foundation

Many experts now believe patient clinical data are the bonanza of the future. Combining 
that with the biological kind gathered by researchers can, they say, create synergies that 
will move medicine forward by leaps and bounds. That nexus of data are expected to 
fuel the next great wave of medical research.

“The most untapped resource in medical science today is the data from billions of 
patients interacting with the healthcare system,” says Keith Elliston, president and CEO of 
The tranSMART Foundation, a nonprofit, research collaboration engine in our interview 
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(Elliston 2017). But high hurdles exist to accessing clinical data. For one thing, there are major 
privacy concerns and many regulations against sharing information about patients. Those who 
hold this type of data are also very protective of it. They are concerned someone else may 
lure their patients away or exploit for profit the data that has been so painstakingly collected.

Finally, interoperable software systems are needed to combine data from mul-
tiple sources, analyze, and then share it. Those are just some of the barriers faced by 
groups such as tranSMART—a unique foundation that provides members with access 
to fully developed, open-source, IT platforms and public data for translational research. 
Contributors submit tools to tranSMART and its community then tests and optimizes 
them. Some of the most recent features on the site are a SmartR plugin (from ITTM/
University of Luxembourg/eTRIKS), genomics-based cohort selection (Janssen), GWAS 
enhancements (Pfizer), and XNAT image database integration (Imperial College London 
and Erasmus Medical Center). Some tools also connect users to other popular data 
sources. For example, one workflow links to the Qiagen Ingenuity Pathway Analysis.

As it grows, tranSMART hopes to advance data sharing and analytics to promote 
precision medicine. The group’s 19 member organizations include academic groups, 
nonprofits, and commercial drug developers. They all have access to the site’s tools and 
public data tranSMART has collected, but members can also use these tools to analyze 
their proprietary data as well.

“We have a lot of data at tranSMART to share already,” explains Elliston. Many of 
the group’s members are also handling large amounts of proprietary data. Pfizer alone, 
for example, has data from 140 clinical trials in their tranSMART system, he says. The 
National Cancer Institute (NCI) also has data from numerous studies, including a Cancer 
Genome Atlas project that included several thousand patients; those data are available to 
other researchers as long as they register on the site.

“The challenges to data-sharing are sociological, political, and economic,” explains 
Elliston. But the benefits are so huge, it’s imperative to keep working on this problem. 
He points to recent results from the National Health and Nutrition Examination Survey, 
which is a population survey led by the Centers for Disease Control and Prevention 
(CDC) (see Patel et al. 2016a). They have released over 255 files with data from four 
surveys, which involved almost 42,000 patients and more than 1,100 variables. Those 
variables included phenotype and environmental information, as well as demographic 
information and details from physical exams and lab results.

“Data resources like this,” Elliston believes, “will show the true potential of precision 
medicine. One major challenge has been making it possible for those with clinical data 
to actually merge their information with others. Too many different software systems are 
usually involved. tranSMART is working closely with one particular platform, the i2b2 
(Informatics for Integrating Biology and the Bedside) system. We think this can be the 
platform of the future for integrating clinical and research data,” he says (Elliston 2017).

While academic collaborations have been tremendously successful, the federal government 
is also taking steps to mine its data for precision medicine purposes. There are nearly 9 million 
patients currently enrolled in the U.S. Department of Veterans Affairs (VA) healthcare system 
(National Center for Veterans Analysis and Statistics 2016). The VA database contains more than 
30 petabytes (1 petabyte=1 million gigabytes) of data from more than 2 decades of patient 
care—longitudinal information that would be impossible to collect due to the large number of 
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patients and cost associated with collecting data. It’s one of the reasons the VA database is so 
incredibly valuable as a resource for clinical research and precision medicine.

The VA has demonstrated a commitment to leveraging its massive amount of patient data 
through a recent partnership with Flow Health, a technology company that works with companies 
to mine their data and perform complex analytics using a variety of techniques such as cognitive 
computing. The goal of the collaboration is to develop a knowledge map for patient management, 
using Flow Health’s data analytics capabilities to enable the VA to use precision medicine (HIT 
Consultant 2016). Although the data will be de-identified for researchers, it is hoped that it will 
ultimately inform clinical practices in the future for patients, for diagnosis and treatment of dis-
ease (FlowHealth 2017).

While the VA-Flow Health partnership is still in early stages, a collaboration between AliveCor 
and the Mayo Clinic demonstrate how leveraging large datasets of health data can change patient 
management. AliveCor is a provider of an FDA-cleared mobile electrocardiogram (ECG) technol-
ogy, delivered on a mobile platform (smartphone) (AliveCor 2017). Using the Mayo Clinic data 
with AliveCor’s deep learning techniques, the goal of the partnership was to uncover additional 
clinical (non-heart-related) information in 10 million ECG readings (Attia et al. 2016).

Their study demonstrated how advanced analyses from massive amounts of electrocardiogram 
data can be used to track potassium levels in patients with cardiovascular and/or kidney disease 
who are undergoing hemodialysis. Maintaining normal potassium levels is difficult in this popula-
tion, and potentially life-threatening changes can occur without warning.

Doctors were able to predict potassium levels with low error (~10% of measured blood potas-
sium) using data from the noninvasive ECG, with or without a baseline blood test (Attia et al. 2016).

In addition to personalizing each patient’s predicted potassium level, the combined data from 
the patients allowed the doctors to develop a model that could be used for all patients based on 
T wave characteristics from the ECG. The implications are that this method may allow doctors or 
nurse practitioners to remotely monitor potassium levels in patients undergoing dialysis, which has 
substantial clinical significance and may prevent negative outcomes from unexpected abnormal 
potassium levels (Attia et al. 2016).

Not only has the partnership between Mayo Clinic and AliveCor supported precision medi-
cine for patients (i.e., prediction of potassium levels), the technology has the potential to reduce 
costs and improve patient care, since patients can be monitored remotely through the AliveCor 
device and smartphone software. The 10 million ECG readings and other large datasets will be the 
key to future precision medicine initiatives.

Assistant in the Exam Room
It’s impossible for physicians today to stay current on all of the emerging research in a field. Although 
the Internet has made dissemination of research from across the world easier, there’s simply too 
much data to assess, too many new articles, and clinical trials recruiting patients from far-flung 
locations. Furthermore, in resource-scarce areas, these challenges may be compounded by a lack of 
specialists to interpret the highly technical information. That’s why there is substantial interest in 
the use of artificial intelligence (AI) and cognitive computing, data analytics, and integrated bio
informatics to help physicians make sense of it all.

This is certainly the case for clinical decision support systems (CDS). At their core, CDSs use 
analytics to provide information that a doctor can use to guide evidence-based patient manage-
ment. (Note: Evidence-based medicine is defined as the incorporation of systematic research into 



20  ◾  MoneyBall Medicine

the provider’s clinical decision-making process [Sackett and Rosenberg 1995].) These systems can 
be the link between the mountains of scientific evidence that accrue yearly and the doctor, help-
ing them stay up-to-date on relevant management guidelines and recommendations. While indi-
vidual health systems can develop and implement their own CDS, there are commercial entities, 
such as the clinical decision support resource UpToDate, that can be used as well. For example, 
a physician in Alaska credited UpToDate with helping him determine the correct diagnosis for 
a patient with an unusual presentation of a rare disorder, and identify current management and 
treatment recommendations for the disease (Wolters Kluwer 2017).

A recent retrospective study evaluated the use of a CDS to identify patients with sepsis or sys-
temic inflammatory response syndrome (SIRS) (Amland and Hahn-Cover 2016). Patients with 
sepsis or SIRS are at substantial risk of septic shock, multiorgan failure, and death, if they are not 
appropriately treated in a timely manner. But identifying these at-risk patients has traditionally 
relied on physicians’ capacity to recognize a variety of symptoms that together suggest sepsis/
SIRS, but independently may result from other disorders. Certain hospital departments (e.g., 
intensive care, emergency departments), where patients were known to be at risk, sometimes had 
sepsis screening tools that combined multiple factors into risk scores that enabled early diagnosis. 
However, patients outside of these departments could also be at risk, and in absence of an auto-
matic screening tool, might be less likely to receive an early diagnosis and treatment.

In the study by Amland and colleagues, a sepsis CDS was implemented within an electronic 
health record (EHR) system at multiple hospitals. As patient characteristics (e.g., heart rate, tem-
perature) and lab values (e.g., white blood cell count) were input in the EHR, the CDS would send 
an alert when a certain threshold of risk factors was met. Approximately 25% of the alerts were in 
patients identified by the CDS before the physician suspected or recognized sepsis/SIRS, leading 
to diagnostic testing and treatment. The study’s authors admit the technical challenges of design-
ing and implementing a CDS, but note the “powerful impact” of the CDS to identify sepsis/SIRS 
in patients (Amland and Hahn-Cover 2016).

CDS can take many forms and can be separate from or overlaid on an existing EHR system and 
some EHRs are building CDS into their platforms. For many conditions, particularly those with a 
genetic basis, advances in technology have led to a significant upswing in published data, making 
it difficult for providers to keep up with the latest research (Masic, Miokovic, and Muhamedagic 
2008). This makes an automatic CDS, such as UpToDate (described above) or other software inte-
grated with an EHR that aggregates and extracts key findings from medical studies so important 
for clinical care and the adherence to evidence-based medicine and guidelines.

For example, Avhana Health, a start-up, developed a CDS that informs the doctor which 
clinical guidelines apply to specific patients (Baum 2015). It does this by extracting the patient’s 
medical record from the EHR through their proprietary interface, analyzing the record to deter-
mine which clinical guidelines are applicable, and returning that information to the physician. 
The Avhana CDS works in concert with the physician, who selects which guidelines they want to 
follow, and doesn’t replace professional judgment (Baum 2015).

Community Medical Centers in Fresno, California, have used a CDS from ZynxHealth to 
provide nurses and doctors access to medical research, so they can make evidence-based deci-
sions for patient care (McCarthy 2016). The ZynxHealth CDS works with Community Medical 
Centers’ Epic EHR system and doctors can create customized, evidence-based care templates that 
the medical system can use across providers (McCarthy 2016). These templates can ensure that 
patients are treated consistently, no matter which doctor they see.

It’s not difficult to imagine how a CDS can save money, reduce unnecessary procedures, and 
help doctors keep patients on track—in short, CDS can be an integral component of value-based 
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care (see Chapter 7). Just imagine the average patient going to their doctor for an annual exam. 
Based on their recent bloodwork and prior history, the CDS might alert the physician to specific 
interventions they could recommend to the patient. For patients with chronic diseases, like diabe-
tes or heart disease, the CDS might analyze the control the patient has over their disease or alert 
the physician if the patient has failed to have regular labs drawn. And as we’ll describe in the next 
section, CDS can even prevent the patient from having a negative reaction to a medication, by 
warning the physician about other medications the patient takes or a genetic variant that influ-
ences how a drug works.

This is precisely what ActiveHealth Management, a subsidiary of Aetna, has done with its 
CareEngine CDS technology. In a retrospective study of more than 130,000 health plan mem-
bers, emergency room visits and hospital admissions were reduced by 8% and there was a savings 
of $8.02 per covered member per month when CareEngine was used. Additionally, out of 13 mea-
sured quality benchmarks, more than half improved with use of the CareEngine CDS (Vemireddy 
2014). Over all of its customers in the past decade, the CareEngine CDS has saved over $8 billion 
(ActiveHealth Management 2017).

Though precise definitions for AI (deep learning and cognitive computing) are still debated, 
a broad definition of AI, “the science of making computers do things that require intelligence 
when done by humans” that encompasses “learning, reasoning, problem-solving, perception, 
and language-understanding” will be used in this book (Copeland 2000) (see Chapter 10). This 
broad definition is applicable to both self-learning systems that require no human interaction 
and to technologies that use advanced computer science techniques like data-mining and pattern 
recognition that require input and training from humans. Some experts believe the healthcare 
sector for AI could be worth more than $6 billion by 2021, creating a lot of interest among 
entrepreneurs and existing biotech companies, who would like to grab some of that market share 
(Captain 2016).

Radiology and imaging are two areas where AI is beginning to make headway. A 2012 white 
paper by the Radiology Quality Institute described variable error rates based on the technology 
and condition ranging from less than 1% to more than 30% and disagreements between physi-
cians was similarly variable (Radiology Quality Institute 2012). DeepMind, Alphabet’s AI for 
healthcare, IBM’s Watson, and other AI/cognitive learning systems are taking patient images and 
coming up with a likely diagnosis—sometimes beating the doctor’s diagnosis for accuracy.

For example, DeepMind was trained to identify diabetic retinopathy and diabetic macular 
edema, both complications of diabetes (Gulshan et al. 2016). Diabetic retinopathy is a disease 
caused by blocked blood vessels in the eye, resulting in visual deterioration and, if untreated, 
blindness (Knight 2016). Patients may be in the early stages of the disease, when it is treatable, 
without any noticeable symptoms, making early diagnosis through retinal imaging so important. 
Using more than 128,000 retinal images, researchers trained DeepMind to recognize the disor-
ders from healthy eyes, then tested its performance in nearly 5,000 patients who were evaluated by 
a panel of board-certified ophthalmologists (Gulshan et al. 2016). DeepMind performed as well 
as the panel at detecting diabetic retinopathy and diabetic macular edema, making it especially 
valuable in low-resource settings where a specialist may not be available (Knight 2016).

Philips’ radiology solution, Illumeo, aims to reduce time for diagnosis through integration and 
analysis of patient data. Illumeo, described as “adaptive intelligence” is designed with evidence-
based practices in mind: the system can alert physicians to pertinent, built-in guidelines and 
give context to imaging studies with patient-level data, such as problem lists or laboratory results 
(Philips 2017). These have the potential to standardize care across radiology departments and 
improve patient care (Jha and Topol 2016; Philips 2017).
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A recent editorial published in the Journal of the American Medical Association makes the case 
for using AI in radiology for “cognitively simple tasks” like “screening for lung cancer on CT” 
or “to confirm that support lines are in proper position” (Jha and Topol 2016). Christoph Wald 
agrees that AI technology, such as IBM Watson Health, has huge potential. Wald is the chairman 
of the Department of Radiology at Lahey Hospital and Medical Center. “In radiology there are 
tasks that are repetitive or require certain challenging perceptive and information integration, 
these might be done better by a machine assisting the radiologist. But we’re 5–10 years away 
from very robust and potentially FDA approved [AI systems],” he said in an interview with us. 
“Developing AI technology that produces meaningful results will require close collaboration of 
computer scientists with clinicians to help them define meaningful use cases and clinically useful 
output parameters” (Wald 2017).

Although Wald doesn’t envision AI technology making a sizeable impact on clinical care for 
several years, there is emerging evidence to suggest the benefits will be seen sooner, rather than 
later. In January 2017, Arterys was granted FDA 510(k) clearance for its cloud-based AI platform 
(Marr 2017). The company’s Cardio DL imaging solution provides doctors with an accurate repre-
sentation of cardiac ventricular function in an average of 15 seconds, far faster than the 30 minutes 
to 1 hour that a human takes to do the same assessment (Marr 2017). Getting FDA clearance for 
AI-enabled technology may be easier for companies in the upcoming years: The FDA released 
guidance documents in 2016 pertaining to digital health and recently announced the formation 
of a new center at the FDA dedicated to the oversight and coordination of digital health devices 
(including AI-enabled software) (Graham 2016a; Molteni 2017).

As promising as these solutions are, the ultimate goal of using AI and advanced analytics 
doesn’t appear to be replacing doctors, but rather to work with them to improve patient care. 
William Morris, associate chief information officer of the Cleveland Clinic has said that cognitive 
computing systems, such as Watson, are “there to augment the clinical thought process, not to 
replace it” (Kuhrt 2017a).

IBM Watson Health’s general manager Deborah DiSanzo believes AI technology will improve 
radiologists’ efficiency. She has said her company’s offering can prioritize images for radiologists 
to view, identifying those with nothing to see and putting those with concerning features first. 
With the ability to analyze existing data that may be available in a patient’s EHR, Watson can also 
provide meaningful context to the radiologist reading the images (Parmar 2017).

Clearly, CDS and AI/cognitive computing technology has the potential to pass on substantial 
savings to medical facilities and to improve outcomes for patients themselves—key components 
of value-based care. If a patient can be more accurately (or more quickly) diagnosed because the 
CDS can use pattern matching to fit the patient’s symptoms to a disorder, or a physician can follow 
a customized algorithm to assign treatments to patients, unnecessary medical procedures can be 
minimized, lowering the risks and harm associated with overtreatment or the wrong treatment. 
And evidence-based clinical guidelines may be more likely to be followed, if doctors and patients 
are reminded of their applicability at the point of contact.

Pharmacogenetics: Avoiding the Risks, 
Maximizing the Benefits of Drugs
According to the CDC, nearly a quarter of Americans ages 45–64, and almost half of those 65 
and older, take statins to reduce their cholesterol and lower their risk of heart attack (National 
Center for Health Statistics 2016). Lovastatin was the first commercially available statin, approved 
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by the FDA in 1987 (Endo 2010). Initially, Lovastatin and the other statins that followed, seemed 
to be miracle drugs, reducing LDL levels and the frequency of heart attacks by more than 25% 
(Scandinavian Simvastatin Survival Study Group 1994; Shepherd et al. 1995).

But in the early 2000s, reports of severe adverse reactions and even deaths began to make 
news. An 82-year-old Kansas woman died following a chronic muscle disease caused by her statin 
(Brody 2002). In clinical trials, only about 1% of the patients developed elevated liver enzymes 
and about 0.1% developed severe muscle pain (Tuller 2004). But with millions of people taking 
statins, real-world evidence suggests these complications and others may be more common than 
initially thought (Fernandez et al. 2011), and there remains controversy over the use of statin 
therapy for patients in specific risk categories to prevent cardiovascular events (Ganda and Mitri 
2016; Honore et al. 2017).

Growing awareness of statin-induced complications coincided with technological advances 
in genomic sequencing. Clinical researchers began to investigate whether individual variants in 
a patient’s genome could be responsible for whether or not they developed complications from 
taking statins and other drugs, a new field of research called “pharmacogenetics” or “pharma-
cogenomics.” Genomic variants involved in the absorption, digestion, excretion, or metabolism of 
various drugs can be tested in a single blood draw, and if a variant is found, doctors can choose to 
alter the dose of a drug or select another medication entirely. More than 100 drugs, from cancer 
therapies to statins to medications used for depression, whose actions are influenced by genomic 
factors are listed on the FDA’s Table of Pharmacogenomic Biomarkers in Drug Labeling (Center 
for Drug Evaluation and Research and U.S. Food and Drug Administration 2017).

Patients at medical centers around the country, like Korei Parker, who was described at the 
beginning of this chapter, sometimes find that pharmacogenomic tests offer crucial informa-
tion for their treatment. At Vanderbilt University Medical Center, for example, the PREDICT 
(Pharmacogenomic Resource for Enhanced Decisions in Care & Treatment) program tests 
patients who are considered at risk for needing certain drugs, such as statins (Vanderbilt 
University Medical Center 2017). Stanford Health Care’s Center for Personalized Wellness 
offers pharmacogenomic analysis for some drug therapies (Stanford Health Care 2017). St. Jude 
Children’s Research Hospital has been testing new patients for potential drug interactions for 
several years.

But the challenge of pharmacogenomics isn’t simply identifying which variants affect a drug’s 
performance—it’s developing the patient management guideline and implementing it in the 
clinic. Mayo Clinic published a study recently describing their implementation of pharmacoge-
nomics testing. CDS alerts were developed for the health system’s EHR for 18 drug-gene interac-
tions. Although the study’s authors reported 100% adherence to the initiative, there were some 
lengthy delays and several points of concern, such as the need to develop educational resources for 
physicians, noted throughout the process (Caraballo et al. 2016; St. Sauver et al. 2016).

The Clinical Pharmacogenetics Implementation Consortium (CPIC) is trying to solve these 
problems. With dozens of members from healthcare organizations, industries, and outside 
observers, CPIC has developed more than 30 clinical guidelines to help physicians choose the 
right dose for a patient, based in part on the patient’s genetic background.

With the drug simvastatin, for example, statin-induced myopathy (muscle pain) can occur at 
lower doses for patients who have a C variant at a particular location in the gene SLCO1B1, so doc-
tors are recommended to start patients on a lower than typical dose or to switch to another drug 
completely if the lower dose isn’t effective (Ramsey et al. 2014). And abacavir, an antiretroviral 
drug for patients who have HIV, isn’t recommended if they have a particular variant in the gene 
HLA-B due to severe side effects (Martin et al. 2014).
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Once a guideline has been developed, it still needs to make it into routine clinical practice. 
This means the treating doctor has to be aware of the guideline and how the recommendations 
impact drug selection or dose for each patient. Seamless CDS integration of the guidelines and 
dosing algorithms with providers’ EHR systems can make this happen, but it also requires that the 
genomic testing be done ahead of time and the results of those tests be analyzed, stored securely, 
and structured in a way that makes the interpretation simple for the provider.

At each of these steps, there’s tremendous opportunity for entrepreneurs and existing compa-
nies to create solutions for these problems. Although many drugs now have labeling guidelines 
encouraging or requiring genomic testing be performed prior to prescribing, doctors may not 
always have that information at hand when the patient is in their office. With electronic pre-
scribing becoming the norm in medical centers and doctors’ offices across the country, a CDS 
integrated into the EHR system could alert physicians at the point of contact, allowing them to 
order the corresponding genomic test or review the patient’s results before selecting a medication 
or dose. Some EHR developers and software companies are beginning to meet these challenges.

YouScript, a software developed by technology company Genelex, uses complex analytics on 
patient data, including their genetic information and medications they may be taking, to assess the 
risk for adverse events (YouScript 2017). EHRs such as Epic and AllScripts have adopted YouScript 
to use over their EHR platforms (Pallardy 2016; YouScript 2017). There’s evidence that this approach 
may not only prevent adverse events, but positively impact downstream outcomes as well. Several 
research studies have been performed testing the performance of YouScript in various patient popu-
lations. Overall, pharmacogenomic testing combined with the YouScript CDS, in patients 65 years 
old and older, led to reductions in emergency room visits, hospitalizations, and overall cost of care 
compared to patients who were untested (Brixner et al. 2016). A more recent prospective trial of 
patients ages 50 and older taking multiple medications found similar results (Elliott et al. 2017).

Where medical centers should store large quantities of genomic data generated from pharma-
cogenomic testing is unclear, since it needs to be readily accessible by clinicians at point-of-care 
to be useful, and there are multiple issues related to data access, patient privacy, and physician 
adoption that are still being investigated. Eric Topol, the genomic researcher we spoke with (see 
the section Precision Medicine: Welcome to the N-of-1), highlights the continuing challenge in col-
lecting pharmacogenomics data and disseminating the information to clinicians. “How will new 
data, or greater quantities of it, impact more common conditions such as cardiovascular disease?” 
he asks. “We know, for example, that every single drug used for heart disease has some type of 
pharmacogenomic effect. But many such effects are still unknown. Can we build a data set that 
encompasses all the sequence variants that impact these drugs effects?” (Topol 2017).

With increasing emphasis on evidence- and value-based care, pharmacogenomic tests that can 
prevent adverse side effects (and improve medication compliance) are likely to gain greater accep-
tance in the future. The FDA approval of the cancer drug pembrolizumab (Keytruda) (described 
more fully in the next chapter) is a game changer for pharmacogenetics testing. By approving a 
drug based on a patient’s genetic mutation, rather than for a specific indication, such as colorectal 
cancer, the FDA has opened the door on the potential for pharma to develop similar, targeted 
treatments for a variety of noncancer conditions.

CRISPR: A Breakthrough Technology
There is a notable method that has the potential to dramatically change the way we think about 
genetic diseases: CRISPR (short for Clustered Regularly Interspaced Short Palindromic Repeats). 
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CRISPR are a defense mechanism for bacteria against viruses. Much like how the human immune 
system can recognize previous viruses or bacteria after vaccination, bacteria use CRISPR to detect 
and destroy viruses. This finding was published in 2007 in Science (Barrangou et al. 2007). 
CRISPR is the natural next step in the precision medicine paradigm: moving from identifying 
genomic variants to fixing them.

Six years later, scientists developed a way to turn this bacterial defense mechanism into a gene 
editing machine in human and mouse cells (Cong et al. 2013). What is groundbreaking about the 
CRISPR method is its specificity—scientists can excise a genomic mutation with incredible accu-
racy and without undesirable off-target effects, something that wasn’t really possible with earlier 
gene editing methods (Broad Institute 2017). Some genetic disorders, like sickle cell anemia that 
is caused by a single nucleotide base change, could become a thing of the past—if researchers can 
translate promising cell and animal studies into human trials.

The potential applications of CRISPR have not gone unnoticed by entrepreneurs who have 
launched numerous start-ups using this technology. Three of these start-ups have made the deci-
sion to go public. In February 2016, Massachusetts-based Editas Medicine raised $94.4 million 
in an initial public offering (IPO) of stock. Months later, another Massachusetts start-up, Intellia 
Therapeutics, topped $100 million with its IPO and in October 2016, Switzerland-based CRISPR 
Therapeutics raised $56 million with its IPO (Adams 2016).

These companies have attracted the attention and financial backing of several pharmaceutical 
companies for their programs. As we describe in Chapter 8, pharma is developing both traditional 
and nontraditional partnerships in order to move potential treatments through the development 
pipeline more quickly and to obtain licensing agreements when new treatments come to market. 
CRISPR Therapeutics has a joint venture with Bayer for its severe combined immunodeficiency 
and hemophilia programs and collaborations with Vertex for three additional programs (CRISPR 
Therapeutics 2017). Intellia is working with Regeneron and Novartis on three of its programs 
(Intellia Therapeutics 2017) while Juno Therapeutics has the commercial rights to Editas’ gene 
editing of T cells for cancer treatment program (Editas Medicine 2017).

For these companies and others using CRISPR gene editing, the race is on to deliver a therapy 
in the clinic. Recently, Editas presented data at the American Society of Gene & Cell Therapy 
conference demonstrating the use of their CRISPR platform in a nonhuman primate model of 
inherited retinal disease (Boye et al. 2017) and for ß-Hemoglobinopathies (Gori 2017). Intellia 
Therapeutics is poised to start nonhuman primate studies for transthyretin amyloidosis and ani-
mal model studies for hepatitis B (Intellia Therapeutics 2017).

How does CRISPR play into Moneyball Medicine? First, the success of CRISPR for any disor-
der relies on the accurate identification and characterization of genetic variants. Here is where Big 
Data and accessible databases of variant information are essential. Second, if and when the pro-
grams move from clinical trials to market launch, studies will have to be done to assess the impact 
on patient outcomes and determine the value of these treatments. Clearly, a technology that has 
the potential to permanently cure diseases, such as sickle cell anemia or hemophilia, will be enor-
mously valuable. As with any treatment, putting a dollar figure on potential cost savings will be 
challenging. In the meantime, opportunities are growing for those looking to use this technology.

Public Health in the Precision Medicine Era
As we described in the beginning of this chapter, precision medicine uses the information obtained 
through research studies on large populations and applies it to an individual patient. But it’s not 
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just single patients who can benefit from precision medicine—it also has the potential to change 
the direction of clinical research, health policy, and guidelines for patient management at the 
population level. This is one of the points made in April 2016 by Muin Khoury, Director of the 
Office of Public Health Genomics at the CDC, and we’ll present several examples in this chapter 
and the next to show how it is starting to be implemented (Khoury 2016).

Cardiovascular disease is one area of focus where Big Data and advanced analytics are start-
ing to change how doctors treat patients and identify those who may be at risk. Public health 
experts and epidemiologists are also using this information to create new health policies, geared 
toward the population as a whole. Because cardiovascular disease is so common, very large study 
populations are needed to identify genetic and environmental risk factors or to assess the benefits 
and risks of interventions. But developing a research program to evaluate tens of thousands, or 
even hundreds of thousands, of patients is not only extremely costly, but also time consuming 
and operationally challenging. Even after the research has been done, those discoveries still have 
to make it into the clinic where they can be assessed on a great many patients in yet more studies 
before being integrated into clinical management guidelines or healthcare policy.

This is where Big Data and techniques like machine learning and AI can make a difference. 
Guidelines rely on the interpretation of published scientific studies, proprietary information 
from pharma and other company databases, and the expert opinion of clinicians. Incorporating 
“grey literature,” such as conference proceedings or government reports, and real-world evi-
dence could further improve adherence to guidelines. But the current process of moving from 
research to clinical practice is lengthy, averaging 17 years (Morris, Wooding, and Grant 2011), 
presenting an opportunity for cognitive computing methods to comb through databases and 
analyze the data more quickly, in turn supporting value-based care through rapid assessment 
of treatments.

The American Heart Association (AHA) is partnering with pharmaceutical giant Astra Zeneca 
and multiple research institutions, including Intermountain Medical Center Heart Institute, the 
Duke Clinical Research Institute, and the Stanford Cardiovascular Institute, to create the AHA 
Precision Medicine Platform (Versel 2016; American Heart Association 2017). One unusual 
aspect about this venture is that the data repository will be hosted in the cloud by Amazon. This 
arrangement will ensure all participants have access to the data, which can be a challenge in large 
research studies where study sites may have different EHRs. (We’ve already discussed in Chapter 1 
how interoperability between EHR systems is rudimentary at best.) Additionally, data storage 
limits are minimized by using cloud technology. Through analysis of the combined clinical data, 
researchers hope to hasten the research process to identify risk factors and potential treatments for 
cardiovascular disease (American Heart Association 2017).

Tech giant IBM and the Cleveland Clinic are developing a transition plan for health systems 
to transition to value-based care and population health in a new 5-year partnership (Landi 2016). 
As with the AHA Precision Medicine Platform, the IBM-Cleveland Clinic agreement will leverage 
clinical data in the EHR. In addition, claims data and information about patients’ social deter-
minants of health (e.g., income, education) will also be used to help researchers identify evidence-
based population health strategies (Landi 2016).

With chronic diseases such as type 2 diabetes and cardiovascular disease becoming a more 
pressing issue, it’s not surprising that some doctors and researchers are attempting to leverage 
powerful data analytic techniques to improve patient outcomes (see the sidebar Data Analytics 
for Patient Management). Patients with these and other chronic disorders often suffer from other 
comorbidities. But clinical management guidelines don’t always take into account these other 
disorders or explicitly provide guidance for how a guideline might need to change in response to 
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specific comorbidities or even medications the patient might be taking. This creates an opportu-
nity for an AI-based clinical decision support system to analyze a patient’s medical record and give 
the doctor management recommendations personalized for the patient.

SIDEBAR:  DATA ANALYTICS FOR PATIENT MANAGEMENT
Michael Liebman, PhD
Managing Director and Cofounder, IPQ Analytics

“Technology generates a lot of data, and that can drive a lot of business development,” said Michael 
Liebman when we spoke with him, but the key question is “What should I do if the patient has X 
disease?” (Liebman 2017)

Liebman is the Managing Director of IPQ Analytics, and his company is focused on 
answering that question using data and analytics. Their approach involves working “back 
from the clinical side” to get an optimal diagnosis, no matter how many conditions 
(i.e., comorbidities) the patient suffers from. In addition, patients all have a range of risk 
factors as well, and some may be more compliant with their medication regimens than 
others. All these factors can influence the patient’s response to treatment.

That also means any one study is rife with confounding variables. Was it the aver-
age age of the patients, their comorbidities, their compliance, or something else that 
led to variation in outcomes? IPQ Analytics tries to answer such questions by “Building 
a unified model of disease processes and implementing it into an ontology that can be 
applied across multiple diseases,” Liebman says. In short, it’s a way to take all that into 
account, but still be able to analyze the data you have on hand.

For one study, the group analyzed data from the National Health Service (Italy) in 
collaboration with their National Research Council on patients with diabetes and high 
blood pressure to help to evaluate the level of patient complexity. Liebman’s group found 
that the average patient had five or more comorbidities. That meant clinical presentation 
varied dramatically from patient to patient. What’s more, the patients were taking a range 
of different drugs, which makes coming up with guidelines that much more difficult.

One striking finding was that physicians creating prescribing guidelines for diabetes 
and high blood pressure were not taking into account all those possible comorbidities. 
“Guidelines are typically developed around the ‘ideal’ patient, and not what is real,” says 
Liebman. Further, most physicians don’t even prescribe based on guidelines, they rely 
on their own experience. “If I’m treating you for cancer, that’s my focus, not your other 
problems, although I try to consider them,” he explains.

Liebman points out that there is a big emphasis on precision medicine now, but he 
sees proper diagnosis as a lynchpin for that approach. “You need the right diagnosis to 
prescribe the right medicine,” he points out. And that requires understanding all of the 
conditions that may be impacting a patient’s health at any one time. “Certainly, if you 
sequence some part of a tumor, you will find genes that are related to its growth and 
spread,” Liebman says. “Unfortunately, at this point that doesn’t generalize as well as we 
wish it did. There are still a lot of individual differences.”

IPQ Analytics is currently working on heart failure, hematologic cancers, breast can-
cer, liver cancer, and human papillomavirus. “I think the core problem is how thorough 
was the diagnosis,” Liebman says. Without knowing all the factors that can impact the 
patient’s health, a primary diagnosis isn’t enough.
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Further, he wants to see this approach become standard in medical practice and in 
medical training. “We’re not helping medical students if we just tell them how to diag-
nose disease X or Y,” he says. “We need to expose them to the broader description and 
help them understand how different factors impact each other.”

AI-enabled and cognitive computing solutions such as IBM’s Watson and Alphabet’s 
DeepMind are garnering a lot of publicity for their potential to diagnose patients with rare disor-
ders and fly through vast amounts of imaging data faster than their human counterparts. But to 
relegate these and other cognitive computing systems to radiology or oncology (see Chapter 10), is 
to underestimate their potential uses for highly prevalent diseases, such as heart disease, diabetic 
retinopathy, or asthma. Arterys’ Cardio DL AI-enabled platform to characterize cardiac ventricle 
performance, is a case in point. Although determining how best to incorporate these solutions 
into the clinical workflow is still being studied, the enormous potential of this technology and 
the growing number of successful studies suggest it will substantially transform the practice of 
medicine and public health in the future.

Quest for 10,000 Steps per Day
Over the past few years, one of the biggest healthcare trends has been wearable activity trackers 
and other biosensors. In the past, specialty manufacturers, such as Garmin and Polar, catered to 
serious athletes with their devices, many of which measured heart rate in addition to distance, 
pace, or other activity variables. Instead of elite athletes, Garmin, Polar, Fitbit, Leaf, and others 
are targeting the average consumer. Many more people are becoming interested in tracking their 
daily steps, weight, nutrition, vital signs, and other health-related characteristics. As a result, the 
market for wearable devices has exploded in the past years and is expected to reach $34 billion by 
2020 (Lamkin 2017).

The data captured by wearable devices and their connected mobile apps and websites is sub-
stantial and is starting to produce evidence it’s also clinically valuable.

For example, a 42-year-old New Jersey man with no previous history of heart problems landed 
in the emergency department after a seizure. Doctors found he had an irregular heartbeat and the 
patient was successfully medicated. Despite the drugs, the patient continued to suffer from atrial 
fibrillation, a condition where the upper and lower chambers of the heart beat out of sync from 
one another. To determine the course of treatment, doctors needed to determine when the atrial 
fibrillation began, a difficult task for a condition that can be asymptomatic (Rudner et al. 2016). If 
the condition was newly onset and caused by the seizure, doctors could use electrical cardioversion 
to treat it. If the condition was chronic, that treatment could cause a stroke, but failing to treat it 
could have devastating consequences (Palladino 2016).

Using data collected from the patient’s Fitbit Charge HR activity tracker and its corresponding 
mobile app, doctors were able to identify the start of the atrial fibrillation. The patient underwent 
electrical cardioversion. Doctors then verified that the man’s activity tracker captured the change 
in heart rhythm consistent with the treatment (Rudner et al. 2016).

Similar stories have been widely publicized. After a nap following football practice, 17-year-
old high school athlete Paul Houle Jr.’s Apple Watch showed his heart rate remained more than 
double his normal average. Knowing his heart rate shouldn’t have still been that high after resting, 
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Houle went to the hospital. He was found to have rhabdomyolysis, a condition that can lead to 
multiorgan failure and death, if left untreated (Glance 2015; WCVB 2015). His family credits his 
watch with saving his life.

An 18-year-old U.K. student was alarmed when her Fitbit Surge showed her heart rate at 210 
beats per minute. Doctors later determined she had a previously undetected heart problem and 
could have died, had she not called for an ambulance when she did (Duffy and Mullin 2016). 
Australian journalist Garry Barker’s Apple Watch captured his irregular heartbeat, a condition 
that landed him in the hospital for atrial fibrillation treatment and a stent for a blocked artery—
conditions for which he had been previously asymptomatic (Barker 2015).

But smart watches and activity trackers aren’t the only wearable biosensors with the potential 
to change clinical care. Scientist Mike Snyder, from Stanford University, might well be called the 
poster child for the “narciss-ome” (Dennis 2012). This tongue-in-cheek nickname was bestowed 
after Snyder had his genome sequenced and collected an assortment of other molecular data over a 
14-month period. Although Snyder had no family history or other risk factors for type 2 diabetes, 
his genome indicated a predisposition.

What makes Snyder’s story so fascinating is that he watched the disease develop in real time 
by analyzing the data as he collected it. Following two viral infections and escalation of his blood 
glucose levels, Snyder was officially diagnosed with the disease, leading to lifestyle and dietary 
changes to manage his blood sugar levels (Chen et al. 2012).

Since the 2012 study that brought a certain level of notoriety to Snyder, his lab has continued 
to research technologies using a variety of “-omics” such as proteomics (analysis of proteins). With 
more and more people wearing Fitbits and using connected devices, such as scales, there is consid-
erable interest in exploiting the data these devices collect. One of his latest papers takes a look at 
wearable biosensors and the “physiome,” the collective physiological data, from patients (Li et al. 
2017). Snyder’s lab analyzed billions of individual data points from a small number of patients 
using devices that measured heart rate, temperature, sleeping patterns, even oxygen saturation. In 
addition to quantifying daily physiological patterns for each participant, data from the wearable 
devices was able to differentiate health status between them (Li et al. 2017). This study demon-
strates how wearable sensors also have the potential of accurately capturing a patient’s physical 
activity level, information that may be useful for both research and patient management.

Despite these and other examples, the use of wearable devices for research and clinical pur-
poses is far from established. Christine Lemke of Evidation Health says that there are several 
key barriers to making the data that comes from wearable devices useful in the medical setting. 
First and foremost is that doctors aren’t yet seeing the value in these data. Lemke notes there is 
too much noise in the data and physicians have few or no incentives to integrate the data into 
their practice. Doctors also want to see that the data are high quality and scientifically accurate, 
although Lemke says that this last point shouldn’t necessarily be an issue. Speaking with us she 
says, “you just need to capture the anomalies, you don’t need such precision. Anomalies and trends 
show up really well in the data. But doctors want to see validation studies and there aren’t any 
currently” (Lemke 2017).

Additionally, getting the “raw” data aren’t particularly helpful for patients or doctors. A mech-
anism that can translate the data files into something comprehensible is needed. For example, a 
raw data feed from a Garmin running watch might include instant speed, average speed, GPS 
coordinates, and heart rate, but not in any easily understandable format. A connected scale can 
keep track of multiple users in a household who weigh themselves at different intervals. Food and 
general exercise information can be input by a user into a website or mobile app, for example, 
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MyFitnessPal. But a raw data export from connected devices and biosensors might look just like 
lines of computer code or random characters. In either case, you need some sort of mechanism to 
“translate” the data and present it in a meaningful way—like graphs that show trends over time. 
Across many different types of devices and websites, this presents an opportunity for manufactur-
ers to “play nicely with others,” and some manufacturers are doing just that.

Apple’s Health app, which we described in Chapter 1, and the Apple Watch Activity app, are 
cases in point. In addition to data collected through the Apple device itself, both the Health app 
and the Activity app can share and import data to and from third parties. So, customers who 
are Nike+ runners will find that running a half-marathon or an intense weight-training session 
increases their target number of calories for the day in the nutrition tracking app, MyFitnessPal. 
Engaged and intrepid users of these devices and apps can also track sleep, body measurements, 
and lab values—over time creating a valuable health blueprint that could be useful for doctors to 
use in patient management.

From a technical standpoint, putting patient-derived information into an EHR isn’t necessar-
ily that difficult. Data from FDA-approved devices, such as blood glucose monitors and wireless 
blood pressure cuffs, are already being integrated into EHR systems. Making the jump from FDA-
approved devices to consumer-oriented ones is proving more challenging, but some healthcare 
organizations are moving in this direction.

Boston-area Partners HealthCare is one example. In 2013, Partners launched a program for 
patients to upload certain types of medical data into their EHR from devices at home, so patients 
like Sandra Rice, a 61-year-old woman with chronic hypertension, could send daily blood pres-
sure readings directly to her physician’s office (Sathian 2013). For some patients, these at-home 
measurements may be more reflective of their actual health, due to anxiety when they visit the 
doctor’s office. Joseph Kvedar, director of Partners’ Center for Connected Health, has indicated 
expansion of the program could include activity trackers such as pedometers or other mobile apps 
(Sathian 2013).

Technology company Glooko, developer of the Joslin Hypomap, is a company incorporating 
patient-derived data into EHRs. The Joslin Hypomap is a management system for patients with 
type 1 and type 2 diabetes that feeds glucose measurements from patient devices into physi-
cians’ EHR systems (Glooko 2017). In late 2014, Glooko added another feature to the Joslin 
Hypomap: the ability for patients to put in fitness activity from its mobile app or from third 
parties, such as Fitbit (Comstock 2014). Combined with nutrition data from Glooko’s database, 
the amalgamation of data can be useful to physicians and allow them to spot nutrition and/or 
exercise trends that influence blood glucose levels—helping them manage their patients more 
effectively.

The idea of physicians integrating patient-collected data (such as their activity levels) in clinical 
practice is something Jeroen Tas thinks could help keep people on track with their health goals 
throughout the year. His goal is to capture more data in real time and then provide continuous 
interpretation of those data. Instead of counseling a patient once a year based on results from 
their physical, doctors should be looking at data throughout the year, proactively reaching out to 
patients when they see concerning trends.

Continuous patient monitoring is already making its way into the inpatient setting (see the 
sidebar On Patient Monitoring). Philips recently received FDA clearance to use a single-use sensor 
with the IntelliVue Guardian to monitor heart rate and respiration. The IntelliVue Guardian can 
predict health crises, such as cardiac arrests, in high-acuity inpatients before they occur by iden-
tifying subtle changes to the patient’s vital signs. A pilot study at the Augusta (Georgia) Medical 
Center found the system reduced “predictable” codes by 88% (Versel 2017).
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SIDEBAR:  ON PATIENT MONITORING
Jeroen Tas
Chief Innovation and Strategy Officer, Philips

“Healthcare is not yet using the full potential of IT, compared to other industries such as finan-
cial systems, travel and other fields,” says Jeroen Tas in an interview with us (Tas 2017). “But 
there is tremendous need and opportunity for new health IT systems to change the way we man-
age our own health and we deliver healthcare to patients. IT that is designed for healthcare and 
strategically utilized can help us to move towards a more proactive and preventative approach.”

One of the many areas Philips is working on is patient monitoring. “Monitoring is going 
to become a key instrument in future healthcare,” Tas says. “We’ll be looking at how to 
use monitoring to optimize patient outcomes both inside and outside the hospital.” That 
will include using data, such as vital signs and other clinical information, and predictive 
analytics to support the care professional in deciding when is the right time to discharge 
a particular patient. “We need to prevent them from leaving and then being quickly 
re-hospitalized,” he explains. “Most patients are currently discharged with a treatment 
plan, but there is no continuous contact with the patient after they leave the hospital.”

Anyone with a chronic condition can benefit from such monitoring, and patients who 
have major events, such as heart surgery, will also have lifelong health issues.

“We are already market leaders in patient monitoring,” Tas says. “Now we want to extend 
remote monitoring services to people with chronic health issues.” The company’s monitoring 
devices allow real-time analysis of patient data and streaming of those data to the care team.

“You need the right intervention at the right time,” Tas says. A cardiologist, for exam-
ple, will want to see different data than some other specialist. That might include images 
as well as laboratory results. Clinicians will all be interested in how stringently a patient 
is complying with treatment plans and other things impacting their health. Is a complica-
tion unexpected, or is it predictable because of something happening in the patient’s life? 
Answers to that type of question can save lives, time, and money.

Case studies at Philips have already shown impressive results. Patient outcomes were 
improved, hospital visits reduced, and costs lowered in a group of patients with conges-
tive heart failure in the Netherlands, for example. Intensive monitoring of some Arizona-
based patients with multiple chronic diseases, meanwhile, helped cut back on events 
requiring hospitalization and helped improve patient self-management and quality of life.

“For me, the goal is a connected integrated healthcare system with the patient at its 
center,” Tas says. One major hurdle that remains is the fact that most medical data are still 
unstructured. “You usually get back a written report, not something that is data-oriented and 
has specific goals, nudges and ideas for where the patient needs coaching, for example.”

But the biggest thing holding up remote monitoring, according to Tas, is that it is very 
difficult to implement change, especially in well-established systems. “Ways of working 
in healthcare are rightly so based on the results from scientific studies and solutions are 
clinically validated. We need to build a strong evidence base where it comes to applying 
connected technologies and also validate new solutions. This doesn’t happen overnight. 
And if you have been doing something one way your whole life, it takes a lot of effort to 
move in another direction,” he says. “That’s why this shift will take a lot more work and 
require cocreation where all stakeholders work together. We are constantly working with 
clinical partners to make it happen.”
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Extending this type of technology for patients with chronic conditions who need intensive 
ambulatory care can be a way to keep them on track. Tas thinks that patient monitoring will 
become a service as physicians look to optimize patient outcomes, from treatment to length of 
stay, so patients are discharged at just the right time and don’t end up rehospitalized. He explains, 
right now, cardiac patients have a treatment plan for acute events, but no real mechanism for ongo-
ing patient monitoring after they are discharged. This monitoring has the potential to impact not 
just the individual patient, but also how we look at disease. Eric Topol says, “For much of health, 
we still don’t know what ‘normal’ really is. With blood pressure and blood glucose, for example, 
we’ve never before been able to do so much long-term, continuous monitoring. We’ll be redefining 
normal for many of these conditions” (Topol 2017).

This is where medical grade devices, telehealth, and patient monitors wrapped in consumer-
friendly packaging, will be the most useful. If someone has undergone heart surgery, has diabetes, 
or chronic obstructive pulmonary disease, Tas says, they will have issues for the rest of their life. 
But their physician can use patient-collected data to get a summary of their heart health and 
whether the patient is complying with the treatment plan outside of the hospital.

Beyond regular medical care, these devices also have the potential to change clinical trials. 
Patient-collected data can be inaccurate, particularly for things like medication compliance and 
fitness levels. In clinical trials, inaccurate information like this can compromise the study results 
(Breckenridge et al. 2017). But connected devices, such as Propeller Health’s sensor, can track 
when a patient takes their medication and having this type of data available to clinical trial staff 
could help ensure the integrity of the study results. As Christine Lemke notes, wearable devices 
aren’t yet collecting data for clinical trials. There’s uncertainty about the accuracy of some of the 
devices and how best to ensure the data doesn’t reduce study quality. Devices like Alphabet’s Verily 
(formerly Google Life Sciences) dedicated clinical trials watch may soon prove to settle some of the 
debate (Mack 2017c), as we explain further in Chapter 10, Digital Health.

What’s to Come
The quest for precision medicine isn’t just relegated to the realm of oncology. As we’ve described 
in this chapter, data analytics is transforming the patient–provider relationship and the assistant 
in the exam room isn’t a human—it’s a computer. This will have far-reaching impacts on both 
patients and providers. There are a few medical centers on the cutting edge of bioinformatics 
and precision medicine that are already starting to embrace data analytics to personalize patient 
management.

As more medical centers implement EHRs and link them to biobanks with genomic informa-
tion, increasing amounts of patient data will be available for large research and clinical projects 
and to develop algorithms that can be used to personalize medical care. But there remain sig-
nificant challenges limiting greater expansion of precision medicine at hospitals nationwide. At 
the forefront are problems related to data: minimal data sharing, too little of the right data being 
collected, and the most appropriate analysis to perform. These issues are not insurmountable and 
numerous stakeholders, from academics to entrepreneurs, are already tackling them. The federal 
government has taken data sharing further by requiring data (anonymized or de-identified) gen-
erated using federal grant money to be deposited into publicly available databases, for example, 
ClinVar and ClinGen (Messner et al. 2016).

This data boom isn’t going to be confined to information collected by a medical specialist, 
either. The role of wearable devices like fitness trackers and others used in telemedicine and other 
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remote patient monitoring will continue to grow. It will be up to providers and their medical sys-
tems to figure out how best to reduce the “noise” in these data and how to integrate it with more 
traditional types of medical information, or risk being left behind. Here again, existing boundar-
ies are being pushed as companies like Glooko work to show their devices add clinically useful 
information to patient management.

Probably the most disruptive technologies starting to make their way into healthcare are AI 
and cognitive computing platforms (see Chapter 10). For some specialists, such as radiologists, 
IBM Watson, Alphabet’s DeepMind, and others are beginning to show they are as accurate—or 
better—at analyzing imaging results than the doctors are. Philips’ Illumeo adaptive intelligence 
platform is helping radiologists reduce interobserver variability and add context to imaging stud-
ies (Philips 2017). In the case of Arterys’ Cardio DL, it is as accurate as doctors, but substantially 
faster (Marr 2017). So, rather than eliminating radiology or pathology positions, this is an oppor-
tunity to reshape what those practices entail. Mundane tasks could be relegated to the AI system 
and could be used to prioritize results, helping doctors become more efficient and freeing up time 
for them to spend on difficult cases. As these systems are used at more medical centers, there will 
be more data available to train and refine the software, and their diagnostic abilities will improve.

Earlier in the chapter, we recounted how Alphabet’s DeepMind AI was trained to recognize 
diabetic retinopathy and macular edema. We noted that this technology could be particularly 
useful in low resource settings, where telemedicine may be a patient’s only option to see a special-
ist. But consider what could happen if doctors used images from the same patients, but taken 
1, 5, or even 10 years before they received a diagnosis? With a large enough dataset, it’s possible 
that the AI system could recognize healthy eyes compared to ones that were likely to develop 
retinopathy or edema in the subsequent years. When the disorder has an effective treatment or 
there is preventive care to minimize its damage, early diagnosis can be essential. If the AI system 
could be paired with an app and smartphone camera, patients might be able to do a self-checkup 
at home, and have the app let them know it’s time to see a doctor, even before they may be notic-
ing any symptoms.

CDS, either stand-alone options or integrated within EHRs, will play a significant role in 
helping doctors stay at the forefront of research. Over time, this will increase the amount of care 
that is evidence-based, driven by scientific research from millions of patients. In the next chapter, 
we’ll describe how the field of oncology is already being dramatically transformed by precision 
medicine.
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Chapter 3

Personally Tailored 
Cancer Treatment

We have passed the tipping point where using Big Data in oncology is no longer a 
conceptual problem, but just an engineering challenge.

Barrett J. Rollins
Chief Scientific Officer, Dana-Farber Cancer Institute and Linde 

Family Professor of Medicine, Harvard Medical School, Boston

They were two cousins who spent “summers racing dirt bikes and Christmases at their grand-
mother’s on the coast” (Harmon 2010). But when Thomas McLaughlin and Brandon Ryan each 
developed a deadly type of skin cancer at about the same time, the two young men had very dif-
ferent experiences. A New York Times article told how McLaughlin received an experimental new 
drug specifically tailored to a mutation (BRAF ) found in both men’s melanoma tumors. Ryan 
didn’t.

These two young men’s fates illustrated how dramatically cancer treatment is changing, bring-
ing dozens of new treatments to patients and fueling a booming market.

The prognosis for a patient with metastatic melanoma in 2010 was grim, with a median sur-
vival of 8–18 months after diagnosis. The only FDA-approved chemotherapy at that time was 
dacarbazine, a treatment that elicited response rates of less than 15% and led to median overall 
survival of fewer than 8 months after the start of treatment (Chapman et al. 2011). In 2006, phar-
maceutical companies Roche and Plexxicon teamed up to develop and commercialize PLX4032—
an experimental melanoma treatment that targeted the BRAF V600E mutation (Roche 2006). 
Phase I and phase II clinical trials were promising, but a phase III trial was needed to determine 
whether the drug would actually improve survival compared to dacarbazine (Flaherty et al. 2010; 
Chapman et al. 2011).

This is where the paths of the two cousins tragically diverge. McLaughlin, with stage 4 cancer, 
was eligible first for the clinical trial, and able to take the experimental drug that targeted the 
specific BRAF mutation. Soon after he began treatment, he said his tumors began to “melt away.” 
Ryan, diagnosed with stage 3 melanoma, wasn’t initially eligible for the trial, which started by 
enrolling only the sickest patients. Months later, when his health had declined, he was randomized 
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to the control arm and given the standard chemotherapy, but died soon after. McLaughlin, still 
taking what he called the “superpills,” attended his less fortunate cousin’s funeral (Harmon 2010). 
A year later, the FDA approved vemurafenib (Zelboraf) for patients with advanced inoperable or 
metastatic melanoma who have the BRAF V600E mutation, on the basis of the clinical trials that 
demonstrated a lower risk of death and longer median overall survival compared to patients receiv-
ing chemotherapy (Roche 2011).

Metastatic glioma, a type of brain cancer, was the diagnosis given to Allison Schablein, right 
before her fifth birthday. Surgery could remove only one of the tumors and the chemotherapy 
she was given couldn’t prevent the remaining tumors from growing. But the Boston-area girl had 
a molecular profiling test done, a type of genomic testing, performed on the surgically removed 
tumor and the results helped doctors find a mutation (Hughes 2017).

The surprising part of their discovery? The mutation found in Allison’s tumor had also been 
found in adult patients with melanoma, a skin cancer, and there was already a successful drug 
therapy, Tafinlar (dabrafenib), used with that population.

But Allison’s doctors at Dana-Farber and Boston Children’s Hospital were hesitant—no pedi-
atric patients had ever taken that drug, and it was unclear if it would be successful in the young 
girl with brain cancer. However, the doctors offered her the treatment and Allison responded 
extremely well. After 8 weeks on the drug, her six remaining brain tumors had disappeared. Her 
experience ultimately paved the way for more than 100 other children to take the drug that was 
initially targeted for adults with melanoma (Hughes 2017).

Targeted cancer treatments like vemurafenib and dabrafenib have not only saved lives, they 
have fueled some of the biggest fields in medicine—oncology drug development and genomic 
testing. Today, this market encompasses dozens of fields, including targeted therapies, immuno-
oncology, cancer vaccines, precision diagnostics, biomarker databases, liquid biopsies, and more. 
Several of these fields already command multibillion dollar markets, while others are emerging 
and still face challenges. But it’s a combination of data and entrepreneurship that is fueling these 
markets and leading to newer ones to develop. It’s an era of rapid re-engineering in oncology today, 
creating new opportunities and new challenges as well. This chapter will explore these fields and 
how they are evolving from both a scientific and a business perspective.

New Paradigm for Cancer Treatment
Stories like Thomas McLaughlin’s and Allison’s were virtually unheard of until almost a decade 
ago and only recently has precision medicine become a common phrase in medical care. Although 
precision medicine can apply to any condition, it has made the most progress in oncology. It’s a 
welcomed change. Cancer is one of the fastest-rising diseases in the world. New diagnoses are 
expected to increase by 70% over the next 20 years, going from 14 million to 22 million, accord-
ing to the World Health Organization (World Health Organization 2017).

That in turn, has fueled tremendous market growth. Oncology has become one of the top 
moneymaking fields in medicine, raking in more than $100 billion per year, with more than 500 
companies in the field (IMS Health 2016). A whopping 800 cancer drugs and vaccines are in 
development (PhRMA 2015). The number of targeted drugs has surged, with more than 60 now 
approved along with 20 or so tests to guide choice of treatment (National Cancer Institute 2015; 
Abramson 2017). Because cancer is often deadly, many analysts believe treatments for the disease 
will continue to command high prices (Langreth and Koons 2015).
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In the past, oncologists treated patients based on what type of cancer (e.g., papillary vs. fol-
licular thyroid cancer) or its tissue of origin (e.g., breast, lung, bone) and how extensive it was. If 
a tumor could be surgically removed, it was, and then the patient might undergo radiation and/or 
medication (chemotherapy). Chemotherapy (chemo), however, is a blunt instrument designed to 
attack rapidly dividing cells. But it’s not just cancer cells that rapidly divide; hair follicles and 
cells in the lining of the gut, for example, are also impacted by chemo. This sometimes results in 
hair loss and other common side effects, some of which can be debilitating. Furthermore, chemo-
therapy is not always effective for certain cancers, and just as bacteria become antibiotic-resistant, 
chemo may lose its effectiveness over time.

Researchers have long been searching for new ways to treat cancer. Genentech’s Herceptin 
(trastuzumab), a drug that targets HER2 receptors in breast cancer, was the first precision medi-
cine treatment, approved by the FDA in 1998 (Hall 2016). When scientists discovered that some 
particularly aggressive breast cancers have mutations causing them to overexpress the cellular 
receptor HER2 (human epidermal growth factor receptor 2, also called ERBB2), they developed 
Herceptin against that target. Today the drug is the mainstay of HER2+ and some metastatic 
breast cancer treatments, with annual worldwide sales of more than $6.5 billion (Pharmaceutical-
technology.com 2016).

A little more than 10 years ago, researchers at Dana-Farber Cancer Institute in New York 
and Brigham and Women’s Hospital in Boston, working with collaborators in Japan, found that 
patients with lung cancer tumors with genetic mutations in the EGFR gene responded to a drug 
that targeted the protein (Paez et al. 2004). Following publication of the study, these patients at 
the Dana-Farber and Brigham and Women’s Cancer Center had their tumors tested for EGFR 
mutations and treatment was started based on the results of those tests (Dana-Farber Cancer 
Institute 2014).

These discoveries and others that followed were the start of today’s precision medicine, a field 
that has resulted in substantial gains for cancer patients while also fueling a lucrative business 
environment with big opportunities for growth. According to a report by Concert Genetics, there 
are nearly 70,000 genetic tests on the market currently (Concert Genetics 2017a) and tests for 
cancer-related indications comprised 17% of all tests in the NIH’s Genetic Test Registry in 2016, 
a growth of more than 150% over the previous year (Solomon 2016).

Improvements in genetic testing technology (e.g., next-generation sequencing) has made it 
possible for drug developers to create targeted therapies, such as the BRAF-targeting pill Thomas 
McLaughlin received. One big hitch, however, is that targeted drugs should only be prescribed 
to patients whose tumors carry the corresponding mutation. Otherwise, the drug is not likely 
to work.

Manufacturers were initially concerned that developing drugs for subsets of cancer patients 
would not be profitable; they preferred the traditional blockbuster approach of making a single pill 
that can be used in anyone with a particular disease, regardless of its underlying cause. That’s why 
diseases such as asthma, cardiovascular disease, and diabetes are such popular targets. They offer 
huge populations of patients and better chances at blockbuster markets.

But despite the pushback, targeted therapies turned out to be profitable because drug 
makers can charge more for them. In 2015, the market for targeted therapies was approximately 
$27.8 billion and had a compound annual growth rate of 18% between 2011 and 2015 (Van Arnum 
2016). The number of targeted drugs has surged, along with the tests to guide choice of treatment 
(Abramson 2017). With new cancer cases expected to rise to more than 20 million patients in the 
next 20 years (National Cancer Institute 2017a), the market potential for oncology is substantial.
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Dawn of Precision Oncology
When doctors and scientists talk about precision medicine for oncology today, it typically refers 
to the use of genomic/molecular profiling of a patient’s tumor to identify the particular type of 
cancer they have or to direct their treatment, including determining eligibility for specific clinical 
trials (see the sidebar Dana-Farber’s Profile System). And just like precision medicine in other fields, 
such as cardiovascular disease or diabetes, getting to an answer for an individual patient requires 
prior data analysis of extremely large datasets, comprised of hundreds or thousands of patients that 
can be used to create tools like dosing algorithms or prognosis calculators (Druker 2017).

Often, when a patient is diagnosed with cancer, one of the first tests they may be offered is a 
genetic test. For patients with a cancer that might be hereditary, such as breast cancer caused by a 
BRCA mutation, a genetic test can be useful to identify the specific cancer syndrome responsible 
for the disease. Knowing whether or not the cancer is hereditary can help a patient understand 
if they are at risk for other types of cancer(s) and if any relatives are also at risk for developing 
the disease. For some cancers, knowing if it is hereditary can also provide important information 
about the likely progression of the disease and the patient’s life expectancy.

Some cancers are inherited while others are caused by environmental exposures or acquired 
genetic mutations. Colorectal cancer, for example, may be the result of the inherited Lynch syn-
drome or may arise after repeated exposures to a carcinogen. Lynch syndrome is caused by a muta-
tion in one of several genes, such as MSH2, which is a gene involved in DNA mismatch repair. If 
the gene has a mutation, it may not function correctly, and mistakes in DNA that occur during 
the cell division process might not be fixed (Strafford 2012).

In addition to heritable genetic mutations, tumors are being tested more routinely soon after 
diagnosis to understand the major “drivers” that help cancers grow and spread, so oncologists can 
then prescribe treatments that could inhibit the cancer. Such drivers have been discovered in many 
types of cancers and include EGFR, described earlier in the context of lung cancer, HER2 for 
breast cancer, BCR-ABL and KRAS. Such genes all occur in normal tissues too, but their mutated 
versions can be associated with cancer. This realization led to the birth of targeted therapies, as 
well as tremendous growth in the number of new anticancer drugs and the size of the cancer drug 
market.

SIDEBAR:  DANA-FARBER’S PROFILE SYSTEM
Barrett J. Rollins, MD, PhD
Chief Scientific Officer, Dana-Farber Cancer Institute

Barrett J. Rollins heads a project called Profile, which collects all data from a patient’s 
interactions with the healthcare system. Every patient at Dana-Farber Cancer Institute 
is offered genetic testing, and all of those results are stored in the database. “But the 
real data tsunami is the clinical data, where we have a huge amount of information 
generated—everything from routine physicals to preoperative blood work. When 
you make that information searchable, you have the ability to ask questions of a huge 
cohort,” Rollins points out.

For example, Rollins can use the database to see how many stage 2 breast cancer 
patients who responded to a certain drug are still alive after 5 years. Then, the charac-
teristics of those women can be compared to those who had the same type of cancer, 
received the drug, but died.
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Because privacy is so important in healthcare, the key has been making sure that 
researchers and physicians using Profile can securely transfer data. For legal reasons, 
it was necessary to create a firewall between the clinical database and the research 
database. Hospitals aren’t allowed to use clinical data for research without the patient’s 
approval. “But once the Institutional Review Board approves a study, we can use the 
data from patients who have provided consent. We’ve also boiled down the consent 
form into a single page that contains everything required but takes less time to fill out.”

The project is still in the early stages, but Rollins says they are already finding things 
such as previously unknown cancer-causing mutations. “We need to move to the next 
generation of analysis, using more patients and more data points,” he says. “To achieve 
that, we would like to combine our data with that of other institutions.”

Over the last 20 years, researchers have been increasingly successful at uncovering the genetic 
mechanisms underlying cancer, with more than two dozen markers now being used in available 
tests (National Cancer Institute 2015). They have also learned a lot about cancer in general.

For one thing, tumors in different parts of the body can have similar markers. That means for 
some cancers, it is becoming less important where the cancer is located (e.g., breast, lung, or skin). 
Instead, for these cancers, the specific mutation is the driver of what guides treatment. This is the 
same concept that led to Allison, described at the beginning of the chapter, being treated for her 
brain cancer with a drug that had previously been used for melanoma, and is behind the recent 
FDA approval of pembrolizumab (Keytruda) for patients with any advanced cancer with certain 
genetic mutations (Schattner 2017). As we’ll explain later in the section Improving Clinical Trials, 
this is a fundamental shift from the current siloed approach to treating cancer and it’s having a 
considerable impact on the design of clinical trials and could change how medical centers in the 
future will organize cancer treatment centers.

The mutations driving a tumor can also change over time; therefore, metastases may have a 
very different genetic makeup than the primary tumor, which is usually the first one discovered. 
That also means that repeated molecular testing may be needed when a patient suffers from a 
recurrence or when their primary treatment stops working. And these biomarkers work within 
complex biological pathways. Understanding those pathways is helping scientists determine which 
molecular signals are most important and how they influence each other.

Based on these realizations, more and more oncologists are recommending that patients get 
comprehensive molecular testing of their cancers. As John Glaser, Vice President, Population 
Health and Global Strategy at Cerner Corporation, describes, “at places like Geisinger Health 
System, Intermountain Health, and Kaiser Permanente, you see that they’ve been standardizing 
how they treat cancer. And for the top 20 to 30 types of cancer, genetic testing is now a routine 
part of treatment and is used to determine if you are at risk or to guide the treatment.”

Role of Big Data in Oncology
As we stated previously, making precision medicine work for an individual patient with cancer 
relies on the analysis of dozens, hundreds, or even thousands of patients with the same cancer 
(or same genetic mutation). For many oncologists, however, even over a career spanning multiple 
decades, they may not see enough patients on their own to fill a database with the amount and 
type of information needed for precision medicine insights. Here is where Big Data and complex 
analytics come into play.
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While building databases of variant information is essential, simply having the data isn’t 
sufficient for precision medicine. This is even more important for tests that use multiple tech-
niques (such as DNA sequencing and protein analysis) to determine a patient’s genomic profile. 
Researchers have to be able to aggregate the data from a variety of databases, develop a compu-
tational model or algorithm that takes into account each of the components they are looking at 
(e.g., DNA mutations, protein expression, immune response), and then tie the result(s) to a clinical 
outcome, such as mortality or drug response. Data sharing and interoperability between systems 
become increasingly important as cancer treatment becomes more complex and based on molecu-
lar diagnostics (see the sidebar The Value of Genomic Profiles).

SIDEBAR:  THE VALUE OF GENOMIC PROFILES
Mike Pellini, MD
Chairman and former Chief Executive Officer, Foundation Medicine

“Until now, we haven’t been able to aggregate the data needed to tease out all of the impor-
tant elements to truly guide clinical decision making for cancer diagnosis,” Mike Pellini said 
in our interview (Pellini 2017). His company, Foundation Medicine, has invested in generating 
those data and then using it to give patients more options, including treatments and access to 
clinical trials.

“We work with researchers and clinicians to look at genomic profiles of patients 
with cancer coupled with their phenotypic data, including their response to specific 
drugs,” he explains. The company’s products include a next-generation sequencing 
test that checks for genomic alterations associated with solid tumors and another that 
does the same for blood-based, or hematological cancers. The company also offers a 
blood-based circulating DNA assay that can be used in cases where a biopsy is not 
possible. All three tests sequence dozens to hundreds of genes implicated in human 
cancer.

The strength of the type of database that Foundation Medicine is building should 
increase as the company collects more data. “What’s striking, however, is that we 
started to see important findings after just the initial 100 to 1,000 patients,” Pellini says. 
“We were able to look at some of the information from those patients and find correla-
tions that had a direct impact not just on the treatment of individuals, but even on drug 
discovery programs.” Those first hits were primarily in non-small cell lung cancer and in 
melanoma. “What that told us what that you don’t necessarily need 100,000s of patients 
to find important things,” he says. (Note that Foundation Medicine’s HIPAA compliant 
database now contains information on more than 100,000 patient tumors.)

Pellini sees cancer treatment evolving rapidly now. “We’ve finally realized that the 
cancer doesn’t necessarily know or care from which organ it originated,” he says. As a 
result, the entire paradigm is shifting. It is the cancer’s genomic profile that will largely 
guide treatment, not just its location in the body. But given the growing number of 
potentially clinically relevant genomic alterations, it’s also becoming daunting for physi-
cians to match each patient to the right treatments.

It’s also important to find new druggable targets for drug discovery programs. These 
can be uncovered by determining which alterations are most often shared by patients. 
Foundation Medicine is one of several groups gathering these data and designing tests to 
accurately identify genomic alterations.
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“Hospitals and other healthcare providers need to be collecting [these] data today. It’s 
the right thing for patients, and in the long term, it will give us better drugs in oncology 
and elsewhere,” Pellini says. Part of the challenge, he points out, is how to finance these 
types of programs, which can be very expensive. “We all know it’s the best thing in the 
long-term, but how can they get value from [those] data today?” he asks. When aggre-
gating genomic data, it is also crucial to have a sound privacy policy and program. “One 
must protect all of [those] data,” Pellini says.

Foundation Medicine is collaborating with many cancer centers, hospitals, and organiza-
tions, such as Flatiron Health, to make sure this evolution of data aggregation and protection 
continues. “Due to the rising cost of healthcare, we need to find new ways to do things for 
patient care,” he says. “Harnessing genomic and clinical data is one of the most important 
things we can do for humanity.”

Other companies have created databases of patient information for similar purposes. But to 
truly treat patients using precision medicine, we need even more biomarkers to guide decisions 
about what treatment to use and when. Data from genomic studies, clinical trials, electronic 
health records, and more will be pivotal to finding those markers. Some of these markers will 
emerge from hospital or company databases, others will be big data projects involving tens of 
thousands of tumor samples and hundreds of potential markers. One of these company databases 
has a unique focus—hereditary cancers—that help predict a high risk of developing cancer (see 
the sidebar Myriad Genetics’ Mutation Database).

SIDEBAR:  MYRIAD GENETICS’ MUTATION DATABASE
Pete Meldrum
Former President and CEO of Myriad Genetics

Myriad Genetics has one of the most extensive databases of heritable mutations known 
to increase a person’s chances of developing cancer. In hereditary cancers, there can be 
thousands of potentially harmful mutations. Lots of mutations are also benign, causing no 
health problems at all. “So the more harmful mutations we track down, the more infor-
mative our tests become,” says Pete Meldrum, a cofounder of Myriad and the company’s 
former president and CEO, when he spoke with us (Meldrum 2017).

For more than 20 years, Myriad has been studying such mutations, including the ones 
in the BRCA1 and BRCA2 genes, which increase the risk of breast and ovarian can-
cer. (These are the same genes that prompted actress Angelina Jolie to have her highly 
publicized double mastectomy.) “Mutations in these genes can greatly elevate a person’s 
chances of developing cancer. In some cases, the risk of getting the disease can be as 
high as 87%,” Meldrum says.

Together, the BRCA1 and BRCA2 genes comprise about 15,700 base pairs, and Myriad 
has information on more than 16,000 mutations. “These are estimated to account for 98% 
of all possible mutations,” Meldrum says. “As a result, our test provides a definitive diagnosis 
in 90% of cases. The best public database, meanwhile, can only provide a clear answer 
in about 70% of cases, meaning 30% of women using competitive tests based on public 
databases are being told they have a variant of unknown significance [VUS],” Meldrum says.

If women who use the Myriad test get a VUS result, the company will sequence all of 
their family members and look at their medical history to try and determine if the variant 
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is harmful. That process works because there is a 50% chance that any one of a woman’s 
siblings will carry the same mutations she has.

The company is also building databases of mutations in other cancers, including 
colon. They currently offer multiple tests for cancer risk, including the My Risk 25-gene 
panel that predicts risk of eight different kinds of cancer.

“It has taken many years and about $100 million for us to build our databases,” 
Meldrum says. “We’ve also learned a lot from gathering and analyzing [these] data. Sure, 
a lot of it will become public over time. But the knowledge we’ve gathered will help us 
go forward and evolve as the playing field changes.”

Most genomic databases today are located at individual institutions or companies, such as Dana-
Farber or Myriad. Some, like Myriad, have invested millions of dollars into building their large data-
base, while others, such as academic medical centers, may have versions that accumulated variant data 
from patients who were enrolled in clinical trials at the institution. Though their motivations may 
be different, many of these groups are not willing to share their data because they want their own 
researchers to have first crack at making discoveries from it, or because (in the case of Myriad) those 
data are the basis of their business model—that’s how they derive their profits. But several organiza-
tions are trying to create large databases drawn from multiple sources that can be shared. These include 
the American Society of Clinical Oncology’s CancerLinQ (with more than a million patient records 
already), Project Data Sphere (which focuses on phase III cancer trial data), the International Cancer 
Genome Consortium, and the National Institutes of Health’s Cancer Genome Atlas and ClinVar.

It’s the datafication of oncology, and it will profoundly change how cancer care is delivered. As 
noted, so many discoveries are being made that it is difficult for most oncologists to keep up with 
them. But that will become easier as the databases become populated and more people gain access 
to them. Open databases, which allow any qualified researcher access, will be particularly valu-
able. Another key will be powerful analytics. All these data will be useless without the ability to 
analyze it properly and the real value will come from its interpretation.

A growing number of companies, such as Foundation Medicine, Guardant Health, N-of-
One, or institutions, such as the Dana-Farber Cancer Institute and MD Anderson Cancer Center, 
now offer specialized tumor testing services to help match cancer patients to optimal treatments, 
increasingly based on the molecular profile of the cancer, regardless of the tissue or organ where 
the cancer originated (see the section Growth of Targeted Therapy, below). And some test reports 
provide clinical trials information that a patient may qualify for based, in part, on that profile, 
helping doctors to narrow down potential options for their patient.

Eventually, instead of having to read up on the latest biomarkers or pour over clinical trials 
inclusion criteria, physicians will be able to see the recommended therapy as soon as they pull 
up their patient’s test results. This has far-reaching implications, from the CDS systems that will 
facilitate the process (see Chapter 2 for an in-depth description of CDS), to identifying which 
clinical trials the patient is eligible for, to working with pharmaceutical companies to get the right 
drug(s) for the patient based on their molecular profile.

Growth of Targeted Therapy
The targeted approach to cancer treatment is often called personalized or precision medicine (see 
Chapter 2) because it aims to attack cancers based on molecular biology and guided by very specific 
tests. While it can apply to any condition, this approach has made the most progress in oncology.
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As we mentioned earlier, Genentech’s trastuzumab (Herceptin) was the first targeted cancer 
drug. When scientists discovered that some particularly aggressive breast cancers have mutations 
causing them to overexpress the cellular receptor HER2, they developed Herceptin against that 
target. First approved in 1998, today the drug is the mainstay of HER2-positive breast cancer 
treatment, with annual sales of more than $6 billion (Pharmaceutical-technology.com 2016). Like 
most targeted treatments, the drug is only meant to be used against tumors with this particular 
marker (HER2 overexpression).

Over the last 20 years, researchers have been increasingly successful at uncovering new such 
genetic mechanisms, with more than a dozen markers now being used in available tests (Bailey 
et al. 2014) (see Table 3.1).

They have also learned a lot about cancer in general. As mentioned before, tumors in different 
parts of the body can have similar markers. That means it is becoming less important where the 
cancer is located (e.g., breast, lung, or skin). Instead, the specific mutations in the cancer should 
help guide treatment. The mutations driving a tumor can also change over time: metastases may 
have a very different genetic makeup than the primary tumor, which is usually the first one dis-
covered. That also means that repeated molecular testing may be needed.

Such mechanisms also work within complex biological pathways. More of one molecule can 
affect how much of another molecule is produced. Understanding those pathways is helping sci-
entists determine which molecular signals are most important and how they influence each other.

Based on these realizations, more and more oncologists are recommending that patients get 
comprehensive molecular testing of their cancers. Britain recently broke new ground by announc-
ing that every child diagnosed with cancer in that nation will have their malignancy’s DNA 
sequenced to help match those children to the best treatments for their disease (Knapton 2017). 
This is possible due to a grant from the charity Children with Cancer U.K., which donated 

Table 3.1  Selected Targeted Therapy Markers

Marker Therapy Cancer Type

ALK Crizotinib Non-Small-Cell Lung Cancer (NSCLC)

BCR-ABL Imatinib Chronic Myelogenous Leukemia 
(CML), Acute Myeloid Leukemia 
(AML)

BRAF Vemurafenib, Trametinib, 
Dabrafenib

Colorectal Cancer, Thyroid Cancer, 
Melanoma

C-Kit Imatinib Gastrointestinal Stromal Tumor (GIST)

EGFR Cetuximab, Panitumumab, 
Erlotinib, Gefitinib

Colorectal Cancer, Non-Small-Cell 
Lung Cancer (NSCLC)

HER2 Trastuzumab Breast Cancer, Gastric Cancer

KRAS Cetuximab, Panitumumab Colorectal Cancer, Non-Small-Cell 
Lung Cancer (NSCLC), Pancreatic 
Cancer

PDGFRA Imatinib Gastrointestinal Stromal Tumor (GIST)

Source:	 Bailey, A. M. et al., Discov Med 17, 92: 101–14, 2014.
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£1.5 million. As was reported in the Telegraph, Professor Louis Chesler of the Institute of Cancer 
research, was leading the initiative, and was quoted as saying “This funding will help us move 
towards a more comprehensive and structured approach to genetic testing to match children 
with cancer to specific targeted treatments, which could be an incredibly important step towards 
increasing survival and reducing the side effects of treatments” (Knapton 2017). Their aim is not 
only to match pediatric cancer patients to better drug options earlier, but help them avoid harmful 
side effects from drugs that would not help them anyway.

This approach is a much more complicated process, but hopefully more accurate too. As we 
discuss below, this will have significant implications for oncology and related fields.

Companies, hospitals, and research organizations are now building huge databases of molecu-
lar testing results from cancer patients to identify targets that are common, or shared, among 
them. Some of these mutations arise spontaneously, perhaps due to environmental conditions or 
just because of bad luck, for example, due to a random biological misstep during cell replication. 
Other mutations are heritable, and knowing about those makes it possible to detect cancer early, 
or even prevent it. That alone has become a big field in data-driven medicine.

Matching Cancers to Treatments
Finding an association between a genetic marker and the cancer is just one part of precision oncol-
ogy. The goal is to amass huge amounts of marker data, and then link that to the clinical informa-
tion now mostly locked away in patients’ records. Tumors can then be precisely categorized, and 
patients offered treatments deemed most suitable for their particular malignancy.

It’s important to note that some doctors may have little experience with certain types of cancer, 
especially those that are rare. Also, they may not have access to data about treatments that were 
initially targeted to other cancer types. Further, most of what we know about how to diagnose 
and treat any disease actually comes from research on a very small segment of the population—
patients who have participated in a drug company-sponsored clinical trial. This limited patient 
population makes it even more critical that institutions capture outcomes data and link it to other 
patient data, such as lab results, imaging studies, or claims data that might be in a patient’s elec-
tronic health record (EHR). Doing this would create a robust, longitudinal dataset that would 
be valuable to assess long-term outcomes of treatment. Though there have been a number of 
initiatives (e.g., Clinical Trials Awareness Week) to increase participation in clinical trials, overall 
patient engagement remains extremely low (<5%), particularly for some minority groups (Murthy, 
Krumholz, and Gross 2004; Aristizabal et al. 2015).

New findings in oncology are emerging at a rapid rate, compounding the information gap 
between traditional treatments and newer methods that might be significant improvements over 
standard therapies.

As noted earlier, tumors can also have a mix of acquired mutations, some of which may change 
in response to treatment, so picking the right drug is not always an easy task. Therefore, it’s pos-
sible that out of all the oncologists in the country, there are only a handful who have experience 
with a particular type of tumor and its specific mutations (Memorial Sloan Kettering Cancer 
Center 2011). Focusing on the molecular underpinnings of cancer is a giant leap from when doc-
tors treated cancer patients based entirely on which part of the body the disease originated in—
which is all being driven by data.

In response to this new trend, a growing number of companies and institutions now offer spe-
cialized tumor testing services to help match cancer patients to optimal treatments. These include 
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The Clearity Foundation, Foundation Medicine, N-of-One (see the sidebar Matching Patients to 
Optimal Treatments), Perthera, and more. There will be intense competition among such tumor 
testing firms. Some are not just emphasizing the size of their databases and comprehensive annota-
tion they do, they are also working to lower their prices and reduce their turnaround times.

SIDEBAR:  MATCHING PATIENTS TO OPTIMAL TREATMENTS
Jennifer Carter, MD, MPH
Chief Medical Officer and Founder, N-of-One

One of the most anxious times in a cancer patient’s life is when they are waiting to hear 
their prospects for treatment. Are there potent drugs available? Which treatments are 
best for that patient’s specific disease?

Unfortunately, it can be complicated and time-consuming to get these answers 
because the field of cancer biomarkers is moving so quickly. It requires a lot of informa-
tion to determine which markers matter most, and then to properly interpret test results. 
To address this challenge, N-of-One provides a service that analyzes a patient’s molecu-
lar data, in the context of the company’s extensive database of biomarker results, pulls 
together all the latest research and delivers answers sometimes as quickly as in minutes 
to a day.

N-of-One’s team has analyzed clinical results on tens of thousands of patients. Their 
database and daily review of scientific literature, clinical trial results and other informa-
tion sources allows them to advise physicians and clinical labs on the best treatment for 
any patient, including referring appropriate clinical trials.

The company interprets results from the entire range of cancer tests, including next 
generation sequencing (NGS), circulating tumor cells and DNA, copy number analysis 
and immunohistochemistry (IHC). “We’ve done the interpretation on tens of thousands 
of variants across hundreds of genes,” says Jennifer Carter, Chief Medical Officer and 
Founder of the company, told us (Carter 2017). “We can also integrate data from multiple 
tests.” The goal is to quickly match patients to the ideal treatment or trial options for their 
particular tumor.

“No two cancers are exactly alike,” Carter explains. “Sorting out which mutations 
are driving a patient’s disease, and what are the best treatment options is data- and 
information-intensive; we are focused on that.”

Numerous variants have already been identified as drivers of tumor growth. The key 
question now is how do they interact and how many more are, as of yet, undetermined? 
Can some of these markers interfere or enhance the actions of others and thus the 
response to therapy? N-of-One is trying to help answer these questions.

The company doesn’t do actual sample analysis. It interprets the results—but that is 
a lot of the work that goes into finding the best treatment. The company can use a lab’s 
own bioinformatics platform to start, but it can also provide that analysis through part-
ners, including Philips and Oracle. N-of-One has numerous other technology partners, 
and works with high-profile hospitals including Cedars-Sinai, Providence Health, Swedish 
Cancer Institute, Fox Chase Cancer Center, Intermountain Healthcare, and Mayo Clinic.

Carter sees future breakthroughs ahead. There’s intense interest in finding biomarkers 
for immunotherapies right now, since this new class of drugs has proved so promising. 
“I think more and more what we are seeing is integration, combining copy number analysis, 
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fusions, cytogenetics, NGS, and IHC,” she says. “Although it’s an older type of test, IHC 
now seems promising for predicting response for anti-PD1 immunotherapies.” Another 
new opportunity lies in liquid biopsies, which are tests of blood samples that can replace 
invasive tissue testing.

In the end though, Carter sees the greatest promise in being able to understand how 
biological pathways interact. “What are all the factors that lead to resistance to treat-
ment, and what are those that lead to a good response?” she asks. “Those are the ques-
tions we need to answer.”

Harnessing the Immune System to Kill Cancer
As noted earlier, the surge of immuno-oncology is a recent development that holds tremendous 
potential to advance cancer care. This approach works by activating a patient’s immune system 
against their cancer. It’s an elegant idea that has been around for more than 100 years (Hoos and 
Britten 2012). But the field has limped along and began losing steam when there were no mean-
ingful successes. Recently, however, a range of such treatments have delivered encouraging results 
and immuno-oncology is proving a disruptive innovation (Marabelle et al. 2016).

To understand how the various types of immune-oncology therapies work, a (very) basic 
primer on the immune system may be helpful:

The immune system can be divided into two types of responses: innate and adaptive. The 
innate immune system mounts a rapid, nonspecific defense against foreign pathogens through 
physical and chemical barriers (e.g., skin or mucous membranes), and certain types of cells (e.g., 
phagocytic leukocytes, dendritic cells, and natural killer cells) (Murphy, Travers, and Walport 
2007).

The adaptive immune system is made of B cells and T cells. These mount antigen-specific 
responses. An adaptive immune response is significantly more complex than an innate response 
and takes longer. B cells, with the help of T cells, create antibodies that bind to molecules (anti-
gens) on the surface of pathogens, such as viruses and bacteria, alerting the immune system to an 
invader. T cells play several roles. Some T cells, called cytotoxic T cells, have receptors that allow 
them to recognize cells that have specific antigens that designate them as invaders. These T cells 
secrete chemicals that break down the cell membranes of these invader cells, and cause the cells to 
self-destruct. Other T cells are “helper” cells; these T cells help to activate macrophages, cells that 
“eat” and “digest” pathogenic cells and other cellular debris (Murphy, Travers, and Walport 2007).

In immuno-oncology, scientists have found a way to harness the immune system and target 
cancer cells. Some cell therapies involve removing, re-engineering, and then replacing a patient’s 
own T cells. And other methods include finding drugs that will help the T cell recognize a can-
cer cell—even when it’s wearing a “mask” to appear healthy and normal. These drugs are called 
checkpoint inhibitors. Still other methods involve therapeutic vaccines that teach the immune 
system to recognize and attack cancer cells or bits of proteins (neoantigens) that are created by 
tumors, and oncolytic viral therapy, which uses genetically modified viruses to attack tumor cells 
(Farkona, Diamandis, and Blasutig 2016).

Neoantigens offer the potential for truly individualized therapies. Because they are unique to 
malignancies, it’s believed that the immune system will be much less tolerant to them, as opposed 
to the antigens that are found in both tumor and normal tissues. That advantage, it is hoped, 
will make neoantigens much more effective at stimulating a strong immune response than the 
traditional shared, or conserved, antigens that have been the main focus of prior studies. Both 
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categories of antigens are currently in development as the basis for cancer vaccines—treatments 
that would fire up a T-cell response, thereby allowing checkpoint inhibitors and other treatments 
to be even more effective.

Checkpoint inhibitors inhibit molecules that cancers use to evade the immune system; essen-
tially, they remove the “mask” a cancer cell might be using to appear normal and evade destruction 
by the T cells. Ipilimumab (Yervoy) was the first checkpoint inhibitor approved. It’s a monoclonal 
antibody that targets CTLA-4, a protein that normally acts as an “off switch” for the immune sys-
tem. Other checkpoint inhibitors target PD1 (pembrolizumab [Keytruda], nivolumab [Opdivo]) 
or PD-L1 (atezolizumab [Tecentriq]), which also keep the immune system in check (American 
Cancer Society 2017).

In October 2015, Amgen announced that it received FDA approval for IMLYGIC (talimogene 
laherparepvec), its oncolytic viral therapy for recurrent, unresectable melanoma (Pol, Kroemer, 
and Galluzzi 2016). Results from a phase III clinical trial indicated a significantly higher number 
of stage III/IV melanoma patients received a durable response to IMLYGIC compared to patients 
in the control arm of the study (16% vs. 2%), a welcome result for a cancer notoriously difficult to 
treat (Galluzzi and Lugli 2013).

The tide has shifted so dramatically some analysts are predicting that more than 60% of all 
cancer treatment could involve immunotherapy within the next decade. It’s estimated that the 
market for checkpoint inhibitors alone will reach more than $16.5 billion by 2020 and immuno-
therapies generally could reach a staggering market peak of $75 billion or more within the next 
decade (VisionGain 2015; Wood 2016; Beasley 2017).

What’s most impressive about results from this new generation of immunotherapies is that 
their effects can be long lasting. Research data presented at the 2016 Annual Meeting of the 
American Association for Cancer Research showed that 34% of 107 advanced melanoma patients 
who received Opdivo (nivolumab), the anti-PD-1 checkpoint inhibitor, in a phase I clinical 
trial were still alive 5 years later (Goodman 2016). These results were similar to those in 2015 
for Yervoy (ipilimumab), which targets CTLA-4, a different checkpoint inhibitor. That study, 
which included almost 5,000 patients, found 20% of patients getting Yervoy were still alive after 
3 years (Schadendorf et al. 2015). Showing the striking graph of those data at a cancer meeting 
in 2013 (American Association for Cancer Research 2015), Bristol-Myers Squibb Oncology VP 
Renzo Canetta said, “Remember, these included patients with metastases in vital organs.” That’s 
advanced disease. Considering that advanced melanoma is typically fatal within months, these 
studies are highly encouraging.

Not all is rosy for immuno-oncology treatments, however. These treatments can also have 
serious side effects, as described in a recent New York Times article. Patients, such as Connecticut’s 
Chuck Peal, are beginning to show up in emergency rooms with symptoms ranging from acute 
diabetic attacks to out-of-control immune system responses that mirror the flu and common cold 
(Richtel 2016). Some patients have even died from severe side effects of these new cancer therapies 
(Garde and Keshavan 2016) and doctors don’t always make the connection between the cancer 
treatment and a side effect that can show up months later (Richtel 2016).

And a 20% response rate means relatively few patients are seeing the benefit of immuno-
oncology, though individual trial results vary substantially. Results like the 2014 study published by 
Juno Therapeutics investigators that found 88% of patients with relapsed or refractory (nonrespon-
sive to therapy) B cell acute lymphoblastic leukemia had complete response with their T cell-based 
therapy (Davila et al. 2014) are well publicized. But studies where the majority of patients do not 
respond to treatment or who experience recurrence of their cancer aren’t as widely broadcasted and 
doctors would like to see many more patients achieve long-term cures (Zugazagoitia et al. 2016).
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The key will be to determine what drug to use, when, and in combination with what other 
therapies. One recent report found that the number of combination trials involving immunothera-
pies has more than tripled over less than 2 years. As of April 2017, 765 such studies were ongoing 
(Evaluate 2017). Over time, cancer treatment will become more precise for individual patients. 
But to reach that point, researchers will need to find many more markers to guide treatment deci-
sions and new drug development. These growing troves of data will help doctors match patients to 
drugs they have a higher chance of responding to.

New data and databases will play a key role in the success of immuno-oncology. The goal is 
to design a new treatment paradigm, where doctors will use drugs and/or vaccines that boost the 
immune response to attack the cancer, working in concert with older approaches, such as surgery 
and radiation.

Despite mixed study results and concern over serious side effects, scientific and clinical 
progress is being made and it’s driving tremendous opportunity in the market. Drug trial results 
have led to a surge in investment in immuno-oncology by large and small drug makers alike. In 
December 2013, for example, start-up Juno Therapeutics, a start-up collaboration of the Fred 
Hutchinson Cancer Research Center, Memorial Sloan-Kettering Cancer Center, and Seattle 
Children’s Research Institute, launched with $120 million in Series A funding—one of the 
largest biotech financings of its type in the sector’s history (Fred Hutchinson Cancer Research 
Center 2013).

Neoantigen start-ups Gritstone Oncology and Neon Therapeutics both launched in October 
2015, the former with over $100 million in start-up funding while the latter garnered $50 mil-
lion (Carroll 2015). Academic spin-offs such as Palo Alto-based Forty Seven, which launched 
with $75 million in Series A funding and a program already in clinical trials, are also being 
launched (Lash 2016). Forty Seven was recently awarded $10.2 million by the California Institute 
for Regenerative Medicine to use their antibody that blocks a receptor (CD47) on the surface 
of cancer cells in patients with colorectal cancer (California Institute for Regenerative Medicine 
2016). The CD47 receptor helps cancer cells evade the immune system (Weiskopf 2017). Forty-
seven researchers will use their antibody in patients with the KRAS mutation, “turning the cancer 
into a target for both the immune system and an anticancer drug called cetuximab” (California 
Institute for Regenerative Medicine 2016).

Philanthropists are also putting significant resources toward immuno-oncology companies. 
Sean Parker, a former executive at both Facebook and Napster, pledged $250 million to a cancer 
institute and academic consortium that bears his name (Cha 2016). The institute recently joined 
forces with Bristol-Myers Squibb to accelerate immuno-oncology research (Parker Institute for 
Cancer Immunotherapy 2017).

These therapies will be highly individualized, as many immune responses are not shared, 
which means it may be necessary to tailor the treatments patient-by-patient, just as is done with 
cell therapies. To correctly identify which patients will respond successfully to immunotherapies 
will require large amounts of data and many patients. As a result, companies such as Gritstone and 
Neon have invested in informatics expertise and predictive models.

These points are not lost on researchers doing immuno-oncology research. To address lack-
luster participation in trials, researchers are beginning to develop smartphone apps that match 
patients with studies (Goldbaum 2016). Lab reports of some molecular profiling tests include a 
list of clinical trials the patient may be eligible for, while Foundation Medicine has partnered with 
EmergingMed to offer a “concierge service” to help clinicians and their patients identify potential 
clinical trials (Foundation Medicine 2014).
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The vast amounts of data being collected in the course of treating patients will need to be 
combined with clinical data from EHRs and other sources in order to identify exactly what makes 
some patients respond spectacularly and others to continue to progress. That will require a new 
business process, which will be daunting to some companies.

Liquid Biopsies
Another exciting new area of research is liquid biopsies. Typically, doctors have to take actual tis-
sue samples of solid tumors to do biomarker testing. These have numerous drawbacks, including 
the invasive nature of the procedure and sampling bias, where the results of the biopsy may not be 
representative of the entire tumor. The biopsy procedure could also potentially spread the tumor 
cells. But liquid biopsies filter tumor cells, DNA, and other molecules from a simple blood sample. 
This has the distinct advantage of being a noninvasive method to potentially diagnose and moni-
tor a patient’s cancer, compared to biopsies.

As they grow and spread, tumors release these biomarkers. Circulating tumor cells, cell-free 
circulating tumor DNA (ctDNA), exosomes (particles that transport molecules between cells and 
throughout the body), and biomarkers such as DNA and RNA can all be analyzed in a variety of 
ways, including the use of next-generation sequencing (NGS), PCR-based methods, and protein 
analysis.

Being able to use blood samples would help doctors to better follow up on cancer patients, 
switching them to more appropriate medications as their tumors evolve. The goal is to provide a 
more thorough picture of the patient’s cancer and how it is evolving and spreading. Data from 
metastases can be compared to that of a primary tumor and the cancers genomic profile can be 
tracked over time. Because liquid biopsies are noninvasive, they could be repeated more often 
than typical solid tumor biopsies. Liquid biopsies might also lead to improved early detection 
(Karachaliou et al. 2015). In general, the earlier a cancer is detected, the easier it is to treat.

Several studies have recently been published that highlight the clinical validity and utility of 
liquid biopsies for a variety of cancer types, especially for lung cancer, which can be difficult to diag-
nose, and where repeated biopsies may not be possible. In one study, patients with non-small-cell 
lung cancer, ctDNA was assessed from urine, demonstrating how the liquid biopsy assay was able 
to capture EGFR mutations and that the results changed over time, correlating to treatment efficacy 
(Chen et al. 2017). Another research group used ctDNA isolated from broncholaveolar fluid to find 
EGFR mutations (Park et al. 2017). Liquid biopsy performed on blood samples linked increased 
expression of the PD-L1 protein to higher mortality for patients with lung cancer (Boffa et al. 2017).

Growing the databases of markers will again be critical. Illumina’s liquid biopsy spin-off, 
Grail, is pushing to enroll more than 100,000 patients in its clinical trials to generate the massive 
data needed to find and interpret these biomarkers (Preston 2017). Grail’s first clinical trial, the 
Circulating Cell-free Genome Atlas Study, is already underway with a goal of enrolling 10,000 
patients to better understand the differences (heterogeneity) in liquid biopsy samples between 
patients with and without cancer (ClinicalTrials.gov 2017).

The market for liquid biopsy assays is still new, with many companies launching or developing 
liquid biopsy products. These companies include Biocept, Epic Sciences, Exosome Diagnostics, 
Foundation Medicine, Guardant Health (see the sidebar Liquid Biopsies), Grail, Inivata, Indi 
(Integrated Diagnostics), Personal Genome Diagnostics, Qiagen, Sequenom, Thermo Fisher 
Scientific, Trovagene, and others.
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It’s been estimated that this market could reach approximately $6 billion by 2020 and inves-
tors are betting big money on the technology (Grand View Research 2016c). In March 2017, Grail 
closed a $900 million Series B funding round and Freenome announced a $65 million Series A 
funding round (Preston 2017). That’s nearly $1 billion for the sector in a single month. Competitors 
are trying to distinguish themselves based on the range of cancers they can detect, accuracy and costs 
among other factors, which can improve price and quality transparency for the tests.

SIDEBAR:  LIQUID BIOPSIES
Helmy Eltoukhy, PhD
Cofounder and CEO of Guardant Health

The Holy Grail of cancer treatment is early detection. If doctors could identify malig-
nancies soon enough, then they could prevent far more terminal cases of this disease. 
But finding tumors isn’t always easy, and it usually involves taking tissue samples—an 
invasive process that also comes with risks.

That’s why liquid biopsies have become one of the hottest fields in biotechnology. It’s 
hoped that by using blood tests for cancer detection, the process can become lower risk 
and as it becomes more precise, perhaps more malignancies can be found early.

Guardant Health is one of the leaders in the burgeoning arena of liquid biopsies, 
and the company has their own unique approach. In our interview, Helmy Eltoukhy, 
Guardant Co-Founder and CEO, told us, “We wanted to proceed the same way Intel 
approached microprocessors and semiconductors via Moore’s Law. We wanted to pick a 
platform that could similarly effectively scale, and then through a process I call compound 
innovation, make it improve in performance by 2–3× every year” (Eltoukhy 2017).

The company first focused on blood-based tests for advanced cancer patients, 
assuming valuable markers would be most abundant in these patients’ blood. The goal 
is to help such patients avoid repeat biopsies while guiding them to the optimal next 
line treatments. That led to their first test. And as the testing platform has continued to 
improve, Guardant’s team is now also looking at early stage cancer patients and those at 
high risk of developing the disease (i.e., those with germline mutations that are associated 
with cancers). Ultimately, the team wants to help these patients too, as well as people at 
average risk for the disease.

Their test platform identifies tumor DNA fragments in the blood, these are then tagged 
and millions of copies of them are made. Next, the fragments are sequenced, and errors 
in the reading of the code are cancelled out using the company’s proprietary “digital 
inference engine.” Results are available within 2 weeks and provide a complete genomic 
profile to guide treatment.

The Guardant 360 test became available in June 2014. “It is now one of the most suc-
cessful cancer diagnostics ever launched,” says Eltoukhy, who reports that more than 3,000 
oncologists and most cancer centers are now using the product. “An important advantage 
is that it allows lung cancer patients to avoid biopsies,” he adds. “That’s a particularly inva-
sive procedure. But now they can use a blood test and quickly start them on therapy.”

Mutations that signal resistance to treatment are particularly difficult to pick up with 
traditional biopsies, Eltoukhy explains. “Heterogeneity of the tumor isn’t as important in 
early stage cancer, but for deciding second line therapies, picking up acquired resistance 
mutations is usually critical.”
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One key mutation for lung cancer is T790M. Tyrosine kinase inhibitors (TKIs) tar-
geting the epidermal growth factor receptor (EGFR) are commonly prescribed for 
patients with non-small-cell lung cancer (NSCLC). Unfortunately, the EGFR T790M is an 
acquired mutation that causes resistance to most approved EGFR TKIs. Now, however, 
we also have third-generation EGFR TKIs that work even in patients with that mutation. 
Guardant’s test detects the mutation and helps guide prescribing for these patients. The 
test is also useful for other types of advanced cancers.

“We’re working to shift cancer care from being reactive to proactive,” Eltoukhy says. 
He sees such tests as not only crucial for patient care, but also for making clinical tri-
als as productive as possible. “If you can do a test, and determine that the patient isn’t 
going to respond to a certain drug anyway, why not avoid that altogether and give them 
another drug if it’s available?” he asks.

Although liquid biopsies are promising, they are not without challenges. Recently, a study 
published in the Journal of the American Medical Association found no overlap in results for five of 
eight patients between a liquid biopsy assay, Guardant Health’s Guardant360, and Foundation 
Medicine’s FoundationOne, which uses a tissue sample (Kuderer et al. 2016). Clearly, liquid biopsy 
manufacturers will need robust data to get their tests approved and into clinical use.

Improving Clinical Trials
Currently, cancer clinical trials take many years, cost a lot of money, and fail often in the most 
expensive stage—phase III. To really cure cancer, it will be critical to pool data from as many 
patients as possible and then do trials that look at subtypes.

In the beginning of this chapter, we presented the story of Allison, the young girl with brain 
cancer who was successfully treated with a drug normally used for melanoma. She is just one of 
many patients who are being treated for their cancer based on the specific genomic mutation they 
have, instead of the cancer type. While that may seem like common sense, historically patients 
have been treated based where their cancer originated, and what “type” it was deemed. Breast 
cancer patients would be grouped together and treated differently than patients with lung cancer, 
and so on.

This new way of looking at cancers from the molecular standpoint, instead of the organ or tis-
sue of origin, has also impacted how clinical trials are conducted. In 2012, a multicenter clinical 
trial began that turned traditional cancer care on its head by treating patients according to their 
mutations. This type of study was referred to as a “basket trial,” since all of the patients with a 
specific mutation were put into a single basket for treatment. In 2015, the study was published, 
showing that some nonmelanoma cancers harboring a specific BRAF mutation responded well to 
traditional chemotherapy targeting the mutation (Hyman et al. 2015).

Today, the National Cancer Institute (NCI) is building on that clinical trial design with the 
NCI Molecular Analysis for Therapy Choice (NCI-MATCH) Trial, which opened in August 
2015 with 10 treatment arms (National Cancer Institute 2017b). After preliminary analysis, the 
trial reopened in May 2016 with 24 treatment arms, and six others were added in March 2017 
(Doroshow 2017). Each arm represents a targetable genomic mutation. Patients’ tumors are tested 
for specific molecular variants and are grouped by the molecular signature of the cancer, not sim-
ply the type of cancer they have. The result is that all patients with a particular mutation will be 
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treated with the same molecularly targeted therapy, regardless of their cancer type. Patients who 
fail to respond to one therapy may be eligible for another arm if their genomic profiling shows 
they harbor that mutation. Although NCI-MATCH is designed for adult patients only, a pediatric 
version is expected to begin recruiting in 2017 (National Cancer Institute 2017c).

The trend of structuring clinical trials in this way has started relatively recently, but there are 
numerous such trials already ongoing. A search of ClinicalTrials.gov suggests that more than 
8,000 cancer trials using biomarkers are in the works. Long-term impacts of treating patients 
based on their molecular profile instead of their broad cancer type have not yet been determined 
and few medical centers are using this paradigm to treat patients currently (see the sidebar Putting 
the Real Breakthrough into Precision Medicine), so comparing outcomes of these patients to those of 
traditionally treated patients is yet to come. If the evidence supports this, it may lead to a dramatic 
shift in the way medical centers approach cancer care.

SIDEBAR:  PUTTING THE REAL BREAKTHROUGH 
INTO PRECISION MEDICINE
Kenna Mills Shaw, PhD
Executive Director, Institute for Personalized Cancer Therapy, MD Anderson

Targeted therapy has been hailed as one of the major breakthroughs in oncology. This 
relatively new field entails designing drugs that hit at specific cancer-driving mutations. 
It makes great sense, and there have been several big wins, in terms of finding drugs that 
work in previously untreatable cancers. However, experts know that so far, we’ve still 
witnessed a very partial victory.

“The reality is that it is only a small number of patients that routinely receive precision 
medicine,” said Kenna Shaw, Executive Director of the Institute for Personalized Cancer 
Therapy at MD Anderson, in our interview (Shaw 2017). In other words, relatively few 
cancers are actually undergoing the type of high-tech testing needed to match tumors to 
drugs. When the testing is done, “Overall, we see good responses in many patients who 
have known mutations, and where there is an FDA-approved drug that targets that muta-
tion,” she adds.

That’s encouraging, but it’s not the homerun people were hoping for. The growth in 
cancer mutation databases has certainly exploded. MD Anderson alone has data on 
mutations found in 20,000 plus patients. There are also multiple public databases adding 
cases daily, including the American Association for Cancer Research’s Project GENIE 
(American Association for Cancer Research 2017).

So, why doesn’t every cancer patient get tumor testing?
Part of the answer to that lies in the processes currently in place for diagnosing and pre-

scribing for cancers. For one thing, it can cost patients several thousand dollars to do this type 
of analysis. And in the end, most patients may not have a mutation that matches an approved 
drug. That trend will change over time, as more actionable mutations are discovered, and 
more targeted therapies are approved. But even if a patient has a mutation that does match 
an approved targeted drug, the “standard of care” for their particular cancer may not include 
that treatment. As a result, off label treatment frequently will not be reimbursed. In those 
cases, “If the patient can pay, they can get the treatment, if not, they can’t,” Shaw explains.

That’s because insurers don’t usually let physicians bypass standards of care, even to 
prescribe newer treatments that make sense from a biological perspective. For prostate 
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cancer, for example, there are a number of standard of care regimens that must be tried 
before any experimental or treatments of last resort. “Even if we find a potentially useful 
target, such as an anti-amplifying EGFR mutation, the patient’s doctor could not pre-
scribe an appropriate targeted therapy before trying all the standard of care regimens,” 
Shaw says. As a result, for many types of cancer such testing is only done after the 
patient relapses despite standard therapy.

Certain rare tumor types, such as some sarcomas, do not have many standard of 
care regimens even available. “Those are the cases where we could see a real paradigm 
change,” Shaw says. “For these patients, experimental therapy is clearly better and easily 
justifiable.”

But understanding the importance of all the new genetic variants we are finding is still 
another huge barrier. “It is just not clear what many of these variants mean,” she says. 
95% of variants her team detects are of “unknown significance”—no clear drug match 
exists for them.

Furthermore, malignancies need to be reassessed after every round of treatment, 
because they evolve and develop new mutations over time. But it is often difficult to get 
those follow-up biopsies.

Shaw would like to see many more clinical trials. “We especially need to be doing 
trials on the less frequent mutations,” she says. But the cost of sequencing and actually 
finding the right patients can be prohibitive.

What could help advance this field most? “In the ideal world, we would have every 
patient’s cancer sequence data available centrally, with a unique identifier. We’d take just 
the data about the tumor type, sequencing results, allelic frequencies, etc. and put that 
in a centralized database. Experts would annotate [those] data with what else is known 
about these mutations,” Shaw says. That last step is critical, because computers, she 
explains, are not that good at interpreting results from variants of unknown significance. 
Luckily, besides public efforts, a cadre of companies and academic groups are stepping 
up to the plate, curating such data, and offering services around it.

It’s frustrating because the potential is there to make this information so much more widely 
used. “All the solutions exist to call mutations from tumors and report that back to physicians 
with actionable information,” she says. “Now we just need to find a way to do that.”

In addition to helping individuals get better treatment, data will also guide the discovery of new 
tests and medicines. It will advance public health by finding new information about what causes 
cancer or makes certain people more susceptible to it. All the advances taking place are driving the 
formation of more cancer start-ups, genomic services at hospitals, and cancer-related databases.

As noted, cancer drugs can command relatively high prices. It’s not surprising for them to cost 
more than $10,000 per month (Beasley 2017), a cost that may not be tenable for many cancer 
patients, even when they have insurance (Bologna and Chakrabarti 2017). Each year, more than 
$100 billion is now spent on cancer treatments worldwide (IMS Health 2016). These high costs 
will also force changes in how cancer treatments are priced and reimbursed and a greater emphasis 
will be placed on the value they provide.

The drug Gleevec (imatinib), for example, has transformed chronic myelogenous leukemia 
from a lethal disease to one that is manageable as long as patients continue treatment. Gleevec 
costs a hefty $75,000 or so per year, and the drug’s maker, Novartis, justifies the price based on 
how effective it is (Cowley 2013). But many cancer drugs have marginal benefits, providing only 
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months or weeks of additional survival at extraordinary cost (Fojo, Mailankody, and Lo 2014). 
Furthermore, when physicians or medical centers decline to adopt use of a new drug, claims of 
“rationing” can be difficult to overcome (Bach, Saltz, and Wittes 2012).

Some countries are beginning to push back against such drugs. Germany, for example, did not 
approve either Bayer’s colorectal cancer treatment Stivarga (regorafenib) or its prostate cancer drug 
Xofigo (radium Ra 223 dichloride) because they offered only slight benefits at much greater cost 
(Weintraub 2014). In the United States, meanwhile, pharmacy-benefits managers are starting to 
take aim at high-priced drugs, including those for cancer (Kelly and Berkrot 2015).

Cognitive Computing Comes to Oncology
As we described in the previous chapter, cognitive computing and advanced analytics, like those 
used by Alphabet’s DeepMind and IBM’s Watson, have the potential to radically change the way 
doctors approach diagnosis. This is especially evident in oncology, where patients with rare can-
cers can have a computer analyze their medical record, lab results, and imaging to come up with 
a probable diagnosis.

According to Anil Jain, CMO of Explorys, an IBM company, Watson is the culmination of 
many different models of decision support, from the very beginning of alerts in the clinical space 
(like potential drug interactions or the patient needing a medication). Historically, systems have 
been very Boolean logic-based with rigid rules—fine for noncontroversial, process-oriented deci-
sion support. But healthcare today needs to go beyond this, especially precision medicine.

As an example of the power Watson has to improve cancer treatments, Jain shares an experi-
ence with a University of North Carolina tumor board. For many patients, Watson came to the 
same answers as the group of doctors, but for roughly 30% of patients, the technology was able to 
find potential treatments that the physicians hadn’t been able to find.

The University of Tokyo’s experience with Watson is another case in point. Doctors there were 
stumped when a 60-year-old woman failed to respond to the standard treatment for her leukemia. 
After feeding information from the patient’s medical record into Watson, the program compared 
her data to data from millions of research papers (Ng 2016).

The result?
Doctors had gotten the initial diagnosis wrong. Watson provided the correct diagnosis, a rare 

secondary form of leukemia, in a matter of minutes, leading the way for a new treatment that 
proved to be more effective (Rohaidi 2016). Although doctors were quick to point out that they 
would have gotten to the same answer over time, Watson’s ability to parse through millions of 
research papers in a matter of minutes, instead of weeks, meant the patient could be started on the 
appropriate treatment more quickly.

Recently, IBM and sequencing giant, Illumina, announced a partnership that will see the 
cognitive computing tool be offered as a service to Illumina’s customers alongside reagents and 
sequencing machines (Herper 2017a). Such a collaboration not only will benefit patients, but also 
the medical centers where they are seen. Instead of contracting out genomic analysis to a third 
party, hospitals that take advantage of the Illumina-IBM Watson partnership can keep the data 
analysis in-house, saving time and money (Herper 2017a).

As we described in Chapter 2 (see the section Assistant in the Exam Room), Watson and similar 
technologies aren’t necessarily going to replace doctors, but will work alongside them, augmenting 
and enhancing the physicians’ decision processes. This is particularly the case for radiology, where 
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cognitive computing may be better than the doctors. The success for any cognitive solution to 
interpret imaging data relies on the quality and accuracy of the data used to train the system. The 
importance of high-quality imaging (and other types) of data can be seen in recent high-profile 
acquisitions. In 2015, IBM spent $1 billion to acquire Merge Healthcare, a software company that 
managed a massive amount of data for pharmaceutical firms and research institutes (Slabodkin 
2015). Because having access to large databases of imaging is so essential for AI and cognitive com-
puting software (regardless of the application) businesses that can offer those data will be in greater 
demand. It’s analogous to genetic variant databases; developing proprietary imaging databases or 
partnering with institutions or businesses that have such databases already developed can be a 
significant business advantage in the AI/cognitive computing space. In the competitive oncology 
environment, that advantage can translate into real revenue.

Scientists train AI and cognitive computing software by feeding it tens of thousands of images, 
along with the relevant clinical information. Through pattern recognition and data mining, the 
software can read new images, based on the rules it “learned” from the training images. For exam-
ple, Alphabet’s DeepMind learned to tell the difference between benign (harmless) and malignant 
skin lesions, performing comparably to human doctors at identifying malignancies from images, 
and slightly better than human dermatologists for benign growths (Davis 2017).

Although there is substantial potential in joining cognitive computing solutions together with 
human expertise for oncology, doing so is relatively untested and there are considerable challenges. 
A widely publicized partnership between IBM Watson and MD Anderson Cancer Center was 
put on hold in early 2017, despite a successful pilot program that provided recommendations for 
patients with lung cancer, and agreed with experts approximately 90% of the time (Hernandez 
2017). Setbacks included incompatibility between Watson and MD Anderson’s EHR system 
(Herper 2017b). And to make cognitive computing a regular part of oncology care will require 
published studies demonstrating results similar to the University of Tokyo’s case or the experience 
at the University of North Carolina’s tumor board. Whether Watson, DeepMind, and others can 
deliver is still unclear, but early reports are positive.

But perhaps a bigger change will be how cancer is diagnosed and treatments are prescribed. As 
the data is collected and analyzed, it will become pivotal in making fast and accurate diagnoses. 
As noted, it is likely that some type of software-based, cognitive computing or decision support 
system will match the patient to a treatment, based on their unique characteristics.

IBM and Quest Diagnostics, for example, have partnered to create a service called Watson 
for Genomics. The service pairs IBM’s famous Watson computer with detailed tumor analysis 
(Condon 2016). Dozens of companies are now vying for a piece of the cancer AI market (Dickson 
2017). They include CureMetrix, Cyrcadia, Enlitic, Entopsis, Freenome, Globavir Biosciences, 
Insilico Medicine, Mendel Health, Notable Labs, Oncora Medical, Pathway Genomics, Proscia, 
SkinVision, WuXi, NextCODE, and others. Some of these groups are seeking to improve diag-
nostics or treatment, others are trying to spur drug discovery and development in oncology, and 
some are taking aim at workflow processes and more efficient staffing.

This new paradigm—or automated diagnosis—will have a ripple effect throughout the health-
care industry. Diagnostics, which are currently valued at far less than therapeutics, will become 
increasingly important. We could see the rise of value-based diagnostics, with much higher price 
tags than typical tests. Clearly, cancer centers with access to the most advanced tests and technol-
ogy, as well as the largest datasets will have an advantage. However, it’s also possible that, at some 
point, certain governments will insist that all tumor test results are shared, or some cancer centers 
themselves will decide to do so.
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Future of Cancer Care
Cancer treatment is changing rapidly, and will continue to undergo further dramatic changes over 
the next 5 to 10 years. From changing clinical trial study designs to emerging technologies, the 
role of data can’t be understated, since it will be what truly brings personalized precision medicine 
to patients. Already, experts in the field believe that testing tumors for multiple biomarkers should 
be standard practice. But there are still significant barriers to implementing precision medicine in 
most medical centers (see the sidebar Putting the Real Breakthrough into Precision Medicine).

For example, although some oncologists may believe there is substantial value in performing a 
multibiomarker test on a patient when they are first diagnosed with cancer, payers may not agree, 
leaving a physician to test one marker at a time until a mutation is identified. This may not be 
cost-effective compared to a multigene panel and inevitably delays finding appropriate clinical 
trials and targeted treatments. Even when an insurer is onboard, providers can find it difficult to 
navigate institutional systems to procure such a test for their patients. Thus, treatments that are 
mutation-specific and work across different tumor types, such as Keytruda, may find adoption 
difficult, because of current genomic testing protocols and a lack of payer reimbursement for the 
appropriate tests.

We foresee intense competition among tumor testing firms ahead. For example, companies are 
not just emphasizing the size of their variant databases and comprehensive annotation they do, 
they are also working to lower their prices and reduce their turnaround times. This information 
(i.e., turnaround time, prices, etc.), if kept in a publicly searchable database, could help physicians 
decide which is the best test to offer patients; so companies that share these data may find them-
selves at a competitive advantage against companies that keep that information private. As we will 
describe in later chapters, making these data public supports price and quality transparency, key 
factors in the move toward value-based care.

Databases of mutations and other markers will grow and proliferate, but their potential won’t 
be maximized until the data sources can be connected in some way, enabling new insights to be 
made. A wider range of information, including data about a patient’s characteristics and life his-
tory, will start being gathered and jointly analyzed. That will help establish a more comprehensive 
view of how cancer develops and how best to treat it. Each patient’s treatment will be much more 
individualized and driven by data. That means it will have a higher probability of success com-
pared to the usual trial and error approach.

Drug manufacturers, meanwhile, will have to change how they develop and market their 
drugs. They will no longer be able to sell a drug targeted to the organ involved; rather, their 
drugs will have to target specific molecules involved in cancer cell growth and survival. As men-
tioned earlier in this chapter, Keytruda is the first treatment approved by the FDA using this para-
digm (Schattner 2017). Keytruda is an antibody targeting the PD-1 cellular pathway. It was first 
approved in 2014 for advanced melanoma and approvals for its use in non-small-cell lung cancer, 
head and neck squamous cell carcinoma, classical Hodgkin lymphoma, and urothelial carcinoma 
followed from 2015 to 2017 (Center for Drug Evaluation and Research and U.S. Food & Drug 
Administration 2017). In May 2017, the FDA approved the drug for patients with any solid, 
metastatic tumor with evidence of a defect in mismatch repair, the process of replacing incorrect 
nucleotides incorporated during DNA replication with the correct one (Schattner 2017).

The approval for Keytruda, while groundbreaking, is consistent with the federal government’s 
recent expansive precision medicine initiatives. The National Cancer Institute’s NCI-MATCH 
clinical trials (described in the section Improving Clinical Trials), for example, are testing and treat-
ing patients based on genetic mutations, not the cancer’s organ or tissue of origin. One of the goals 
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of the Precision Medicine Initiative is to use molecular (genomic) research to identify and develop 
new treatments for cancer (Collins and Varmus 2015).

The impact on drug development will likely be delayed for a few years, given the average 
timeline to develop a new drug is more than a decade (see Chapter 8). Companies that perform, 
or have access to, comprehensive molecular testing of patients who were enrolled in clinical trials 
will have an advantage getting approvals for drugs based on genomic mutations, as they can mine 
those data to find subsets of patients that may have responded positively to a drug, even if the over-
all study failed. Moving forward, it will be even more important for drug manufacturers to work 
with molecular diagnostics developers, to ensure they will have the right data to pursue approval 
based on a genomic mutation. Markets for these drugs may become much more fragmented, but 
costs can be spread out across a wider potential market. It won’t be just a drug for patients with 
breast cancer, but for patients with ANY cancer with a particular mutation—a considerable mar-
ket opportunity.

Hospitals and community-based oncologists will also have to make huge adjustments. There 
will clearly be a growing emphasis on data rather than the physician’s own experience. Data spe-
cialists will be needed to help with gathering, analyzing and protecting all this patient data and 
there will be increased motivation to enroll more patients in clinical trials to collect the data. 
Oncology physicians may find themselves needing to stay on top of emerging therapies for other 
cancer types, because shared molecular mutations will direct treatment choice more than the 
tissue of origin. As a result, medical centers could find it advantageous to reorganize cancer treat-
ment groups by biological pathway, rather than by the organ of origin (e.g., breast, lung, colon).

To be successful in the oncology landscape of the future will require more than just data spe-
cialists, however. Completely changing the way medical centers are designed to deliver cancer care 
based on biological pathway, similar in concept to the NCI-MATCH trial arms, would be truly 
revolutionary. Both organizational and management consultants would be needed to ensure the 
new structure streamlines medical center operations, maximizes provider efficiency, and improves 
the patient experience alongside outcomes. Providers who are experts in a particular cancer type 
(e.g., breast or lung cancer) will need additional training, optimally beginning in medical school, 
on genomics and precision medicine. Patients will expect once they have a cancer diagnosis that 
molecular testing will be performed, and their doctor will know how to interpret the results—
opening up business opportunities for companies to develop software to help them do so.

As these technologies come together for cancer care, patients will begin to expect to get the 
right cancer treatment for the first time, based on the individual characteristics of their tumor. 
But health systems, providers, drug manufacturers, and others, such as companies that provide 
AI-enabled software for cancer diagnosis or treatment, will have to be cautious not to overstate 
the capabilities of precision medicine. However, if our predictions about the future of precision 
medicine for cancer come to fruition, we will see a more efficient system, less trial and error, and 
better outcomes for patients.
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Chapter 4

Baby Testing Boom: 
Genomics-Based 
Prenatal Diagnostics

I believe the uptake of these new noninvasive prenatal tests (NIPTs) has been the fast-
est in the history of molecular diagnostics.

Vance Vanier 
Principal at Chicago Pacific Founders and Former VP Global 

Commercial Operations for NIPT, Illumina, San Diego

Stacie Chapman was almost 3 months pregnant in the spring of 2013 when her doctor called 
her at home. Chapman had recently undergone a noninvasive prenatal screening test (NIPT), the 
MaterniT21 PLUS, and the results were devastating. The child she was carrying tested positive 
for trisomy 18, caused by an extra copy of the 18th chromosome, and also known as Edwards 
syndrome (Daley 2014).

It’s not surprising if you’ve never heard of Edwards syndrome. This trisomy is much less com-
mon than Down syndrome, which is caused by an extra copy of chromosome 21 and relatively 
well known. Edwards syndrome affects approximately 1 in every 5,000 infants. It would be more 
common, but is so severe that many Edwards pregnancies end in miscarriage. Only 5–10% of 
affected infants survive their first year. Severe intellectual disability and other medical issues are 
common (Genetics Home Reference 2017d).

For Stacie Chapman and her husband, this was tragic news. But she also couldn’t understand how 
a test her doctor told her had a 99% detection rate could be wrong. Although the couple made plans 
for a termination to be done the following morning, her doctor persuaded her to wait and first have 
a more definitive diagnostic test, which is recommended to confirm the MaterniT21 PLUS results.

The outcome?
A year later, the Chapmans have a healthy toddler—who doesn’t have Edwards syndrome—

and the couple and their doctor are speaking out about popular misconceptions about these 
screening tests (Daley 2014).
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Although the Chapman’s story has a happy outcome, their experience is still a cautious tale 
about one of the fastest growing fields in medicine—noninvasive prenatal tests, or NIPTs.

Thanks to new genomics-based prenatal tests and a surge in the content of databases cataloguing 
genetic defects, it is possible to know much more about a baby’s health prior to birth, or even 
before conception.

NIPTs are at the forefront of this new wave of prenatal testing technology and they have 
caught on fast. The first NIPT launched in the United States in October 2011, but the technology 
quickly attracted leading high profile entrants in Asia, including China’s BGI. In its first year, 
the NIPT market was estimated to be $0.22 billion (Transparency Market Research 2014). The 
market grew to $1.19 billion in 2015 and is expected to reach more than $5 billion by 2025 (Grand 
View Research 2016d). Dozens of companies and laboratories are angling for a position in the 
NIPT market and there are many new opportunities as well, particularly for identifying a wider 
range of defects; earlier detection (including preconception); lowering prices; and related services, 
such as newborn screening.

The story of how prenatal testing evolved mirrors many of biotech’s biggest successes, includ-
ing the explosive growth of genetic tests after next-generation sequencing (NGS) technologies 
made the process less expensive and more efficient. People have an idea about a way to achieve a 
medical breakthrough, their original premise is good but not quite on the mark, they beat their 
heads against a wall for a decade or so, and then they realize they need to try a different way to 
achieve the same thing. The rest is history.

Evolution of Prenatal Testing
Until fairly recently, prenatal testing was limited and reserved to women deemed to be “high risk” 
due to advanced maternal age or a history of complications. Now, many women are confronted 
with multiple ultrasounds and a dizzying array of test options, almost the moment they find them-
selves to be pregnant, or even earlier in the case of assisted reproductive technologies.

Lab tests performed in the first trimester or beginning of the second trimester are used to 
screen women who may need more invasive testing. The most commonly used screens for genetic 
defects in unborn babies have been a set of protein markers found in blood, used in conjunction 
with ultrasound. For example, the quad screen test is a blood test that measures alpha-fetoprotein, 
human chorionic gonadotropin, estriol, and inhibin-A. It’s usually performed between weeks 
15 and 20, right after the start of the second trimester. Abnormal levels (either too low or too 
high) can indicate a potential problem with the developing fetus, such as neural tube defects like 
spina bifida, or chromosomal mutations like Down syndrome and Edwards syndrome (Office on 
Women’s Health and U.S. Department of Health and Human Services 2017).

If the quad or other screening tests are abnormal, or earlier in the pregnancy if the mother 
is considered to be at higher risk for certain disorders, a diagnostic test such as chorionic villus 
sampling (CVS) or amniocentesis (see the sidebar Amniocentesis and Chorionic Villus Sampling) is 
recommended.

As noted earlier, this is an important distinction: lab tests that are performed early in a pregnancy 
are typically screening tests and not diagnostic tests. It may not seem like there’s much of a difference 
between the two, but to pregnant women like Stacie Chapman, concerned about the health of their 
unborn child, there’s a world of difference and there are very real impacts from conflating the two.

Many women apparently don’t understand—or aren’t adequately advised—that a positive 
screening test requires an invasive follow-up. As a result, they may simply make their decisions 
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about the pregnancy or preparation for the child based on the screening result alone (Warsof, 
Larion, and Abuhamad 2015).

Why is it so important that a positive screening test be followed by a more invasive, diagnostic 
one? Understanding why has a lot to do with how common disorders are in the population being 
tested and correctly interpreting the performance of the test, like false-positive or detection rates. 
For example, let’s take a hypothetical population of 100,000 people and a genetic disorder that 
occurs in 20 out of every 10,000 people who are tested. So in the hypothetical population, we’d 
expect to find 200 people with the disorder.

Let’s assume the test has a 99% detection (sensitivity) and 95% specificity. This means that 
99% of the time, the test will be positive when the disease is present—a true positive, and that 
95% of the time, the test will be negative when the disease isn’t present—a true negative. In our 
example, this means that the test will accurately identify 198/200 people who have the disease and 
94,810/99,800 who don’t have the disease. But it also means that 4,990/99,800 people will have 
a false positive result. So, the probability that the disease is actually present when someone has a 
positive test result (or, the positive predictive value of the test) is less than 4%.

Traditional methods, such as the first semester nuchal translucency screen and the second 
semester quad screen, have a 0.5%–7% false-positive rate (i.e., babies identified as having a defect, 
but who are healthy) (Park et al. 2016). That may seem like a relatively low rate, but it leads to 
unnecessary stress for expectant mothers and many more follow-up tests (i.e., amniocentesis or 
CVS) than are truly needed. Further, these traditional screening tests are only useful for detecting 
a small number of genetic defects, namely, aneuploidies, which involve either missing or dupli-
cated whole chromosomes, or neural tube defects like spina bifida.

SIDEBAR:  AMNIOCENTESIS AND CHORIONIC VILLUS SAMPLING (CVS)
Amniocentesis and CVS are actual diagnostic tests that can be performed during the first 
and second trimesters of pregnancy. That means their results are highly accurate. In CVS, 
a sample of cells is removed from the placenta to be tested, whereas in an amniocen-
tesis, amniotic fluid and cells from the fetal sac that surrounds the fetus are removed for 
testing (Office on Women’s Health and U.S. Department of Health and Human Services 
2017). Both CVS and amniocentesis are invasive tests and come with increased risk 
for complications, including miscarriage (Tara, Lotfalizadeh, and Moeindarbari 2016; 
Wah et al. 2016).

The samples collected from CVS and amniocentesis procedures can be analyzed 
using a variety of methods. Karyotyping has long been a mainstay for evaluating large 
chromosomal anomalies. In fact, most people’s first thoughts when they think about 
what a chromosome looks like probably comes from a karyotype image where the chro-
mosomes are lined up in pairs. In karyotyping, the sample is stained and the chromo-
somes are visually examined under a microscope. It’s easy to see, though, that although 
a karyotype can determine if there are extra or missing chromosomes, the resolution it 
provides is not sufficient to identify much more than gross abnormalities.

The use of fluorescent markers that bind to specific regions of chromosomes has 
improved utility of karyotyping in the past decade. These fluorescent markers can be 
used to literally “paint” each chromosome with color. Doctors and researchers can use 
these markers to highlight specific genetic regions and identify duplications, deletions 
of important genes, or places where parts of chromosomes were moved to other chro-
mosomes and joined together. Although this has improved the utility of karyotyping, 



62  ◾  MoneyBall Medicine

how well the method works depends on both the marker binding to the right place on a 
chromosome, the technical specifications of the microscope used to view them, and the 
expertise of the technician who interprets the findings (O’Connor 2008).

Shifting View of Genetic Risk
In the mid-2000s, microarray technology began rapidly advancing and finding new uses. DNA 
chips have been used for years to detect certain mutations, such as those in tumors, or to study 
portions of the human genome. Chromosomal microarrays (CMAs) are chips that contain the 
entire genome laid out on their surface in small fragments. Using samples from amniocentesis or 
CVS, the DNA is isolated from the fetal cells and cut into smaller pieces. A fluorescent marker 
is often attached to these fragments for subsequent visualization. The DNA fragments are then 
hybridized, or bound, to specific sequences on the microarray and later visualized.

This technique also gives genetic analysis using CMAs its name: array comparative genetic 
hybridization (aCGH). The technology is much more accurate than the traditional method of 
karyotyping, and high-resolution arrays have been developed that can identify very small (~200 
base pairs) genetic variants (Urban et al. 2006). Several papers, including a meta-analysis of eight 
studies (Hillman et al. 2011) suggest that aCGH can detect some types of genetic problems, such 
as relatively small duplications and deletions or rearrangements, better than karyotyping (Sun 
et al. 2015; Choy et al. 2014; Wapner et al. 2012).

But there are also limitations to the aCGH method. Certain types of rearrangements, such 
as balanced translocations, aren’t picked up by the technology, since they do not change the copy 
number of the gene present, just the location where it resides (Wapner et al. 2012). And some 
reports assessing aCGHs had surprise findings—the researchers detected a much higher level of 
genetic variations than expected. A small percent of those variations were deemed “variants of 
unknown significance” (VUSs) whose impact on health is still not clear (Manning and Hudgins 
2010; Evangelidou et al. 2013).

Such cases will become less and less common, as data from aCGH and other genomic studies 
accumulate and the clinical consequences of specific genetic variants are determined. In the mean-
time, however, some parents will still be left in limbo after such tests—knowing that their fetus 
has an unusual genetic variation, but not knowing what the implications of that are.

Transformative Technology
Although substantial improvements have been made to karyotyping and aCGH technologies, 
they still require a starting sample taken during CVS or amniocentesis. Despite low numbers of 
complications associated with those procedures, the chance for miscarriage makes them unap-
pealing to many women. To improve prenatal testing, scientists have been trying to find ways to 
capture whole fetal cells from maternal blood instead.

But harvesting such cells proved much more difficult than people anticipated, despite many 
years of work. Finally, in the late 1990s, researchers found evidence of fetal DNA fragments in 
maternal blood samples (Lo et al. 1997). These fragments, called cell-free fetal DNA (cffDNA), are 
released into the mother’s circulation when placental cells break down. It turns out that cffDNA 
escapes into the bloodstream much more easily than whole fetal cells, which make up just 10 of 
every 200,000 billion cells in the mother’s bloodstream. In contrast, cffDNA fragments make 
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up approximately 10% of the genetic material found in a maternal blood sample, although this 
amount can be highly variable (Wang et al. 2013).

Researchers determined that, using standard laboratory tools, cffDNA can be detected as early 
as 7 weeks into the pregnancy (Hyett et al. 2005). Because these tests are noninvasive, there is 
significant appeal for pregnant women to use them, compared to the more invasive (with potential 
complications) CVS or amniocentesis.

In 2008, two rival labs published high-profile papers showing that cffDNA could be sequenced 
to detect whole-chromosome defects highly accurately (Chiu et al. 2008; Fan et al. 2008). They 
used a technique called massively parallel shotgun sequencing to analyze sections of DNA across 
the entire 3 billion base pair-long fetal genome. Specifically, they sequenced 5–10 million sections 
of sequence that were 25–36 base pairs long. Then, they mapped these to the reference human 
genome and started counting how much genetic material came from which parts of the fetal 
genome.

This advance boiled prenatal testing down to a counting problem, at least when an entire chro-
mosome is duplicated or missing. In such cases, there’s a fairly big difference between how much 
of that genetic material is present in a healthy individual and how much is found in someone with 
a defect. By sequencing specific fragments of cffDNA, researchers can stack those fragments up 
and see if there is too much or too little of a certain chromosome present.

That sparked a race to develop new prenatal tests that would be faster, more accurate, and able 
to be done earlier in pregnancy. Results from several large-scale NIPT clinical trials were first 
published in 2011 (Ehrich et al. 2011; Palomaki et al. 2011; Sehnert et al. 2011). These results were 
so positive that multiple medical societies published committee opinions, stating that women at 
high risk for a fetus with certain types of defects should be offered these tests (Gregg et al. 2013).

By October 2011, genomics pioneer Sequenom publicly launched the first of these products, 
MaterniT21, in the United States. Over the next few months, the company analyzed 100,000 of 
the tests (Sequenom 2013). Similar products quickly debuted by numerous start-ups, including 
Verinata Health, Ariosa Diagnostics, and Natera. Globally, the market further expanded into 
South and Southeast Asia, the Middle East, and Australia. Today’s prenatal testing companies are 
competing based on accuracy, price, number of defects they detect, and also trying to find new 
applications for their services.

The adoption of NIPTs is one of the fastest technological transformations in modern medical 
history (see the sidebar Explosive Field of Noninvasive Prenatal Testing). These new tests have also 
dramatically changed the landscape of prenatal care, cutting rates of invasive procedures that were 
once mainstays of obstetric practices. The rise of these test is also bringing attention to the need 
for better genetic counseling.

As Martha Dudek, genetic counselor in Obstetrics and Gynecology at Vanderbilt University 
Medical Center has said, “Initially targeted for the high-risk pregnancy population, the screening 
is now more widely available to all women in pregnancy” (Pasley 2017). This point has an impact 
on the predictive value of the results that we’ll come back to later in this chapter.

SIDEBAR:  EXPLOSIVE FIELD OF NONINVASIVE PRENATAL TESTING
Vance Vanier, MD, MBA
Cofounder and Managing Director, Chicago Pacific Founders

Over the last few years, noninvasive prenatal testing has evolved at a particularly explo-
sive rate.
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For the prior two decades, doctors relied on several relatively ambiguous blood tests, 
usually done in combination with ultrasound, to estimate whether a fetus was likely to 
have one of several common defects. The best known of these blood tests measures 
alpha-fetoprotein.

Unfortunately, these older tests are not very accurate. “Five to 10 percent of times 
when doctors told a woman her fetus was at risk [of a defect], it turned out they were 
wrong,” explains Vance Vanier, former president of prenatal testing company Verinata 
(acquired by Illumina in 2013 for $450 million), in our interview (Vanier 2017). Vanier is 
now a Managing Director of the investment firm Chicago Pacific Founders.

The science of prenatal diagnostics, however, took a dramatic leap forward when 
noninvasive testing became exponentially more accurate. Instead of testing proteins, labs 
are now analyzing cffDNA, which [come from] cells that are sloughed off from the fetus. 
These newer tests are ten times more accurate than the older tests that just looked at 
proteins.

Not only are the cffDNA-based tests more accurate, they also have the potential to 
look at a much broader set of conditions than those that are just protein-based. That 
means fewer women who want this information have to take the risk of miscarriage or 
infection associated with invasive procedures such as amniocentesis or chorionic villus 
sampling, which previously were necessary to get a more accurate view of the fetus’s 
genetic health. What’s more, it’s now clear that this type of test is just as useful in “low 
risk” pregnancies as it is in those deemed at high risk of having a fetus with a birth defect 
(Bianchi et al. 2014).

“I believe the uptake of this test in the U.S. has been the fastest in the history of 
molecular diagnostics,” says Vanier. “It has been slower in other parts of the world, since 
in many places governments end up paying for the test and have lengthy evaluation 
processes. But it is already getting momentum overseas, and has been particularly widely 
adopted in China.”

Initially, this was just a substitution of one cffDNA test for the older protein-based 
tests. The older blood tests were used exclusively for the most common chromosomal 
defects—trisomies of chromosomes 13, 18, and 21. But cffDNA and adjunct technolo-
gies, such as subchromosomal analysis and whole genome screening, can detect a much 
broader set of chromosomal defects.

The upside of this is that patients who are very “risk averse” can get a lot more infor-
mation about their fetus. The downside is that the newer tests can detect genetic vari-
ants of unknown relevance. The variant is so rare it’s not known whether it will cause a 
problem or not. That can cause a lot of anxiety for some parents.

Regardless of these issues, this type of testing is increasing. “I think this has already 
fueled the growth in the overall field of genomic medicine,” Vanier says. “More parents 
will get genomic data about their babies, and there will be greater interest in understanding 
what all that means. Someday, we’ll know what these rare variations mean, and we’ll be 
able to take more and more steps to treat genetic diseases, or at least to mitigate them.”

While NIPTs are a huge advance, they are still only screening tests. They don’t provide a 
definitive diagnosis, but indicate if a fetus is at higher risk of a defect and can sometimes pick 
up a potential cancer in the mother (see the sidebar Maternal Cancer Detection). A positive result 
(i.e., high risk of a defect) from a NIPT leads to referrals for a diagnostic test, such as CVS or 
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amniocentesis. However, pre-implantation genetic diagnosis (PGD), which is available to patients 
undergoing in vitro fertilization (IVF), can provide doctors a method of assessing the genetic pro-
file of the embryo before implantation.

A study from the CDC found assisted reproductive technology in the United States in 2014, 
which includes IVF, resulted in a live birth only 33% of the time (Sunderam et al. 2017) and many 
of the embryos created during the IVF process have chromosomal abnormalities (Kort et al. 2016; 
Shahine et al. 2016; Ubaldi et al. 2017). But PGD can improve the odds, by allowing doctors to 
select embryos that are most likely to be viable and avoid implanting those with certain genomic 
anomalies.

During PGD, generally one or two cells are removed from the developing embryo when eight 
cells have developed, around day 3 postfertilization (Kim et al. 2012). These cells are typically ana-
lyzed using polymerase chain reaction and/or fluorescent in situ hybridization. Single cell genome 
sequencing is also being investigated (Van der Aa et al. 2013; Xu et al. 2015; Patel et al. 2016b). 
In addition to aneuploidies (absence of a chromosome or presence of an additional chromosome), 
PGD can identify chromosome translocations, where sections from different chromosomes are 
switched, and even hereditary disorders (CombiMatrix 2016).

In May 2013, Marybeth Scheidts and David Levy’s son Connor became the first child born 
following the PGD procedure (Geddes 2013). Thirteen embryos were created during the couple’s 
IVF cycle, seven of which appeared normal. Of those seven seemingly normal embryos, only three 
had the correct number of chromosomes. One of those was implanted and 9 months later, Connor 
was born (Geddes 2013).

A couple with a family history of pantothenate kinase-associated neurodegeneration (PKAN) 
also turned to PGD to help them avoid having an affected child (Trachoo et al. 2017). During 
childhood, patients with PKAN begin to exhibit neurological and movement abnormalities, which 
become progressively worse due to increased iron in the brain (Genetics Home Reference 2017a). 
During the couple’s IVF cycle, seven embryos were created: two were likely affected by the disease, 
three were likely carriers for PKAN, one was likely an unaffected noncarrier, and one embryo 
failed the genetic testing (i.e., initial DNA amplification was not successful). Amniocentesis was 
performed on the single unaffected embryo that was implanted and the results were consistent 
with the PGD results. Two years later, the child has normal growth and exhibits no neurological 
symptoms (Trachoo et al. 2017).

SIDEBAR:  MATERNAL CANCER DETECTION: AN UNINTENDED 
CONSEQUENCE OF NIPT AND PGD
Expectant parents undergoing NIPT or PGD are counseled that these tests might find a 
serious genetic disorder is likely to affect their child. But it’s altogether another thing to 
find the fetal test indicates the mother may have cancer.

When Eunice Lee was 10 weeks pregnant, the 40-year-old anesthesiologist had 
the Sequenom MaterniT21 PLUS NIPT to find out if her baby was at risk for a genetic 
disease. Two weeks after the test, Lee walked into her doctor’s office to shocking news: 
the test had picked up some unusual genetic signatures and her doctor suggested she 
undergo a workup for cancer. A full-body MRI found a 7-cm tumor in her colon, which 
she had removed that evening (Hughes 2015).

NIPTs, which use circulating (cell-free) DNA to pick up fetal abnormalities, can also 
pick up circulating tumor DNA from the mother. In a study of more than 125,000 NIPT 
results, approximately 3,700 of the samples were positive for chromosomal aberrations. 
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In the aneuploid (abnormal chromosome) subset of samples, 10 maternal cancer cases 
were identified, eight of which were later confirmed (the remaining two patients were 
deemed too ill to contact) (Bianchi et al. 2015).

Lee’s particular form of colon cancer is usually cured with surgery alone, so she 
decided to forgo chemotherapy. Several months later, Lee did the MaterniT21 test 
again, to see if the test would identify any circulating tumor DNA. “It was purely on my 
own initiative,” Lee told a reporter for BuzzFeed News, “It was for my peace of mind” 
(Hughes 2015).

Lee’s experience brings to attention a possibility that many who undergo NIPTs ignore 
or are simply unaware of. Diana Bianchi of Tufts Medical Center has said, “We need to 
do a better job up front to communicate with patients that we might find out something 
about their own health as well” (Nowogrodzki 2015). The possibility of a maternal cancer 
being identified through a NIPT isn’t typically addressed in a pretest genetic counseling 
appointment, and although a survey of genetic counselors found roughly three-quarters 
would share the results with the patient, more than half said “they would feel uncomfort-
able or very uncomfortable counseling a patient with these results” (Giles et al. 2017).

NIPT companies have been quick to point out that while their tests can sometimes 
pick up on maternal cancers, they aren’t designed or optimized to do so. Nevertheless, 
some of the companies have expressed interest in expanding their product lines to 
include cancer tests (Nowogrodzki 2015). A study performed in nonpregnant women 
found that NIPT identified 40.6% of early- and late-stage high-grade serous ovarian 
cancers (Cohen et al. 2016).

How to handle a woman whose NIPT suggests they might have cancer is still being 
debated, particularly because without other symptoms that could be used to hone in on 
a particular organ for additional testing, doctors have few options other than full-body 
scans or watchful waiting. But in this increasingly competitive NIPT market, accurate 
identification of maternal cancer could be a substantial advantage.

PGD has given parents undergoing IVF the ability to screen embryos prior to implantation, 
avoiding the consequences of carrying a child with devastating genetic diseases. However, as with 
NIPT, there is significant debate surrounding the use of this technology (see the section Ethical 
and Social Consequences of NIPT and NBS).

How Moneyball Medicine Is Transforming 
Prenatal and Neonatal Testing
There have been thousands of genetic defects described to date, the vast majority of which don’t 
involve the addition or subtraction of an entire chromosome. But identifying trisomies (or the 
lack of a chromosome) with cffDNA testing is essentially all that is available today. That alone has 
had a huge impact on medical practices that offer prenatal testing, shifting their revenue flows. 
In particular, it has raised the rate of prenatal testing overall, but reduced the number of invasive 
procedures carried out, because the NIPTs are so much more accurate than the earlier noninvasive 
tests. It has also fueled the booming $1 billion plus NIPT testing market we described earlier.

Researchers and entrepreneurs think there are even more opportunities to improve this field 
and create new businesses.
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Two of the biggest remaining challenges are (1) linking genetic variants with their clinical 
outcomes and (2) improving the analytical methods that allow researchers to accurately scan the 
3 billion base pairs in a genome—not just for whole chromosome duplications or deletions, but 
even for a single base.

What’s more, a major study published in 2012 suggested that the actual number of fetuses with 
genetic defects is much greater than previously thought, although many of these defects will not become 
apparent until later in childhood (Wapner et al. 2012). This creates bigger demand for more data, and 
comprehensive databases, but also opens up a Pandora’s box of unintended consequences that ethicists 
are still working through (see the section Ethical and Social Consequences of NIPT and NBS).

Researchers continue to refine NIPTs and develop novel tools to provide a more accurate and 
detailed view of the fetal genome. At least two labs have already sequenced the entire genome of an 
unborn baby from the mother’s blood sample (Fan et al. 2012; Kitzman et al. 2012). And unlike 
most current NIPTs, which only determine risk of Down syndrome, Edwards syndrome, and Patau 
syndrome, future iterations are likely to be able to screen for a growing number of disorders. Indeed, 
this has already been demonstrated by scientists using “direct haplotyping technology” with cffDNA 
samples from pregnancies at risk for certain inherited genetic disorders (Hui et al. 2017).

While current NIPTs are screening tests whose results have to be confirmed with another, 
more invasive test, there is significant interest in creating a NIPT that is diagnostic (Arcedi Biotech 
2016). Using whole fetal cells instead of cffDNA could play a role in this. A recent study found 
approximately 13 whole fetal cells could be isolated from 30 mL of maternal blood and these cells 
could be subjected to both aCGH and sequencing technologies (Kolvraa et al. 2016).

Pre-implantation and prenatal screening are not the only areas that the confluence of big data, 
complex analytics, and cognitive computing are impacting. Newborn screening (NBS) is also 
becoming a lot more complicated.

NBS involves collecting a blood sample from babies shortly after birth and testing for a variety 
of (predominately) metabolic syndromes. By identifying newborns that potentially have a meta-
bolic disorder so quickly, there is the potential to intervene, preventing or at least minimizing the 
damage.

Phenylketonuria (PKU) is one such disorder. PKU is caused by mutations in the gene that 
codes for the phenylalanine hydroxylase enzyme. These mutations prevent the gene from breaking 
down the amino acid phenylalanine, which builds up in the blood, affecting the brain. Untreated, 
PKU leads to permanent, severe intellectual disability and other problems like seizures and behav-
ioral issues. But if the disease is diagnosed within the first month or two of life, dietary changes 
can be made, preventing the devastating neurological outcomes that used to be common with this 
disorder (Genetics Home Reference 2017b).

The exact composition of NBS varies from state to state, so a newborn with a serious disorder 
might escape notice until symptoms develop depending on where they are born. For example, 
although all states test babies for hemoglobinopathies, as of November 2014, fewer than half 
require and have fully implemented testing for severe combined immune deficiency (National 
Newborn Screening & Global Resource Center 2017). Differences between what states test for 
is one reason why whole exome sequencing (WES) and whole genome sequencing (WGS) are so 
intriguing as a supplement to, or replacement for, traditional NBS. They offer the potential to 
identify an at-risk infant who would not otherwise have been identified through the traditional 
NBS program.

But genomic tests and new treatments are complicating the historic premise of NBS to include 
only those disorders where an intervention is possible (Centerwall, Chinnock, and Pusavat 1960; 
Kwan and Puck 2015). As we present in Chapters 5 and 8, new technologies are making it possible 
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to identify previously undiagnosable conditions and pharma is developing treatments for these 
“orphan” diseases. Consequently, as the technology continues to decrease in price and state labs 
update their technological capabilities, new disorders are likely to be included on states’ NBS pan-
els and the current patchwork of diseases tested for on a state-by-state basis could be eliminated, 
until all fifty states test for the same disorders.

Both WES and WGS are made possible by NGS technologies and are actively being assessed 
in clinical trials at medical centers across the United States to determine their utility, identify limi-
tations, and assess operational challenges (Reinstein 2015; National Institutes of Health 2017). 
Some early studies have demonstrated generally positive results, showing a reduction in the num-
ber of false positives when compared to standard NBS methods, or the ability to diagnose rare 
disorders in sick infants (Saunders et al. 2012; Bodian et al. 2016).

The Newborn Sequencing in Genomic Medicine and Public Health Network is a collaboration 
of four academic medical centers and the NIH (Berg et al. 2017). These centers are investigating 
how WES and WGS could augment or replace traditional NBS methods and learn what disorders 
not currently tested for may be assessed using WES/WGS. At the University of California, San 
Francisco, doctors are using WES to identify variants associated with immunological and phar-
macological outcomes from NBS samples.

You’ll recall from Chapter 2 that pharmacogenomics variants are changes in the genome that 
affect the absorption, digestion, metabolism, or excretion of a medication. Knowing how a patient 
might metabolize a particular drug based on their genetic variants could help doctors choose an 
alternate dosing algorithm or a different medication entirely. And since the information would 
have been collected during NBS, the data would already be available to doctors at the time of 
prescribing (assuming the data has been analyzed, stored, and could be provided to the doctor in 
an easily interpretable format).

Thus, incorporating WGS/WES into existing NBS programs has the potential to provide 
parents with the opportunity to identify metabolic or endocrine disorders at a time when an 
intervention would be beneficial. In addition, there is also an opportunity to determine the risk 
for adult-onset disorders (e.g., BRCA mutations and risk for developing breast cancer) or char-
acteristics that may influence medication choices. Minimally, incorporation of WGS/WES into 
NBS programs could follow the American College of Medical Genetics and Genomics (ACMG) 
guidelines for reporting incidental findings. First published in 2013, the ACMG developed and 
periodically updates a list of genes, currently numbering 59, associated with highly penetrant 
genetic disorders where an early intervention could improve patient outcomes (Kalia et al. 2017).

Although there is significant interest in the use of these techniques to improve upon NBS, 
there is no data to suggest that labs today would be able to perform WGS/WES at the same scale 
as traditional NBS testing. In addition, while the cost of these assays has dropped significantly in 
the past few years, they are still far beyond the cost of existing NBS testing, making it financially 
impractical for states to implement currently (Saunders 2017). This presents a business opportu-
nity for private labs to offer sequencing and interpretation services for parents, but ethical (see 
below) and potential legal issues would have to be addressed to retain autonomy and to prevent 
discrimination in situations not covered by the Genetic Information Nondiscrimination Act of 
2008.

NIPT is already changing how expectant parents think about prenatal testing and how much 
information they can learn about their baby, before it is born. Similarly, NBS in the future may be 
an opportunity to learn not only about any treatable metabolic disorders, highly penetrant heredi-
tary diseases, or pharmacogenomic information that could prevent adverse drug events, but also 
about diseases that may not develop until adulthood—if at all. Currently, NIPTs and NBS are 
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relatively limited in the information they provide. NIPTs still rely on invasive diagnostic testing to 
confirm a positive result, and there is little that can be done once a prenatal diagnosis is made. But 
the developments we describe here are beginning to make their way into the clinic, and as we’ll 
show at the end of this chapter, a new option to fix genetic defects before a baby is born or shortly 
thereafter may soon be possible.

Ethical and Social Consequences of NIPT and NBS
Unlike genomic testing of adults, there are special considerations for testing of children. When the 
children have yet to be born, still another layer of complexity arises.

With the technical ability to accurately determine the sex of a fetus weeks into a pregnancy 
comes the concern widespread adoption of NIPT will lead to sex-selective termination (de Jong 
et  al. 2010; Vanstone et al. 2014). Eight states have already passed legislation prohibiting the 
practice. Two states of those have gone further, prohibiting abortion based on a fetal abnormality 
(Green 2016). Disability rights activists are concerned that over time, fewer children will be born 
with these disorders—making NIPT a kind of “modern-day eugenics” (Green 2016).

As NIPT and NBS capabilities advance and a larger number of disorders can be accurately 
screened for, whether or not to test for say, the BRCA genes, becomes a difficult decision. If the 
test finds the fetus carries a mutation, it can influence the parent’s reproductive decision-making 
for subsequent pregnancies and also indicate one of the parents (who may be asymptomatic at the 
time) also carries the mutation. But BRCA-related cancers arise in adulthood and interventions to 
reduce cancer risk are not performed until after the individual reaches adulthood—a time when 
they can decide for themselves whether or not they would want to have testing done. Prenatal and 
newborn testing for disorders like this remove an individual’s ability to make those decisions for 
themselves (de Jong et al. 2010).

Right now, the tests are largely screening methods and diagnostic tests have to be performed 
to confirm a diagnosis. Patients sometimes don’t realize the difference and are making decisions, 
such as declining more invasive tests, based solely on results from the screening test, causing fur-
ther concern (Warsof, Larion, and Abuhamad 2015).

In February 2014, a large-scale study was published confirming that NIPTs were also much 
more accurate than the traditional tests among low-risk women, potentially expanding the market 
even further (Bianchi et al. 2014). As the technology continues to improve and doctors gain the 
ability to mitigate the effects of a genetic condition, or even fix it during the prenatal or neonatal 
period, debates over the ethical and social issues are sure to continue.

Future of Prenatal Testing
We have made a gigantic technological leap forward in the past decade from a prenatal screening 
process that was much more uncertain, sometimes more invasive, and directed only at high-risk 
pregnancies. Today, NIPTs are reframing prenatal testing choices and more women, even those 
with normal-risk pregnancies, are taking advantage of the opportunity to learn more from the 
testing available. Test developers may need new strategies to reach these women: doctors don’t 
usually recommend testing in younger (i.e., low-risk) women, or those with no history of genetic 
disease in their family, and the predictive value of these tests in low-risk women is substantially 
lower than in high-risk women.
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The widespread adoption of these tests is supporting the public’s growing understanding of 
genetics. That, in turn, could fuel demand for a wider range of gene sequencing-related products, 
more accurate test options, and services, such as prenatal genetic counseling.

As we described, the key advances in this field have been the development of cffDNA testing, 
NGS, and CMAs. The amount of data collected through these new technologies has been substan-
tial. These new technologies, combined with information from ever-growing genomic databases, 
can provide an unparalleled view of the prenatal and neonatal genomes.

But just as with oncology and other aspects of precision medicine, this information is incred-
ibly complex and data sharing between companies is not common. In fact, the NIPT market has 
been under significant turmoil for several years, the result of ongoing lawsuits in the United States 
and overseas regarding patient infringement between labs performing the tests (Winnick 2012; 
Agarwal et al. 2013; Heger 2016). But competition between the companies can lead to improved 
tests for patients and allow them to choose based on the diagnostic performance of the test.

To continue to improve the predictive value of these tests, collaboration between companies or 
medical centers with large patient databases will be necessary to link genomic variation to clinical 
outcomes. As mentioned earlier, much of the variation that has been already linked to disease is 
either clearly problematic or clearly benign, but there remains a substantial proportion that are 
of unknown significance. For prenatal testing, addressing this uncertainty will be a key area of 
research as well as a business opportunity—the company that offers the most reliable results, will 
have a big advantage.

As a result, many groups, including clinical centers and some academic researchers, are busy 
building up their databases of genetic defects. As these grow, the number of VUSs will shrink. To 
maximize the value of these databases, researchers (and businesses) will need to collaborate and 
share the data. Right now, the data are considered valuable, but we are moving toward a future 
where the interpretation of the data is where the real opportunities are (see Chapter 10).

Someday, new start-ups will be able to access publicly available variant databases and create 
new software that interpret everything from risk of developing cancer later in life to whether the 
baby will have an allergic reaction to Tylenol, and expectant parents may even be able to view it on 
their mobile devices. For parents with more questions than could be answered within the mobile 
app, they could connect to genetic counselors via telemedicine and video conferencing. This isn’t 
a sci-fi fantasy, it’s taking technology that already exists and pushing it further. That’s why clinical 
genomics is among the fastest-growing, big data fields.

What’s more, new advances are also coming for treatment of genetic defects. Until recently, 
once a mutation was found there was little an expectant parent could do. The mother could 
decide to terminate the pregnancy or instead prepare for the birth of a child with whatever dis-
ability was identified. Technology like CRISPR (described in Chapter 2) and advanced gene and 
stem cell therapies are making a third option possible: fixing the problem while the fetus is still 
developing.

Several high-profile examples have emerged demonstrating the utility of these methods to cure 
patients from some disorders. A test of CRISPR using nonviable human embryos demonstrated 
the ability for scientists to alter a gene responsible for a blood disorder (Cyranoski and Reardon 
2015) and a second team in 2016 was able to make the embryos resistant to HIV (Callaway 
2016). More recently, the technique has been expanded to viable embryos, where attempts to fix 
ß-thalassemia and a G6PD deficiency were more successful than the earlier studies with nonviable 
embryos, although still variable (Tang et al. 2017). And a recent New England Journal of Medicine 
article that documented the use of gene therapy to cure sickle cell anemia in a boy (Ribeil et al. 
2017) is encouraging hopes that the technique might one day be extended to the prenatal period.
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We’ve moved past the days of identifying only high-risk patients for additional testing. Expectant 
parents are asking for more information about their fetus and what to expect as the baby grows 
older—and they’re getting it. New treatments are being developed constantly that are changing the 
patient trajectories of rare diseases, so parents can now plan in advance for medical care and edu-
cational opportunities for babies with disabilities. Gene editing methods like CRISPR might give 
parents another option: fix the genetic mutation before the baby is born. Getting to the future of 
prenatal testing, where NIPTs are diagnostic, not just meant for screening, is likely to come in the 
near future, as techniques used for NIPTs are refined and the industry matures.

To manage the vast amounts of data generated by these tests, companies are increasingly turn-
ing toward cloud computing (see Chapter 10). This is democratizing not only the NIPT market, 
but precision medicine more generally, allowing start-ups to purchase only the data storage and 
software solutions they need at the time, with the ability to scale up (or down) seamlessly as their 
company’s needs evolve. This means some financial and/or technical barriers for entrepreneurs 
looking to enter or expand into the NIPT market are lowered, and current NIPT providers might 
find it easier to expand into cancer tests, as described above.

The real benefit of expanding NIPT, so that nearly all expectant mothers undergo the test, 
would be in having clinically useful information about the baby available to physicians and other 
healthcare providers as the child ages. Where to store this type of data and how to ensure that 
it remains secure are not trivial concerns. Cloud computing and blockchain are two potential 
solutions.

Leveraging the potential of cloud computing, managing large variant databases, creating use-
ful and easy-to-understand user (expectant parent) interfaces for websites or even mobile apps, and 
sifting through vast quantities of scientific literature to characterize individual variants require 
employees with experience in computer science and bioinformatics. In addition to clinicians and 
genetic counselors, these data-driven scientists will find numerous career opportunities in the 
NIPT market.

Despite the technical limitations and ethical considerations of NIPT, no one can refute that 
it has turned prenatal testing upside down. As the technology continues to improve, the results of 
these tests will have greater predictive value. As databases supporting the clinical interpretation 
of genomic variants continue to grow, expectant parents will be able to learn even more about a 
fetus’s health prospects. These advances will lead to new business opportunities, increased medical 
services, and evolving options for prospective parents.
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Chapter 5

New Hope for People 
with Rare Diseases

Ultimately, to get to our own big data moment, we’ll need a federation of a lot of data-
bases. Connecting to partners supports a whole new approach to medical research in 
which communities drive research.

Sharon Terry
President and Chief Executive Officer

Genetic Alliance, Washington, DC

In the age of Big Data, we’re attempting to solve big population health problems—such as what 
are the most important factors driving heart disease or diabetes—by analyzing huge swaths of data 
points (see the section in Chapter 2, Precision Medicine: Welcome to the N-of-1). But researchers are 
also finding that advanced analytics, laboratory tools, and cognitive computing software can be used 
to help a different patient population: patients with rare diseases, or conditions that affect 200,000 
patients or fewer, according to U.S. standards. More than 7,000 rare diseases have been documented 
worldwide affecting over 350 million people (National Center for Advancing Translational Sciences 
2016; Global Genes 2017). Until recently, those patients have been relegated to observing the race for 
new drugs from the sidelines. But that has been changing.

The rare disease market is burgeoning for pharma and biotech as well—providing both oppor-
tunities and financial benefits. Data-driven advances and the Orphan Drug Act are making it more 
efficient and (sometimes) less costly to develop drugs for rare diseases, helping to drive substantial 
profits for pharma. Smaller pharma, biotech companies, and even academic researchers with one or 
two candidate drugs for rare diseases find themselves worthy of acquisition by the big companies or 
with licensing agreements as a way to reduce development costs, shorten the timeframe to bring a 
drug to market, and expand into new patient populations. The most expensive therapies on the market 
today are for rare diseases, with price tags exceeding $500,000 for the top seven drugs (Speights 2017).

This market essentially surged due to a confluence of factors. Although rare diseases affect 
smaller populations more than the typical “blockbuster” markets of common diseases, the price of 
treatment for rare diseases is inversely related to the patient population size. Insurers will generally 
pay for these lifesaving drugs, even at incredibly high prices (Jarvis 2013). That realization has led 
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to interest from a broader group of drug developers. (For more, see the section Drug Developers 
Rally around a Business Opportunity, later in this chapter.) There are also hundreds of nonprofits 
focused on specific rare diseases, and more of them are taking a bigger role in investing and guid-
ing research, besides providing support to patients. New technologies, meanwhile, are making 
it much more efficient to develop drugs, even for rare diseases, which are particularly hard to 
address, since the small patient populations generate less data.

In short, innovative drug developers, revved up nonprofits, and new data-fueled tools have 
led to big changes in this field over the last decade or so. Most patients still struggle to get help, 
and some start-ups in rare diseases may not achieve their goals. But, it is a more hopeful time in 
this arena than ever before. As we’ll describe in this chapter, heavy use of data and analytics, a 
combination of emerging and maturing technologies, the engagement of citizen-scientists, the 
novel use of social media, and new business models are bringing new hope to these patients and 
new opportunities for entrepreneurs, data scientists, and healthcare and life sciences professionals.

Rare Disease Patient Odyssey
For any family searching for a rare disease diagnosis, the process can be harrowing. Leslie Gordon 
and Scott Berns, both of whom are doctors, knew something was wrong with their baby when 
his growth rate dramatically dropped off around 9 months (Henig 2005). Sam stopped growing 
properly and his baby teeth didn’t come in on time. He also seemed stiff. “I’m his mother. I know 
there’s something wrong here,” Leslie said (Saey 2014). Gordon and Berns had Sam tested for 
various disorders that might explain his small stature without luck, until a colleague of Berns men-
tioned an extremely rare genetic condition not usually seen outside of textbooks: Hutchinson–
Gilford progeria syndrome, typically referred to simply as progeria (Henig 2005). In 1998, before 
his second birthday, Sam was officially diagnosed with progeria.

As physicians, Sam’s parents knew the prognosis was dire. Children with progeria suffer all the 
symptoms of old age, with symptoms emerging in the first 2 years of life. Their eyesight deterio-
rates, their skin thins, they lose their hair and body fat, and their joints and arteries stiffen. Heart 
attacks and strokes caused by cardiovascular disease are the leading causes of death in patients 
with progeria, occurring at an average 14.7 years (Gordon, Brown, and Collins 1993; Sarkar and 
Shinton 2001). Around the time Sam was diagnosed, there were only about 60 children in North 
America known to be living with the disorder (Henig 2005). Not only was Sam’s health rapidly 
declining, but there was little hope for a cure on the horizon.

For one thing, it’s very difficult to determine the underlying causes of such rare genetic dis-
eases. It’s like hunting for a needle in a haystack. In this case, the haystack is comprised of the 
3 billion DNA base pairs in a human genome. Most of the human genome is identical from 
person to person, with about 10 million single nucleotide polymorphisms (SNPs) (changes in the 
DNA sequence) that make each of us unique (Genetics Home Reference 2017e). But most of those 
variants do not cause health problems. Figuring out if a variant causes a disease usually requires 
samples from hundreds or even thousands of patients to sort out the noise (benign variations) from 
the truly pathogenic ones.

Finding the gene for this particular disease, his family worried, might be especially hard.
Because of her scientific training, Gordon knew that basic research would be necessary to 

uncover the cause of progeria. Berns, who also had a public health degree from Harvard, knew 
that obtaining funding through the NIH was their best chance to receive support from science 
programs. Gordon and her husband quickly launched the Progeria Research Foundation (PRF). 
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Gordon served as the medical director and Berns worked on its board, with her sister Audrey 
Gordon, a lawyer, later becoming the PRF’s executive director (Rothman 2014).

Sam’s parents had the good fortune of connecting with Francis Collins early on. Collins is 
currently head of NIH, but in the early 2000s was head of the NIH’s National Human Genome 
Research Institute. He led the public branch of the race to sequence the human genome and led 
the team that discovered the gene (CFTR) for cystic fibrosis in 1989 (Iannuzzi et al. 1989). Collins 
had once treated a patient with progeria, so he was familiar with the disease (Henig 2005).

They also got advice from Sharon and Patrick Terry, a couple who had essentially created a 
blueprint for accelerating research into rare diseases after their two children were diagnosed with 
PXE (pseudoxanthoma elasticum), an inherited condition that causes certain tissues in the body 
to become mineralized (Genetics Home Reference 2017c) (see the sidebar Genetic Alliance’s Efforts 
in Rare Disease Research). With guidance from the Terrys and others, Sam’s family set out to do 
everything they could to help children with progeria. The odds were stacked against them, as this 
disease is so extremely rare. But they ended up making good progress in an especially short period 
of time.

SIDEBAR:  GENETIC ALLIANCE’S EFFORTS IN RARE DISEASE RESEARCH
Sharon Terry
President and CEO, Genetic Alliance

It happened out of the blue. Sharon Terry was taking her young children to a specialist 
to look at an odd skin rash they had each developed. She ended up learning they both 
had a rare, incurable genetic disease, with potentially serious effects. Not one to back 
away from a challenge, Terry and her husband dove straight into the business of finding 
new treatments for their kids. In the process, she became the longtime leader of a unique 
organization, Genetic Alliance, which provides resources and guidance to hundreds of 
advocacy groups and others seeking cures for rare diseases.

Over the 20-plus years she’s been doing this work, she says some important steps have 
been taken. “One crucial thing we’ve realized is every disease can be stratified into subcat-
egories,” says Terry in our interview (Terry 2017). Even common diseases, such as diabetes 
or breast cancer, actually have lots of subtypes, many of which are rare. “As a result, the 
whole concept of rare disease is changing. It’s no longer just about genetic syndromes, but 
includes a growing list of common disease subtypes as well,” she explains.

Also, diseases don’t exist as silos. There are bridges—or common biological 
pathways—from disease to disease. You might, for example, find a biological disrup-
tion in a type of diabetes that is also found in a rare genetic disease that presents in 
a very different way. “There are a limited number of phenotypes the body expresses. 
As a result, data about a phenotype in one condition may actually be relevant to 
another,” says Terry.

These realizations have inspired some to take a new approach to medical research in 
general. One of the big challenges has always been getting a suitable cohort of patients 
for trials: to get statistically relevant results, researchers want all the patients in a trial to 
be similar, and they want lots of them. “For rare diseases, this has always been a particu-
lar problem,” Terry explains. “We used to say that creating these cohorts was like ‘finding 
a needle in a haystack.’ But now, it seems more accurate to say that the entire haystack is 
made out of needles.”
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When Terry and her husband helped found the advocacy group PXE International 
they wanted to advance and spur research on a specific rare disease. They ended up 
developing a blueprint for rare disease research that included building tools for all advo-
cacy groups to collect their own clinical information and biological samples, as well as 
helping them design research programs and clinical trials.

The vision at Genetic Alliance was to allow many other disease groups to follow this 
path. The group created a set of enabling tools, including a biorepository (http://www​
.biobank.org/) and registry (Genetic Alliance 2017a). The idea was that each group would 
use these tools to work on their own diseases. “But it turns out it is technically difficult 
for disease advocacy groups to capture information, even if they have the right tools. A 
few groups have copied the PXE model, but we have not yet achieved anything close to 
a critical mass and significant change in the pace of rare disease research,” says Terry, 
underscoring the challenges of medical research in general, let alone in rare diseases.

Genetic Alliance has now shifted its focus to a new platform called Platform for 
Engaging Everyone Responsibly (www.peerplatform.org) (Genetic Alliance 2017b). 
This novel registry collects data from patients with any disease, while helping them 
learn about their condition. They can also share their own health data with research-
ers and advocacy groups if they choose. “We’re hoping this will spur a generation of 
entirely new hypotheses and research that is not constrained by the old ways of defining 
cohorts,” explains Terry.

The platform populates three levels of data. The first asks general questions and pro-
vides feedback about how one patient compares to others. The next level collects com-
mon data elements (http://www.nlm.nih.gov/cde/) established by the National Institutes 
of Health. These allow researchers to measure and report on the same things, in a similar 
fashion, across multiple diseases. Finally, at the third level, the questions get in depth and 
very specific to particular conditions. If patients choose to, they can also share their data 
securely with carefully screened researchers and other third parties.

“Ultimately, to get to our own Big Data moment, we’ll need a federation of a lot of 
databases,” says Terry. “Connecting to partners supports a whole new approach to medi-
cal research in which communities drive research” (Terry 2017).

Rapid Progress against Progeria
The PRF began by setting up a biological repository and started tracking down children with 
the disease, eventually finding a total of over 100 through an innovative public awareness cam-
paign and a webpage on the PRF website: http://www.progeriaresearch.org/find-the-other-150/, 
which contains information about progeria in approximately 20 languages (Progeria Research 
Foundation 2016). With so few children affected, each new child who is identified adds tremen-
dously to the data that can be generated about progeria.

In November 2001, there were a few hints where to look for the causative gene for progeria. 
W. Ted Brown, a leading expert on progeria and the doctor who confirmed Sam’s diagnosis, was 
already targeting a region on chromosome 1 based on molecular analysis from a set of identical 
twins with the disorder that he had treated (Sarkar and Shinton 2001). By the following year, 
researchers at the University of Michigan were expanding on the data from Brown’s lab, looking to 
see if the mutation on chromosome 1 affected nearby genes as well. Not long after, Francis Collins’ 
post-doctoral researcher found two patients with a section of DNA that was inherited from only 
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one parent—not from both parents as normal—and hypothesized the progeria gene must be in 
that region (Eriksson et al. 2003).

With the coincident timing of the Human Genome Project, Collins’ researcher was able to 
see what genes were present in the region she had identified. After some additional sleuthing and 
molecular analysis of more patient samples from the PRF, the search for the gene that causes pro-
geria was over (Rothman 2014).

Remarkably, just 5 years after Sam’s diagnosis, they had determined that progeria is caused by 
mutations in the LMNA gene (Eriksson et al. 2003; Rothman 2014). This gene has about 25,000 
base pairs, and the most common cause of progeria is a SNP—the 1824C>T (G608G) mutation—
that results in a shortened protein. More than 20 other mutations have now been identified that 
cause the disorder (Eriksson et al. 2003; Taimen et al. 2009). Once the researchers identified the 
causative gene, Gordon’s and Berg’s attention then turned toward a cure.

Again, the researchers had a little luck. It turned out that lamin A, one of the variant proteins 
encoded by LMNA, was very well studied as a target for cancer research. There were already sev-
eral drugs in development that act on the gene’s product (Kelland et al. 2001). PRF sponsored 
some animal and other laboratory studies to see if any of these drugs seemed to block the dam-
age caused by the lamin A mutation. They found a promising treatment (lonafarnib). Next, they 
enlisted Mark Kieran, a pediatric brain cancer specialist at Boston Children’s Hospital and the 
Dana-Farber Cancer Institute, and one of the few specialists on this class of drugs, to help them 
design a study.

In 2007, a clinical trial was launched to study lonafarnib (a farnesyltransferase inhibitor) in 
children with classic progeria (Gordon et al. 2012). This remarkable study enrolled children from 
16 countries. It was also unusual because there was no placebo (sugar pill), which is standard pro-
tocol for such trials. Instead of comparing the effects of the drug to a placebo, researchers used data 
about how the disease typically progresses to determine whether or not the drug was helping the 
children. Of 25 children who completed the study, all showed improvement in one of several ways: 
weight gain, hearing, bone structure, and/or flexibility of their blood vessels (Gordon et al. 2012).

That last finding was a “home run,” according to Leslie Gordon, because changes in blood ves-
sels are linked to the heart attacks and strokes that are the major causes of death among kids with 
progeria (Hamilton 2012). A second trial in 37 children, which combined lonafarnib with pravas-
tatin and zoledronic acid, found only bone density was improved over using lonafarnib alone 
(Gordon et al. 2016). Finding a new drug typically takes about 20 years. But in less than a decade, 
PRF had identified the gene underlying progeria, found a potential treatment, and completed a 
clinical trial, with the results from a second clinical trial coming just 4 years later.

Sam Berns participated in the first trial, which he described as “rigorous.” He went on to 
say, “I remind myself I’m helping researchers develop treatments for myself and other kids with 
progeria, and that drives me along” (Progeria Research Foundation 2012). Tragically, Sam died 
not long after the drug trial was over. But he was described by his mom as an otherwise typical kid 
who had friends and a “fantastic” life (Hamilton 2012). His family’s fight against progeria is also 
the subject of a film called Life According to Sam, which was shown at the 2013 Sundance Film 
Festival (Fine 2013).

Progeria research has also contributed to research into common diseases of aging, as well as 
aging itself. “It has told us something pretty profound, namely that all of us are making little bits 
of this same toxic protein,” Collins said. “Kids with progeria are making a lot. We’re making a little 
bit. And as our cells get older and older, they start making more” (Hamilton 2012). Lab studies 
suggest that progerin production may be triggered by damage to telomeres, which are the ends of 
chromosomes and are already implicated in aging research (Cao et al. 2011). In addition, progeria, 
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along with several other rare diseases, has provided substantial insight into the molecular mecha-
nisms underlying skin cancer (Capell, Tlougan, and Orlow 2009).

Today, Sam’s parents continue their work with the PRF. The organization has an ongoing 
campaign to find all children with progeria and an active fundraising arm. Importantly, PRF 
continues to work with scientists to identify new treatments for progeria. An ongoing clinical trial 
is evaluating the maximum tolerated dose for everolimus, an MTOR inhibitor, taken with lona-
farnib. The PRF will finance and coordinate a phase II trial for the effectiveness of the drug com-
bination (Progeria Research Foundation 2017b). The PRF maintains a cell and tissue bank that 
researchers can access for patient samples. These samples are an important component of ongoing 
basic research and early preclinical trials of medications (Progeria Research Foundation 2017a).

Rise of the Citizen-Scientist
For families of patients with rare diseases, it can seem like science moves at a snail’s pace. Without 
a large population of affected individuals, it can be next to impossible for researchers to uncover 
the molecular basis for a rare disorder or gather enough patients for a clinical trial. Indeed, single 
arm clinical trials (performed without a control group or placebo) are common for very rare dis-
eases because there are so few patients affected. Some ultrarare diseases may only affect one or 
two people worldwide. And obtaining research funding for these disorders can be difficult, which 
limits the progress scientists can make. But a growing number of patients and their families are 
taking steps to become more active participants in their medical research and are spearheading 
fundraising efforts designed to speed up the hunt for a cure.

The Terrys had mobilized as soon as they learned about their children’s diagnosis with PXE in 
1994 (see the sidebar Genetic Alliance’s Efforts in Rare Disease Research). Patrick Terry was manag-
ing large construction projects at the time, and Sharon was a former nun and college chaplain. 
Though not scientists or doctors, like Gordon and Berns, together the Terrys read every article 
they could find about PXE and analyzed how medical research works. Patients with PXE often 
have unusual skin lesions, changes in their eyes, and even partial vision loss, as well as cardiovas-
cular and digestive system symptoms. The disease is also rare, affecting only 1 in every 25,000 
Americans (Genetics Home Reference 2017c).

They quickly realized that finding new drugs is a long and complex process. Although things 
have changed, rare disease research was practically nonexistent at that time. Drug companies were 
most interested in diseases that affect many people (such as heart disease, diabetes, or arthritis) 
and therefore have “blockbuster” potential.

The Terrys were also dismayed to learn that academic scientists tend not to collaborate very 
well, because the system doesn’t reward them for doing so. Instead, they are very competitive, 
typically keeping their data secret until they have been first to publish about it. With a rare disease 
like PXE, the Terrys reasoned, coordination and collaboration would be key to making progress. 
Otherwise, how could they amass enough data points to make useful discoveries? And even more 
discouraging, scientists often didn’t share their results with the very patients they were collecting 
samples from (Marcus 2011).

So, the Terrys mapped a strategy for rapidly accelerating the research process and managing 
much of it themselves. They launched a global advocacy group called PXE International, started 
raising money, established a blood and tissue bank and a patient registry, discovered the gene 
themselves working at night on a borrowed lab bench, patented the gene, created a diagnostic test, 
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and began gathering data about how the disease progressed in different patients. They eventually 
also established several labs dedicated to research on drugs for PXE.

Those are all crucial ingredients for an effective research program. Blood and tissue samples 
are studied to understand the basic biology of the disease—what causes it, how it manifests, and 
how to follow its progress. It is also important to understand the disease’s natural history, i.e., how 
it usually progresses. Most diseases progress differently among patients. Understanding how that 
process varies helps scientists to better design clinical trials and know the entire range of signs and 
symptoms of whether or not a treatment is working.

One key goal of such families now is to find drugs that may already be partially, or even 
wholly, developed that seem promising for “their” disease, as in the example described above of 
lonafarnib for progeria. Many drugs fail to reach market either because they don’t work quite well 
enough in a particular condition, or because they just won’t make enough money to warrant com-
mercialization. Sometimes researchers can find new uses for such drugs, saving a lot of time in the 
development process. The key is understanding the basic biology of a condition: what molecules 
are affected by the genetic mutation? Then, researchers can sort through drugs that may have 
already been developed against the same molecular target.

In the process of setting this up for PXE, Sharon became the first nonscientist and member of 
an advocacy group listed on a gene patent, when she got her name on the patent for the PXE gene 
(PXE International 2004). The gene was discovered by Sharon and Pat at that borrowed lab bench 
space at Harvard with a collaboration with the University of Hawaii. As a discoverer of the gene, 
Sharon had the right to be named on the patent, and thought it was crucial for her name to be on 
that patent, because the Terrys didn’t want anyone else to “own” the PXE gene and block research 
on it. Rather, they wanted as many people as possible doing research on PXE.

“We are stewards of this gene, and we are responsible for using it to develop diagnostics and 
therapeutics that are accessible and affordable,” Sharon stated in PXE International’s August 2004 
press release announcing the patent (PXE International 2004). (Note: The Supreme Court has 
since made a ruling that invalidates the gene patents, including the PXE patent, but that ruling 
supports the Terrys’ goal, which is to make it easier for researchers to work on rare disease genes 
[Denniston 2013].)

Patrick Terry is now a biotech entrepreneur and helped found the breakthrough personalized 
medicine company, Genomic Health. Sharon is president and CEO of the Genetic Alliance, an 
organization that provided the Terrys with tremendous support and lots of information during 
their odyssey (see the sidebar Genetic Alliance’s Efforts in Rare Disease Research). She has written a 
detailed account of her family’s journey for the journal Health Affairs (Terry 2003). Over the years, 
she has also counseled hundreds of families, including Sam Berns’, on how to follow the same steps 
she and Patrick took when they learned their children had a rare genetic disease.

Leslie Gordon and Scott Berns’ “mom and pop” story of rare disease drug research is exceptional, 
but it’s not unique. More and more family members are getting involved in rare disease research for 
their loved ones. Brothers Ben and Jamie Heywood founded PatientsLikeMe, a website based platform 
that brings people with disorders together to share their experiences and their health data, after their 
brother Stephen was diagnosed with ALS at age 29 (PatientsLikeMe 2017). Amylynne Volker, mother 
of Nicholas Volker (see the section Advancing Technologies: Precision Medicine for Rare Diseases), started 
the One in a Billion Foundation, which focuses on the use of whole genome sequencing (Nicholas 
Volker, One in a Billion Foundation 2017). Patient and family engagement can take a variety of forms, 
from simply donating money to existing organizations or directly to hospitals and labs, to helping 
scientists determine what research studies should be performed and directing spending.
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The Cystic Fibrosis Foundation, is another example. Cystic fibrosis (CF) is an inherited disease 
caused by mutations in the CFTR gene that prevents proper chloride ion movement in and out of 
cells and results in a severe buildup of mucus in the lungs and other organs (Tsui and Dorfman 
2013; Cutting 2015). The frequency of the disorder varies by ethnic background, affecting approx-
imately 1:2,500–3,500 Caucasian newborns, but is much less common in African Americans and 
Asian Americans (Genetics Home Reference 2012).

Because cystic fibrosis is relatively rare in the overall population, drug companies at the time 
had little interest in finding a treatment. Together with the Cystic Fibrosis Foundation, prominent 
Boston businessman Joe O’Donnell raised $175 million for research on a treatment for the disease 
(see the section in Chapter 8, High-Throughput Screening) (McGrory 2012). O’Donnell’s son Joey 
had died at age 12 from CF. That’s an extraordinary amount of money for one person to raise, 
and the story demonstrates how pivotal financing is in a high-cost arena such as drug develop-
ment. The partnership between O’Donnell and the Foundation is one of the most productive to 
date in the realm of rare diseases. As a result of that collaboration, the drug ivacaftor (Kalydeco) 
was launched in 2012 by Vertex Pharmaceuticals, marking a major milestone in rare disease drug 
discovery and development.

Another inspiring story surrounds the Crowley family, whose children both have Pompe 
disease, a genetic lysosomal disorder that causes a deadly accumulation of glycogen in the body. 
The infantile early-onset form of the disease is particularly debilitating and usually lethal, killing 
patients in early childhood, while the later-onset type (which includes infantile onset without 
cardiomyopathy) is somewhat milder (Genetics Home Reference 2016; Leslie and Bailey 2017). 
The family received the first devastating diagnosis, for their daughter Megan, in 1998, when she 
was less than 2 years old. Further testing showed her younger brother Patrick was also affected 
(Moran 2016).

A couple years later, the children’s father, John Crowley, heard wheelchair-bound Christopher 
Reeve give an inspiring talk (Davies 2010). With no cure in sight for his children, Crowley 
decided to take action himself and founded biotech firm Novazyme, which eventually grew into 
an 80-person company before its acquisition by pharmaceutical rare disease specialist, Genzyme, 
which eventually launched a drug that Crowley’s children are now taking (Davies 2010). Since 
then, Crowley has gone on to found two other biotech companies, Orexigen Therapeutics in 2003 
and Amicus Therapeutics in 2005, where he currently serves as Chairman and CEO, working on 
a broad range of rare diseases (Davies 2010; Amicus Therapeutics 2011).

In another example of how to speed rare disease research, patient advocacy groups are shar-
ing their samples and clinical data to support their cause. The Collaborative Trajectory Analysis 
Project (cTAP) is a novel collaboration between advocacy groups, pharmaceutical companies, 
experts in statistical analysis, and leading researchers. It is just one example of diverse stakehold-
ers working together to accelerate cures for rare disease (in cTAP’s case, for Duchenne muscular 
dystrophy) through better use of limited patient data and advanced analytics. By bringing together 
these stakeholders, the group recently published two peer-reviewed studies that identified varia-
tion seen in Duchenne patients’ abilities to perform a 6-minute walk test, an important measure-
ment that is used in clinical trials (Goemans et al. 2016; Mercuri et al. 2016). Future clinical trials 
in this patient population can take into account this variation during study enrollment. This is 
analogous to better discrimination of patients with different cancer subtypes through genomic 
testing, in order to enroll patients that are as similar as possible. As we will describe in Chapter 10, 
wearable devices or other digital methods can capture differences in gait (Ťupa et al. 2015), pro-
viding real-world evidence that might lead to better identification of patients who are likely to 
improve on a drug.
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SIDEBAR:  USING DATA TO IMPROVE CLINICAL TRIALS IN DUCHENNE
Susan J. Ward, PhD
Executive Director, Collaborative Trajectory Analysis Project (cTAP)

The frustration of some Duchenne patients’ mothers, after a heartbreaking string of failed 
clinical trials, was one of the things that fueled creation of the Collaborative Trajectory 
Analysis Project (cTAP). It’s a coalition of patient advocacy groups, major pharmaceutical 
and biotech companies, leading academic research groups, and experts in complex data 
analysis. At its core is a registry of data about the health of more than 1,300 patients, 
representing more than 10,000 clinic visits. The goal is to fix the problems hobbling 
Duchenne trials.

Duchenne is caused by a genetic mutation that mainly affects boys and prevents pro-
duction of dystrophin—a protein key for proper muscle function. The disease is deadly 
and very difficult to treat. Despite a dozen or more trials, only two drugs have been 
approved. And in some cases, parents felt their children were doing well on a drug that 
was never approved. Some experts called for bigger trials. Because Duchenne is rela-
tively rare, it’s hard to get a lot of patients in a single trial.

But cTAP has a different view. They think novel statistical methods and better trial 
design can accelerate Duchenne drug development without needing big cohorts. Using 
innovative tools from James Signorovitch and the Analysis Group, they are analyzing the 
natural progression of the disease from a new perspective. Their goal is to create better 
processes and tools for trial design.

For example, it is widely stated that Duchenne patients become wheelchair bound 
around the age of 10–12. But several years ago, Susan Ward, now cTAP’s Executive 
Director, had a passionate discussion with some Duchenne patient advocates about 
what constitutes “sufficient evidence” to declare that a drug “works.” One mother was 
emphatic that if a patient was still walking at age 16, then the drug he was taking must 
be working: 16 year olds with Duchenne can’t walk, she argued. She challenged Ward to 
go online and find evidence of patients that age still walking. “I did, and I found one, and 
then I found another, and another,” Ward says (Ward 2017).

Ward then dug into the clinical trial data and was surprised by what she found. “It 
wasn’t clear at that time how much variation there was in disease progression between 
individual patients,” she says. The first publications demonstrating the variation in walk-
ing ability over time did not appear until 2013. “Until then, people had also not fully 
appreciated that the decline in mobility is not linear,” she explains. Rather, a patient’s 
ability to walk reaches a peak, levels off, then declines slowly until there is a sudden 
steep decline. The patient then becomes fully wheelchair-bound.

But there is tremendous variation in how long that “leveling off” period lasts. “You 
have some kids who can no longer walk by the age of 7, and others are still walking at 
age 16, 17 or older,” Ward says.

A walking test has long been one of the major clinical endpoints in a Duchenne trial. 
But with so much variation between patients, it’s often very difficult to spot trends in the 
data from such studies. cTAP’s founders wondered if that could explain the trial failures.

So, with the encouragement and support of patient advocates, Ward and her col-
laborators launched cTAP in early 2015 to reinvent Duchenne trial design. She’s heart-
ened by the progress they’ve made so far, which has led to two publications already 
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(Business Wire 2016a). “We’re gratified we’ve been able to bring lots of key players to the 
table,” Ward says. That includes the leading academic groups and almost every company 
with drugs for Duchenne in clinical development.

“It is not always easy to get collaboration in research,” Ward explains. People have 
worked for years collecting patient data, which is a precious resource. “Creating a struc-
ture that lets everyone in a community to learn as much as possible from patient data, 
equitably, without depriving the academic experts of the publications and grants they 
need to justify those years of hard work, is always a challenge,” Ward says.

Today, there are numerous organizations, like the Heywood brothers’ PatientsLikeMe, 
Genetic Alliance, PRF, the Cystic Fibrosis Foundation, and cTAP that are bringing together 
patients and families with rare diseases with doctors and scientists around the world. Many rare 
disease patient advocacy groups have created international registries, sometimes with bioreposi-
tories of patient samples, and are using that information, and their financial backing, to have a 
say in what kind of research is performed and who can use the samples (Mascalzoni, Paradiso, 
and Hansson 2014).

Advancing Technologies: Precision Medicine for Rare Diseases
Historically, rare disease research has been slow, partially due to the techniques available for 
research. Prior to the completion of the Human Genome Project, finding the causative gene for 
disease was laborious and extremely expensive. For example, in 1989, identifying CFTR as the gene 
responsible for cystic fibrosis took 8 years and required numerous molecular techniques such as 
positional cloning and animal models to confirm which variants conferred the disease (Tsui and 
Dorfman 2013). In addition to the time involved in locating the genes, there was substantial cost 
for each discovery. Rare disease research was even slower, with fewer patients to draw samples from.

With a completed map of the human genome, molecular techniques like sequencing took 
off and with it rare disease research. Today, massively parallel, high-throughput sequencing has 
enabled whole genome sequencing (WGS) and whole exome sequencing (WES). Patients with rare 
diseases can have their DNA sequenced, and in some cases, the cause of the disorder can be identi-
fied by comparing the sequences of patients to those of healthy individuals, like their parents, or 
others with presumably the same diagnosis.

Thanks to such advances, doctors are even able to diagnose conditions that have never been 
described before.

The poster child for the success in WES and WGS technology is Nicholas Volker. Dubbed 
The First Child Saved by DNA Sequencing by Matthew Herper of Forbes, Nicholas seemed to 
be on death’s doorstep by the time he was 6 years old. Chronic inflammation had led to the 
removal of most of his colon and doctors were puzzled over what could have caused his illness 
(Herper 2011).

After more than a hundred surgeries, as a last resort Nicholas’ doctors tried something novel: 
sequencing his DNA. Miraculously, not only did they find the genetic mutation that caused his 
extremely early-onset inflammatory bowel disease, but the diagnosis (an XIAP mutation) pointed 
doctors in the direction for a potential treatment: a core blood transplant (Zimmerman 2014). 
Years later, Nicholas is able to eat regular food and there are no signs of recurrence of his bowel 
disease (Herper 2011; Zimmerman 2014).
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Matt Might, a computer scientist, and his wife Cristina found themselves in a similar situation 
with their son, Bertrand. Soon after his birth in December 2007, the Mights began to worry there 
was something wrong with their son. They described Bertrand as “jiggly” and often inconsolable 
(Might 2012; Mnookin 2014). It wasn’t until their son’s 6-month checkup that Bertrand’s pedia-
trician agreed with the parents. Two months later, an appointment with a developmental specialist 
confirmed: their son had brain damage (Mnookin 2014).

This was the start of months of testing. An MRI found his brain was completely normal—the 
initial diagnosis by the developmental specialist had been wrong. Other diagnoses for rare disor-
ders came and were ruled out one at a time: ataxia–telangiectasia, metabolic disorders, Allgrove 
syndrome, Rett syndrome, Schinzel-Giedion (Might 2012). At a loss for answers in their home of 
Salt Lake City, the Mights traveled across the country to Duke University where they met with a 
geneticist and other specialists (Might 2012; Mnookin 2014).

That meeting with geneticist Vandana Shashi proved to be a turning point for the Mights. A 
few months after their visit to Duke, Shashi contacted the couple to see if they would be interested 
in a new study using DNA sequencing for undiagnosed disorders. By comparing the DNA from 
both Matt and Cristina to Bertrand’s, scientists hoped to find a red herring—the gene responsible 
for Bertrand’s symptoms (Might 2012; Mnookin 2014).

Using WES, researchers at Duke narrowed down the possible results to roughly a dozen genes 
and honed in on one: NGLY1. The enzyme produced by NGLY1 is involved in glycosylation, a process 
where sugar molecules are attached to fats and proteins (National Organization for Rare Disorders 
2015). But this particular glycosylation disorder had not been seen before: Bertrand would be the first.

In May 2012, the Mights met with the Duke team once again. WES had likely found the 
genetic cause of Bertrand’s illness and the couple was astonished to learn that each of them also 
had a different NGYL1 variant and produced half the amount of N-glycanase 1 (the enzyme made 
by NGLY1) of people without the variants. Bertrand had inherited both variants, leaving him with 
no enzyme (Might 2012). Their daughter (who did not have the disorder) and any subsequent 
children had a 25% chance of having the same disease as Bertrand (Mnookin 2014). Though the 
doctors were careful to admit that without other patients with the same genetic mutation and 
symptoms, their finding wasn’t definitive; but finding another child with the same disorder would 
be a challenge, if not impossible.

Soon after Bertrand’s diagnosis, Matt wrote a blog post, “Hunting Down My Son’s Killer,” and 
posted the link on Twitter (Might 2012). In the following days, the post was shared across social 
media platforms, reaching untold millions of readers (see the section Leveraging Social Media for 
Science below). The end result: 15 more cases of NGLY1 deficiency were found (Might 2012). In 
2014, Might and another father wrote a commentary for Genetics in Medicine detailing how WES 
and communication between families and doctors is changing rare disease research (Might and 
Wilsey 2014).

Other rare disorders are benefitting from WES/WGS and other advanced molecular diagnos-
tics. A patient was diagnosed with Bartter syndrome, a disorder that affects the kidneys, using 
WES (Choi et al. 2009), while in a pilot study of 12 patients with undiagnosed disorders, WES 
of the patient and their unaffected parents yielded a likely diagnosis in half (Need et al. 2012). 
Proteomics and metabolomics are two other approaches that have been used, along with genom-
ics, to investigate Castleman disease (Newman et al. 2015).

But WGS and WES don’t always find the “smoking gun” for patients with suspected genetic 
disorders. That’s been the experience for Eric and Tricia Edwards, whose son Beckett has under-
gone both WES and WGS. Beckett’s muscles were “floppy” after birth, and by the time he was 
2 1/2 years old, he had begun to lose his emerging vocabulary (Mullin 2017). After WES revealed 
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no likely genetic culprit for his disorder, the Edwards family underwent WGS. Including both 
parents can make it easier for doctors to find variants that might be the cause of the child’s dis-
order, since genetic variants that the (unaffected) parents also have are presumed benign. But in 
Beckett’s case, even scanning the entire genome yielded no obvious clues.

Liz Worthey, a geneticist at the HudsonAlpha Institute of Biotechnology, where Beckett’s WGS 
was performed, has noted, “Often times in the genome we’re finding the variant, but that gene or 
that region is just not associated with disease as far as we know, so we’re not going to be able to say 
anything for sure” (Mullin 2017). This is a point also made by Isaac Kohane, a bioinformatician at 
Harvard Medical School. “Our ability to distinguish what actually might cause disease is still quite 
crude, so we have an unknown false-negative rate,” he has said (Mullin 2017). This makes finding 
other patients with the same symptoms so important, since unrelated patients with the same genetic 
variants can point doctors to a new disease-causing mutation, like Matt Might found with NGLY1.

Molecular diagnostics are not the only technologies that are aiding rare disease research. For 
decades, clinical geneticists have relied on microarrays, genetic sequencing, metabolic tests, and 
many more technologies to make a diagnosis. Now, they have a new tool in their arsenal: a camera 
(see the sidebar Applying Facial Recognition to Rare Disease Diagnosis). Facial recognition software 
has been developed that can identify DiGeorge syndrome (22q11.2 deletion syndrome) (Kruszka 
et al. 2017) and this technology is being applied to other rare diseases.

SIDEBAR:  APPLYING FACIAL RECOGNITION 
TO RARE DISEASE DIAGNOSIS
Dekel Gelbman, MBA
Chief Executive Officer, FDNA

Looking at children’s faces to determine if they have a rare disease is an art practiced by 
geneticists for more than 50 years. Through experience, these specialists learned how 
the length of the ears, the spread of the eyes, the shape of the space between the lips 
and nose, and, most importantly, the pattern created by these traits (also called “gestalt”), 
pointed to particular genetic disorders. It’s crucial to get the diagnosis right, because only 
once the genetic cause is correctly determined can patients get the most appropriate 
care and hopefully achieve better health.

With the dawn of genomics, this task was both made easier and more difficult, explains 
Dekel Gelbman, CEO of FDNA, which uses facial analysis software (Face2Gene) to help 
healthcare professionals to identify phenotypic signs of rare genetic conditions. “On 
the one hand, you could much more easily diagnose common conditions,” he told us 
(Gelbman 2017). “But doctors also started getting many more cases with ‘variants of 
unknown significance’, which complicated things.” Such variations are unusual and have 
not yet been clearly linked to any particular syndromes.

Enter FDNA.
The company was formed after its founders had done pioneering work in facial analysis 

and were looking for new applications, particularly in medicine, for their expertise. FDNA 
cofounder Moti Shniberg founded facial recognition firm Face.com, which was acquired 
by Facebook for approximately $55 million in 2012 (Tsotsis 2012). FDNA’s other cofounder 
is Lior Wolf, a professor at Tel Aviv University and pioneer in the computer vision field.

After evaluating multiple opportunities, the team decided to focus on rare diseases both 
because of the good fit with their expertise and the tremendous unmet need. The company 
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estimates that about 1 in 10 people, or 30 million total, in the United States have a rare 
disease. Globally, 350 million people have one of the over 7,000 known rare diseases. 
One thing that distinguishes the patient experience in this area, is that they must often go 
through a medical odyssey to get a firm diagnosis. Shortening that process could extend 
lives and save money.

FDNA develops artificial intelligence-based algorithms that can scan faces and high-
light actionable genetic insights, starting from a simple facial photo and going deeper into 
a comprehensive patient phenotyping process. “The outcome is a comprehensive list of 
phenotypes our algorithms have detected,” says Gelbman. Importantly, their tools can also 
predict other traits, for example, mental defects, that may not be visible, but are associated 
with the morphologic features detected. Gelbman notes that while the company started by 
manually guiding the computers to think like geneticists, they evolved to relying almost 
exclusively on deep learning—letting the computer systems teach themselves. “The inter-
esting thing is,” he says, “That once we made that switch users noticed and they said 
‘something seems better’ with how the results were being delivered” (Gelbman 2017).

The company’s business model is also innovative. They provide their app for free to 
physicians. In exchange they get to use the de-identified data the doctors generate. “We 
comply with all privacy requirement around the world,” Gelbman says. “We have struc-
tured our IT system such that the patient health information is stored in separate ‘vaults’ 
from the de-identified information about lab data and phenotypes, which allows us to 
link information about genetics to phenotypic data, such as facial features.”

Besides setting up the infrastructure to make this practical, the key challenge for 
FDNA has been getting enough data on each specific syndrome. New syndromes, after 
all, are being discovered every day, and some of them are extremely rare, with only 
a few patients reported even the whole world over. “We now have more than 2,000 
syndromes where we have images data represented in our classifiers,” says Gelbman. 
(The classifiers are sets of mathematical formulas that describe specific disorders.)

“It was a challenge to grow those first datasets,” Gelbman admits. But now, he and his 
team are confident that their business will evolve along with medical science. “I believe 
that in 5 years, every child will be sequenced and phenotyping will be even more 
important than it is today, as this will tie back to the raw genomic data of a person and 
help ‘unlock their code’ to explain all disease states,” he says. Already, genomics com-
panies and other groups are interested in using the technology for research beyond rare 
diseases, including autism. “Who knows what other discoveries our data will lead to?” 
Gelbman says.

Advanced pattern/facial recognition methods, like the kind used by FDNA, are just one aspect 
of AI that is already being used for healthcare (see Chapter 10 for more on AI). As we described 
earlier (see Chapter 3), IBM Watson was able to correctly diagnose a patient in Tokyo with a rare 
form of cancer that doctors had misdiagnosed because it was able to scan through massive amounts 
of scientific research, matching the correct diagnosis to the data from the patient’s medical record. 
University Hospital Marburg in Germany is using the system to help doctors there with undiagnosed 
patients. The cognitive computing system will be used to sift through the immense amount of pub-
lished medical literature in hopes of finding a diagnosis for these patients (Medium 2016). Boston 
Children’s Hospital is using the system to shorten the time to diagnosis for steroid resistant nephrotic 
syndrome, a rare kidney disease, and other undiagnosed disorders (Monegain 2015).
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Mining the medical literature isn’t confined to medical professionals with access to cogni-
tive computing solutions like IBM Watson or DeepMind, however. Websites, such as FindZebra 
Findzebra.com and even the Google search engine, have the potential to find the proverbial 
“needle in a haystack” (Svenstrup, Jørgensen, and Winther 2015). Each rare disease that’s iden-
tified and thoroughly described in the medical literature can make it easier to diagnose future 
patients with the disorder and to find variation within that patient population, as cTAP learned 
for Duchenne muscular dystrophy. For patients like Beckett Edwards that are still left without a 
diagnosis, stories like Bertrand Might’s give hope that these technologies and finding others with 
a similar disorder will ultimately yield an answer.

Leveraging Social Media for Science
Although genetic sequencing was responsible for finding the cause of Bertrand Might’s disorder, it 
is the power of social media that was responsible for the family finding others affected by the same 
glycosylation disorder (Mnookin 2014). Patients with rare diseases are using social media to find 
others with the same disorder and build a support network. The Progeria Research Foundation, 
Genetic Alliance, PatientsLikeMe, and other organizations provide information about their dis-
ease for patients who are newly diagnosed and connect them to other families who can offer advice 
about clinical trials, medications, and doctors who might be helpful. In fact, according to a 2011 
report from the Pew Research Center, more than half of patients with rare diseases turned to peers 
for information and support (Fox 2011).

For Deb McGarry, a patient outside of Chicago, finding other patients with her rare disease 
online gave her information and encouragement about her outlook—something she didn’t feel the 
doctors who diagnosed her provided (Meyer 2012). McGarry, who had a spontaneous coronary 
artery dissection (SCAD), said in an interview with the Chicago Tribune, “With rare diseases, you 
can’t walk into your doctor’s office and find the support and information you need. I think it’s 
absolutely amazing to be able to get on your computer and find people who are experiencing the 
same thing as you” (Meyer 2012).

And patient advocacy groups are doing more than developing a support network for patients, 
some are also actively engaged in scientific discovery, like the PRF. McGarry and other patients 
from the online SCAD group are now working with the Mayo Clinic on a large-scale study of the 
disorder (Mayo Clinic 2017a). This is an important advance, since much of the medical literature 
for SCAD consists of case reports. Since working with the online community, Mayo Researchers 
have developed a patient registry and are working on several projects related to the treatment of 
SCAD. Sharonne Hayes, one of the doctors at Mayo, has said of patient-initiated research, “Still 
in its infancy, this may prove to be the new ‘gold standard’ for the study of uncommon medical 
conditions” (Loew 2011).

Future for Patients with Rare Diseases
As the amount of big data grows and expands, diagnosing and treating patients with rare diseases 
will get easier. Identifying the causative mutation has already progressed due to WES and WGS. 
As variant classification continues to improve, doctors will be able to say with greater certainty 
whether a variant is pathogenic or not. While that will improve genomic medicine overall, for 
patients with rare diseases it will be of even greater importance. Already, patient advocacy groups 
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are creating their own patient databases and biorepositories for research and demanding a seat at 
the table with researchers.

Instead of the years that it took Bertrand Might to be diagnosed correctly, future patients might 
find it takes a matter of months, or even less time, as the technical aspects of genomic analysis improve. 
Matt Might, a computer scientist, used his skills to develop a precision medicine algorithm that puts 
the diagnostic odyssey into a step-by-step plan that parents, families, and clinicians can follow (Fliesler 
2016). As Might stated at a White House summit on the Precision Medicine Initiative, “Patients 
are required to navigate the Byzantine academic-industrial complex on their own, with little to no 
resources for figuring out either what to do or how to do it. We can and must do better” (Fliesler 2016).

As search engines get better at handling queries and social media’s influence continues to grow, 
it will be easier for patients with rare diseases to find each other (CG Life 2017). Many more types 
of data will start to be gathered and combined, leading to wholly unexpected discoveries. Though 
in their infancy for rare disorders, artificial intelligence and cognitive computing systems used 
by IBM Watson, Alphabet’s DeepMind, and start-ups like FDNA are expected to aid doctors in 
diagnosing patients faster and more accurately by combing through medical literature and other 
data. Someday, rare diseases will increasingly be solved by algorithms—researchers will analyze 
data and pluck out pivotal discoveries.

In the meantime, it’s essential to push for more collaboration and coordination to make these 
projects work as quickly as they possibly can. That progress is already taking place. Besides the 
advocacy groups (such as PXE, PRF, and others) groups such as cTAP are increasingly bringing 
together multiple stakeholders in an attempt to improve study quality and reduce the time involved 
in drug discovery and treatments for rare disease research (see the sidebar Using Data to Improve 
Clinical Trials in Duchenne, and see the section in Chapter 8, High-Throughput Screening). cTAP’s 
members already include most of the leading companies doing research in this field, including 
BioMarin, Bristol-Myers Squibb, Pfizer, and Sarepta, and they are already making notable prog-
ress with multiple publications. Their model could be another blueprint for forwarding rare dis-
ease research.

Social media outreach is becoming increasingly important in the rare disease community to 
connect patients and families with one another and to serve as a liaison to the medical and sci-
entific community (Stone 2015). Groups like this can be incredibly useful for pharmaceutical 
companies to find the necessary number of patients for clinical trials. And where rare disease drug 
research has historically fallen to a few companies or government labs only, there is renewed inter-
est in rare diseases as pharmaceutical companies are seeing potential profits.

Drug Developers Rally around a Business Opportunity
Pharmaceutical companies typically prefer drug candidates that address diseases that affect mil-
lions, or at least hundreds of thousands of people, so they can reach the “blockbuster” sales level 
of $1 billion annually. But a combination of regulations and business models has spurred research 
in rarer diseases, even some that are considered “ultrarare.” With new data and technologies, this 
surge could continue or grow.

Part of the credit for the new interest in rare diseases goes to the 1983 Orphan Drug Act, 
which provided key incentives, to encourage the development of drugs for rare, or orphan, dis-
eases. The Act offered an exclusive license for 7 years (giving companies a virtual monopoly), a 
50% tax break on R&D costs, waiving of the user fees associated with getting a drug reviewed, 
grants for early stage research, and more. The results were dramatic. Prior to 1983, only 10 orphan 
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or rare disease, drugs were approved in 10 years (Branca 2017). By 2014, nearly half the drugs 
approved by the FDA were for rare diseases, the most approvals since the Act passed. The orphan 
drug market is anticipated to grow at a rate of more than 11% per year and is expected to reach 
$214 million by 2022, well surpassing the 4% annual growth rate for drugs that treat common 
conditions (Guzowski 2015; PharmaVoice 2017).

Another key factor is the realization that rare diseases require a different business model to 
succeed. As we’ll describe in Chapter 8, finding promising drug targets and moving through clini-
cal trials is a time-consuming and expensive process. The costs involved for rare diseases aren’t 
lower simply because the affected patient population is small. Consequently, the prices of these 
drugs tend to be higher than their common-disease counterparts, whose development costs can be 
spread out over a larger patient population. While most of the industry has focused on blockbuster 
drugs for common diseases, pioneers such as Genzyme have built a business model around rare 
diseases and proven they can deliver a healthy profit if developed relatively quickly and priced to 
deliver returns.

As noted at the start of this chapter, the costliest drugs in the world are for rare diseases. 
Though only available in Europe, Glybera, a gene therapy treatment for familial lipoprotein lipase 
deficiency, launched as the most expensive drug in the world at a cost of more than $1 million 
per year. That price seems to have shown where the tipping point is though, as the drug will be 
withdrawn in fall 2017 due to lack of commercial viability. But six other drugs (Ravicti, Spinraza, 
Lumizyme, Carbaglu, Actimmune, and Solaris) have annual costs of more than $500,000, while 
another five are more than $400,000 per year (Speights 2017). The key is that despite these astro-
nomical prices, there are so few patients taking these drugs that any single payer (i.e., an insurance 
company or government health program) is not paying that much for them overall, compared to 
what they spend on other medications.

This realization helped the larger pharma industry develop a much greater appreciation for 
rare disease drugs, fueling some high-profile acquisitions. Genzyme was acquired by traditional 
pharma company Sanofi in 2011 for more than $20 billion and Sanofi has indicated they are 
open to further acquisitions in the rare disease pharma market (Ward 2016). In 2011, Alexion 
Pharmaceuticals paid $610 million in cash, with up to $470 million in milestone payments, 
for Enobia, which was developing lead product candidate ENB-0040 (asfotase alfa)—a human 
recombinant targeted alkaline phosphatase enzyme-replacement therapy for patients suffering 
with hypophosphatasia (HPP). HPP is an ultrarare, life-threatening, genetic metabolic disorder 
(Stynes 2011).

Other more recent acquisitions have included Lexington, and Massachusetts-based Shire buy-
ing Dyax for $5.9 billion for the smaller company’s treatments for the rare hereditary angioedema, 
which affects about 1 in every 50,000 people. Sanofi’s Genzyme division paid $300 million for 
global rights to Caprelsa, a treatment for the rare cancer, medullary thyroid carcinoma. One of the 
biggest recent deals, however, was Alexion’s $8.4 billion purchase of Synageva BioPharma, which 
was in late-stage development of a treatment for lysosomal acid lipase deficiency, a condition that 
affects about 3,000 people (Guzowski 2015).

A key feature of all these acquisitions is that they mostly involve relatively late-stage drug can-
didates for diseases with no other known treatment. Acquisitions and partnerships like these can 
be the key to shortening the costly development timeframe and can minimize some of the risks 
inherent with early-stage drug candidates.

From 1998 to 2002, Genzyme worked on four different potential treatments for Pompe, the rare 
disease that afflicts John Crowley’s children (see the section Rise of the Citizen-Scientist). In addition 
to a candidate drug developed internally with Duke University and Erasmus Medical Center 
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(The Netherlands) scientists, Genzyme collaborated with two other companies on alternatives. 
Genzyme also acquired Crowley’s company Novazyme, which was working on its own treatment 
for Pompe. The four candidate drugs’ study results were analyzed in 2002 and clinical trials began 
in 2003 with the internally developed drug (Genzyme 2009). Just 3 years later in 2006, Genzyme 
launched Myozyme (alglucosidase alfa), an enzyme replacement therapy for Pompe, and large-
scale production of the treatment led to FDA approval of Lumizyme in 2010 (Davies 2010; Guo, 
Kelton, and Guo 2012). All this happened at record speed—less than a decade, compared to 
typical drug development. Sales of Lumizyme/Myozyme in 2016 were €725 million (more than 
$800 million), growing at a rate of 13.5% over 2015 (Sanofi-Aventis Groupe 2017).

Will the surge in rare disease drugs continue? With healthy interest from pharma, new tech-
nologies, greater involvement of patient advocacy groups, and novel tools from groups such as 
Genetic Alliance and cTAP, further exciting developments could take place. One positive sign 
was that rare disease developer BioMarin netted $1 billion in sales for four of its drugs combined. 
While it took four drugs to get there, that’s the traditional blockbuster milestone, sending a good 
signal (Orelli 2017).

�Looking Forward
With WES/WGS and advanced technologies like cognitive computing and facial recognition 
software, bioinformaticians, data scientists, and computer scientists will find themselves in greater 
demand. Increasingly, they will be a part of the patient’s care team, alongside the clinical geneticist, 
genetic counselor, and other specialists. In the past, WES/WGS was performed under research 
studies, as costs for these services were quite high, and not typically covered by a patient’s health 
insurance. But as costs have come down and studies are beginning to find the clinical utility of 
WES/WGS for some conditions, many payers have taken the approach to reimburse for WES 
on a case-by-case basis. Cigna was the first major insurer to announce a formal coverage policy 
that included WES in late 2015, though it considered WGS experimental and unproven (Stewart 
2016). Geisinger Health Plan developed a coverage policy for WES for children with certain 
conditions including autism spectrum disorder, complex epilepsy, and some congenital anomalies 
(Geisinger Health Plan 2014).

Currently, few insurers have taken steps, besides Cigna and Geisinger, to formalize a coverage 
policy for WES. How to more widely incorporate these tests, when it is unlikely payers will reim-
burse for the test or analysis of the results, has yet to be determined. This is an area that will be 
greatly transformed by an overall move toward value-based care (see Chapter 7). If it can be shown 
that performing WES or WGS is more cost-effective and can improve patient outcomes, over time 
more health centers will offer the tests to their patients and more payers will adopt reimbursement 
policies for them.

As mentioned in Chapter 2, CRISPR offers the potential to fix genetic mutations with incred-
ible precision—down to a single base pair. There is substantial interest in applying CRISPR tech-
nology to rare diseases for cures or long-term treatments, and researchers are beginning to test the 
technique in cell lines and animal models. For example, chronic granulomatous disease (CGD) is 
a rare immunodeficiency disorder caused by mutations in the NOX2 protein. Patients with CGD 
suffer from frequent infections and are often treated with long-term antibiotics. Using stem cells 
from CGD patients, researchers were able to repair the NOX2 mutation with CRISPR. These cells 
were later implanted into mice, where the effects of the gene editing were long lasting (De Ravin 
et al. 2017).
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Several start-ups have been founded in the last several years looking to capitalize on CRISPR. 
These include CRISPR Therapeutics which is collaborating with Bayer for severe combined immuno
deficiency and hemophilia programs (CRISPR Therapeutics 2017), and Editas, which is working 
on rare blood diseases (Gori 2017). As the technology improves, experts believe it’s not a matter of 
if CRISPR will be rolled out to patients, but when (Ossola 2017).

Researchers are also finding rare disease research may impact research on treatment options 
for common disorders, which could appeal even more to pharmaceutical companies. A mutation 
in the gene SMS, found in a teenager with bone and neurological abnormalities in the NIH’s 
Undiagnosed Diseases Program, is a candidate for osteoporosis treatments. New understanding of 
the biology behind progeria is helping researchers with studies on several aging-related conditions 
(Madhusoodanan 2017).

Social media is helping patients who are “one in a million” find others like them across the 
country and across the globe. Patient advocacy groups are finding new power in growing numbers, 
their fundraising capabilities, and their unique patient perspective to shape rare disease research. 
Innovative companies like Transparency Life Sciences are working with patients, providers and 
researchers, and others to change how clinical trials are performed, such as using “site-less” mod-
els, greater reliance on real world evidence, digital biomarkers from wearable devices, and out-
comes that matter to patients. Given the added financial incentives, powerful new tools, and the 
new ways to share data even among small and dispersed groups of people, the progress we’ve seen 
already could greatly expand.

Having a rare disease can be one of the loneliest feelings in the world. Cathy Tralau-Stewart, 
interim director of the University of California San Francisco’s Catalyst program, said, “It’s an 
interesting time for rare diseases. It’s been an area that no one would touch for a long time, because 
there’s no money in it due to the small patient populations” (Fost 2017). But thanks to new tech-
nologies, massive amounts of data, and the groundbreaking work of people such as Sam Berns’ 
family, the Crowleys, the Terrys, the O’Donnells, and others like them, new doors are finally 
opening for patients with rare diseases. That’s also creating new opportunities for entrepreneurs, 
data scientists, and others who can help these patients achieve cures or at least live longer and 
better lives.
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Chapter 6

Price and Quality 
Transparency: The Dawn 
of Medical Shopping

When you have such huge variations in the quality and price of care, patients need to 
know their options based on solid data. [The] data [is] there and now we’re trying to 
get it into consumers’ hands.

Leah Binder 
President and CEO, The Leapfrog Group

Michael Shopenn, an architectural photographer, needed a hip replacement. Journalist T.R. Reid 
needed a shoulder arthroplasty. Dave deBronkart, a patient advocate, needed a procedure to remove 
basal cell carcinoma from his face. Former art gallery manager Renee Martin was pregnant and 
in need of prenatal and delivery care. The young son of Jeff Rice needed foot surgery. What does 
this diverse group have in common? Each tried to shop for healthcare and discovered a system that 
obscures the costs of treatments and varies widely in price and quality, with few opportunities for 
the average patient to get straight answers. The difficulties encountered by these individuals mirror 
those that millions of patients face on a regular basis—problems that data, when formatted and 
presented the right way, has the potential to fix.

When Michael Shopenn started shopping around for a hip replacement in the mid-2000s, he 
had an eye-opening experience, as related in a 2013 New York Times article (Rosenthal 2013e). 
Shopenn’s insurance company had already refused to pay for his hip replacement, which was due 
to a preexisting condition, leading him to try to figure out how to get a new hip at a price he could 
afford.

This process turned out to be very complex. In addition to figuring out how much the artifi-
cial hip (a medical device) would cost, Shopenn needed to know the surgeon’s fee to implant it, 
how much the hospital would charge for the operating room and support staff, and so on. His 
research returned some surprising facts: Price of the procedure in the United States? That would 
be about $80,000—without the surgeon’s fee. Price for exactly the same operation in Belgium? 



92  ◾  MoneyBall Medicine

Just $13,660, including all doctors’ and hospital fees, the artificial hip itself, a week of rehab, medi-
cine, crutches, and a round trip ticket from the United States (Rosenthal 2013e).

Michael Shopenn’s experience with medical tourism, the term for obtaining medical treat-
ment or procedures in another country to save costs while still receiving quality care, is far from 
unusual. The 2009 book The Healing of America: A Global Quest for Better, Cheaper, and Fairer 
Healthcare by T.R. Reid describes his experience traveling around the world visiting physicians 
and hospitals for his shoulder injury. Beginning in the United States, Reid found an orthope-
dic surgeon suggesting a total arthroplasty at a cost of tens of thousands of dollars (exact price 
unknown). Hesitant to go through with the surgery, Reid embarked on a journey that took him 
around the world to a variety of healthcare providers, even acupuncturists, for his shoulder, so he 
could compare the healthcare systems and costs of services in each country.

Reid found tremendous variation in both prices and in transparency. In France, for example, 
he reported that patients know exactly how much office visits and procedures will cost and how 
much insurance will reimburse them ahead of time (Reid 2009).

Renee Martin and her husband had health insurance, but maternity care was excluded. As 
she explained in a New York Times article, the couple negotiated charges for routine care, like an 
ultrasound, but were stymied when they contacted their local hospital to inquire about the total 
cost for maternity care: they just couldn’t get a straight answer about how much it would cost.

Eventually, Martin was given a range from $4,000 to $45,000. Blood glucose testing, a fetal 
scan, and emergency room visits brought additional charges (Rosenthal 2013a). New York Times 
reporter Elisabeth Rosenthal described similar situations faced by other couples without maternity 
coverage. Some couples were able to take advantage of fixed-price plans that were developed by 
hospitals for such patients. But others were faced with restrictions, exclusions, and unplanned pro-
cedures, or specialist visits that could lead to substantial cost burdens (Rosenthal 2013a). Prenatal 
complications, a surgical delivery, or neonatal intensive care can easily accrue tens of thousands of 
dollars—and more.

Entrepreneur Jeff Rice turned his family’s experience attempting to “shop” for healthcare into 
a business and a website to help others (see the sidebar Bluebook for Helping Patients Save on 
Healthcare Costs). Rice’s Healthcare Bluebook and similar sites are attempting to innovate the 
confusing system Shopenn, Reid, and Martin all found, where the costs and quality associated 
with healthcare are largely hidden from patients.

SIDEBAR:  BLUEBOOK FOR HELPING PATIENTS SAVE ON HEALTHCARE COSTS
Jeff Rice, MD, JD
CEO, Healthcare Bluebook

The idea for Healthcare Bluebook arose from Jeff Rice’s personal experience. His young 
son needed foot surgery, and when he inquired beforehand, Rice learned it was going to 
cost $15,000 for the hospital’s facility fee alone. In talking with his son’s surgeon, how-
ever, Rice discovered the surgeon also performed procedures at another facility, where 
the cost would be just $1,500. That facility had the same quality, but was charging 1/10 
the cost. So he decided to found a site, called Healthcare Bluebook, that could provide 
“fair” prices for procedures by collecting and analyzing price and quality data.

“This is of ever increasing importance, because more and more folks are on high 
deductible plans,” Rice told us in an interview (Rice 2017). The leading cause of bank-
ruptcy in this country is large healthcare bills, and prices vary widely within the same 
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geographic region. Some providers charge as much as 10 times what their competitors 
bill. It’s also important to remember that the third leading cause of death in this country 
is medical injuries from hospital care. Meanwhile, the United States spends four to five 
times on healthcare what other developed nations spend, but ranks much lower on many 
quality measures.

Where patients go for care is clearly very important. “People are thinking about their 
healthcare differently now,” he says. “They are asking, what is the quality and cost? They 
are becoming consumers.”

Rice has evolved his company’s business model over the years, but the focus is still on 
giving people the information they need to make good decisions about where to get care. 
(For more, see the section Providing the Data for Employers and Patients later in this chapter.)

Healthcare pricing has long been highly secretive about everything from convenience, to qual-
ity and pricing. But the pressure is on to make the industry more transparent, and is driven pri-
marily by government initiatives. Without federal or state requirements for institutions to divulge 
the data, prices, and quality metrics related to healthcare, they will likely remain hidden from 
consumers.

In the United States, the Obama administration led the way with Project Open Data, 
a government-wide effort to reframe data as an asset and make it publicly available (Burwell 
et al. 2012). In 2013, the government posted data on what different hospitals charge for particular 
procedures to the Hospital Compare website. That first data release included prices from approxi-
mately 3,300 hospitals for 100 of the most common inpatient services, 30 common outpatient 
services, and all physician and other supplier procedures and services performed on 11 or more 
Medicare beneficiaries (Bird 2013). In April 2014, another wave of pricing data, this time for 
doctors in independent practices, was released (Centers for Medicare & Medicaid Services 2014).

Those pricing data releases were crucial, because the Medicare payment rate is a key bench-
mark for healthcare pricing. Medicare is the single largest purchaser of healthcare services in the 
United States. Altogether, government-sponsored healthcare was estimated at $1.5 trillion in 2016 
and accounted for 46% of health spending in 2015 (Centers for Medicare & Medicaid Services 
2017d).

Reporters and others immediately began analyzing the data and describing the massive dis-
parities between prices for identical services in the same region. For example, the New York Times 
reported that a hospital in Livingstone, NJ listed an average price of $70,000 to implant a pace-
maker, while a hospital in Rahway, NJ—less than 25 miles away—charged more than $100,000 
(Meier, McGinty, and Creswell 2013). Likewise, the Washington Post reported that Las Colinas 
Medical Center in Texas was listing an average charge of $160,832 for lower joint replacements, 
while “five miles away and on the same street,” Baylor Medical Center listed an average charge 
of $42,632 for the identical service (Kliff and Keating 2013). The data, the Post reporters wrote, 
“reveal a healthcare system with tremendous, seemingly random variation in the costs of services.”

This brought tremendous attention to a longstanding issue—price variation in healthcare, and 
spurred interest in using this type of data to help consumers finally shop based on price. But this 
data release hasn’t been entirely successful in bringing price transparency or minimizing variation 
in pricing. Shopping around for healthcare continues to be as challenging as a competitive sport. 
As the New York Times eight-article series Paying Till It Hurts found, from colonoscopies to vac-
cines, getting a straight answer to the question, “How much does it cost?” is nearly impossible 
(Rosenthal 2013a,b,c,e,f, 2014a,b,c).
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These examples highlight several problems with the current healthcare pricing situation. First, 
it can be difficult, if not impossible, to get a price for any one procedure. Second, assuming you 
can get a price, you’ll find that costs can differ substantially from place to place—even in the same 
city.

These challenges have been exacerbated by the rise of High Deductible Health Plans (HDHPs), 
which are often combined with health spending accounts (HSAs)—a special type of savings 
account that let consumers put money aside for future health costs, like medications or office 
visit copays, tax-free. Such trends mean the cost of healthcare is being increasingly shifted from 
employers to employees. While this is currently regarded as a growing burden on consumers, it is 
meant to set the stage for savvy patients to start “shopping” more wisely for their care.

The patient as a consumer is an enticing concept, and one that has attracted considerable inter-
est. There are, however, several obstacles to achieving this, including the lack of data available to 
healthcare shoppers. But as Leah Binder, CEO of The Leapfrog Group noted in our interview, the 
data to help consumers make better healthcare decisions exists. And Jeff Rice concurs, “It is con-
venient for providers to tell patients that they can’t provide an estimate before the procedure, but if 
you were going to have Lasik surgery, they will tell you exactly what it will cost in advance. When 
the health system says ‘we can’t tell you’ it means ‘we won’t.’” Consequently, organizations like 
Leah Binder’s and entrepreneurs such as Jeff Rice and others are finding opportunities to provide 
the price and quality data a growing number of patients are looking for (see the section Providing 
the Data to Employers and Patients below).

Rise of High-Deductible Health Plans
As noted above, many experts anticipate more patients will be shopping for healthcare now 
because of the rise in HDHPs. Such plans offer lower monthly premiums for employees at the 
expense of requiring higher deductibles before reimbursement kicks in. This has the effect of 
requiring patients to pay more money out of their own pockets, through copays and deductibles 
(Collins et al. 2014). This type of plan has become increasingly popular as health costs have risen 
and employers have looked for new ways to control their own costs. In a 2015 survey, America’s 
Health Insurance Plans (AHIP) found that HDHPs, coupled with HSAs, had increased their 
enrollment by 22% over a single year, rising to 19.7 million enrollees (AHIP Center for Policy and 
Research 2015). Many of the plans available to the uninsured on state or federal exchanges are also 
HDHPs (Herman 2014). Because of this trend, even patients with insurance are now spending 
an average of more than $5,100 on healthcare yearly, out of their own pockets (Health Care Cost 
Institute 2016).

Historically, most people with insurance have paid only a small portion of their overall pre-
miums, and sometimes a copay for specialist visits or procedures. Their employers paid the bulk 
of the premium cost and employees largely had no understanding of the actual costs of their 
healthcare. This employer insurance-dominated system arose due to some unusual circumstances, 
including wage controls that were enacted following World War II (see the sidebar How the U.S. 
Health Insurance System Evolved), and the main goal was to ensure that doctors and hospitals were 
paid—creating a system that emphasized insurance plans with generous coverage.

The U.S. system is unique among other developed countries due to its emphasis on private insur-
ance and lack of price controls—regulations that limit the costs for certain healthcare expenses 
or how much prices can increase over time. A 2009 OECD survey of 29 countries, excluding the 
United States, found that nearly all respondents’ countries used various regulations to provide 
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basic health coverage to their populations (Paris 2010). Health insurance in the Netherlands and 
Switzerland, paid for through private insurance funds, are tightly regulated to prevent market 
failures and ensure universal access to health insurance. In the 10 countries with multiple insurers, 
the OECD found several that allowed insurers to alter benefits, level of coverage, and/or premi-
ums. But in many of those countries, benefits can only be expanded or increased and a basic level 
of services is required (Paris 2010).

These systems are in stark contrast to how healthcare works in the United States, where private, 
employer-based healthcare covers the majority of those with health insurance. Although there 
were some major changes in requiring basic levels of coverage through the Affordable Care Act 
(ACA), there is substantial variability between private and public insurers and it is not clear if the 
ACA’s provisions for basic coverage will continue.

Now we are seeing a dramatic shift, as patients are responsible for more of their own bills. 
Some analysts argue that this trend is good. They believe that just as Shopenn and the other 
patients described at the beginning of this chapter did, more patients will ferret out bargains and/
or refuse unnecessary care when they are required to contribute more to their healthcare costs.

Others say that most patients can’t effectively shop for care. Few can get access to informa-
tion about prices or quality, and even information they get may be misleading or incomplete. For 
example, it may be possible to obtain a price for a surgeon and the hospital facility fees, but not the 
cost for the anesthesiologist. Or consumers might get the hospital’s average price for a procedure, 
but not the price their insurance company will pay and how much their copay will be.

Professional medical associations in the United States. have also pushed back against publiciz-
ing cost and quality data, arguing patients aren’t capable of interpreting it and that the informa-
tion should remain private because it is essential for provider competition. Calculating which 
insurance plan provides the best coverage, reconciling hospital bills, and understanding what to 
ask for when shopping for healthcare can be difficult in the best of circumstances—and nearly 
impossible for many patients.

Even when patients are diligent about shopping for the best price for a procedure or medical 
care, some situations can prevent them from being able to select the best price. For example, their 
insurance companies may have contracts with particular providers that limit full reimbursement 
to services performed only with those providers—regardless of the actual cost of services. A doc-
tor might suggest getting an MRI for migraine headaches that have increased in intensity. The 
patient might find an MRI provider that will perform the scan for $300, where the provider in 
their insurance network might charge $450. The out-of-network scan may only be reimbursed at 
50%, leaving the patient to pay $150, but the in-network MRI may be reimbursed at 75%, 90%, 
or even 100%, so the patient could pay less out of pocket, while the insurance company covers the 
rest. Even when patients haven’t yet met their deductible, some healthcare services are still covered, 
leaving patients to determine whether they are liable for all of the cost of a procedure or not.

Some experts believe programs that let patients shop around for the best price are inherently 
flawed, at least for insured patients, because they are only seeing the retail price, not the allowable 
charges the insurer has negotiated, making it impossible for patients to determine if they are pay-
ing the highest price for the lowest quality. With patients pressured by their healthcare plans to 
select providers that are “in network” in order to minimize their out-of-pocket costs, there is little 
incentive to shop around (Feyman 2017).

Also, acute situations may prevent patients from being able to make sure the care they receive 
is from the provider with the lowest cost. Imagine a woman in labor who isn’t covered by a 
maternity policy—a situation like Renee Martin’s, described earlier. That woman has spent the 
past 9 months shopping around for the best price for a typical vaginal delivery and selected her 
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doctors and hospital around that. But during her labor, her doctor determines that she will need 
a cesarean delivery and pages the on-call anesthesiologist. All of a sudden, she’s no longer in con-
trol of who that doctor might be or able to negotiate the rate for those services—those services or 
providers aren’t “shoppable” (Feyman 2017). Patients who experience a traumatic event, like a car 
accident, and are taken to the nearest hospital face similar difficulties. Although having health 
insurance may minimize some of the costs, patients with high deductible health plans can still 
face substantial financial burdens when they lack real power to shop around for the best price 
for healthcare.

Whether patients are up to the task of shopping for healthcare or not, price is going to become 
increasingly important to them, health insurers, employers, and federal programs like Medicare 
and Medicaid. Rising healthcare costs are a huge and growing burden on everyone. Demand for 
pricing data is going to surge, and innovators like Jeff Rice and Leah Binder will be packaging it 
in ways to help patients and employers reduce their healthcare costs, giving the most cost-effective 
providers with the best quality a competitive edge. Hospitals and healthcare providers that aren’t 
able to meet their patients’ demands for price transparency will find themselves increasingly at a 
disadvantage.

SIDEBAR:  HOW THE U.S. HEALTH INSURANCE SYSTEM EVOLVED
It may surprise you to learn that the U.S. health insurance system came about acciden-
tally in response to events, rather than as a result of methodical planning. By the 1920s, 
numerous European nations had national health insurance systems. The United States, 
meanwhile, had started down a very different path. At that time, healthcare wasn’t 
very expensive and doctors couldn’t do very much. When private health insurance first 
became available in the late 1920s, it wasn’t very popular. People preferred to save their 
money in case of medical emergencies.

The original insurance policies were designed with doctors and hospitals in mind—
not patients. In 1929, Baylor Hospital in Waco, Texas, developed a hospitalization cover-
age plan to ensure the hospital would be reimbursed for patient care (Baylor Scott & White 
Hospital 2017; Austin 2009); that plan was easily extended to doctors’ services and then 
replicated by other hospitals around the country (Austin 2009). These plans were the 
predecessors of the Blue Cross (hospitals) and Blue Shield (physicians) plans (Lichtenstein 
2017). As incomes rose and technology advanced, health insurance became more popu-
lar. Regard for physicians and hospitals also improved over time, and people started to 
view health insurance as having greater value.

U.S. tax policies and the demand for labor also played into the rapid expansion of 
private health insurance during the 1940s. Wage controls enacted during World War II 
made it harder for employers to compete for workers based simply on wages. Employer-
paid group health insurance premiums were determined to be a necessary business 
expense and exempted company health benefits from taxes (Austin 2009; Lichtenstein 
2017). Now, employers could use health benefits to sweeten their offers to prospective 
employees.

The earliest health insurance policies charged everyone the same premiums, but 
companies soon started evaluating each individual’s relative risk and charging them 
accordingly (Noah 2007). Large businesses were best able to mitigate this penalty on the 
sick, since they could spread the cost across their many employees. Meanwhile, small 
businesses or self-employed individuals who were sick would face the highest prices. 
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But that shift set the stage for a system where employers played an increasing role in pro-
viding health benefits, leaving most employees to pay only a fraction of what their health 
benefits actually cost.

Thus, the system evolved with no price visibility. Today, insurance companies negoti-
ate prices with individual providers and healthcare networks, and both groups fight to 
keep the costs secret from their competitors. Patients rarely see the total price tag for 
their insurance, let alone the prices for their care. “For more than 80% of the public, 
their health costs are obscured,” explained Leah Binder, president and CEO of employer 
coalition The Leapfrog Group, told us. “Those patients don’t know what anything costs; 
they just feel helpless and confused when their premiums go up” (Binder 2017). Price 
transparency was one of the goals of some provisions of the ACA and a few states (e.g., 
Massachusetts and California) worked on similar legislation of their own (Viebeck 2014).

Paying for Quality, Not Just Quantity
Along with price, patients are beginning to demand quality information for their doctors and 
hospitals. But what does this mean, exactly? How can doctors and hospitals be rated in such a 
way as to make apples-to-apples comparisons? How can patients know that they are getting the 
best healthcare they can? There are no easy answers for these questions, but alongside reform 
and innovation for price transparency have come similar initiatives for healthcare quality. Some 
of these have been pushed by federal and state regulators while others have a more entrepre-
neurial basis.

In the United Kingdom, for example, information from how long a patient spends in the wait-
ing room to the convenience of getting an appointment to clinical measurements were released 
by the National Health Service in 2012 to “give everyone a clear idea of which general practice 
surgeries, wards, accidents & emergencies, and hospitals are providing the best care—which will 
encourage others to make improvements” (Department of Health [U.K.] and Howe 2012).

Some controversy has dogged news magazine U.S. News & World Report for their methodol-
ogy, which has been ranking hospitals in 16 specialties since 1990. The magazine was criticized 
for relying on physicians’ ranking of their own colleagues to set its ratings. Ranking methods vary 
by specialty, but are now driven by data in 12 of the 16 specialties, including cancer, geriatrics, 
cardiology, and heart surgery (U.S. News & World Report 2016). However, surveys based on the 
opinions of fellow physicians are still used to rank hospitals in four other specialties, and there is 
some evidence that hospital reputation influenced ranking decisions, calling into question how 
accurate the rankings are (Sehgal 2010).

Importantly, evaluating hospitals by specialty highlights that hospitals rarely excel in all spe-
cialties. As Jeff Rice told us, “A hospital that is top tier in heart disease, for example, might not be 
as good in orthopedics.”

Journalists aren’t the only ones combing through the vast amounts of data to rank hospitals. 
The Centers for Medicare & Medicaid Services (CMS) recently combined existing quality data 
for seven categories into an overall star rating for hospitals (Centers for Medicare & Medicaid 
Services 2016b). Hospitals submit data for outcomes to CMS; some measurements are taken using 
only the Medicare population, while others include all patients in the hospital system (Centers for 
Medicare & Medicaid Services 2016b). CMS’s analysis of 3,662 eligible hospitals showed overall 
ratings generally followed a bell curve, with most hospitals earning 3 stars, 102 hospitals earning 
the top rating (5 stars), and 133 hospitals with the lowest (1 star) (Advisory Board 2016b).
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Another ranking system was developed by the American College of Surgeons. The National 
Surgical Quality Improvement Program (NSQIP) gives hospitals a way of measuring where they 
stand and to identify areas of focus where they lag in quality of surgical care compared to their 
peers (American College of Surgeons 2017). Unlike rankings from CMS, the data collected 
through the NSQIP program isn’t designed for consumers—it’s designed to enable hospitals to 
improve their facilities, through reductions in preventable complications like surgical site infec-
tions, and adoption of best practices (American College of Surgeons 2017).

Growing Cost and Quality Consciousness
The question of medical costs has gained substantial attention in the past several years with the 
publication of several exposés. A 2013 New York Times article by Nina Bernstein reported on 
New York’s release of cost and charge data from more than 1,400 conditions and procedures from 
hospitals in the state. Comparing costs and charges based on diagnosis codes and levels of sever-
ity, Bernstein found dramatically variable costs and charge markups from hospital to hospital. 
Hospital trade groups opposed the release of the data, believing it would “confuse consumers, who 
rarely pay the sticker price for hospital care, especially if they have insurance” (Bernstein 2013).

In 2015, Newsweek ran a similar article on the markup of hospital care using 2012 data from 
CMS. Reporters found charges that were inflated more than 1,000% over what Medicare pays for 
care in the 50 hospitals that marked up the most. The average markup for the remaining 4,433 
hospitals in the CMS database was just 340% (Potter 2015).

With negotiated rates between hospitals and insurance carriers a “black box,” it’s easy to see 
how shopping for healthcare is challenging and there is generally no way for the patient to know if 
they are receiving care at the most expensive price—charges that are passed on to the insurer, the 
uninsured, and underinsured.

Some experts have argued that this is just another reason to make sure that everyone has health 
insurance. However, in an era where patients are spending more on copays and deductibles, it’s no 
longer just the uninsured that are becoming sensitive to prices for healthcare. Many more employ-
ers are offering only HDHPs, and the lowest-cost plans on the ACA-mandated health insurance 
exchanges, are HDHPs. As a result, a growing number of American workers are incurring big 
financial costs and starting to demand clear and up-front billing (TransUnion 2013). But as we’ve 
already described, getting those prices ahead of time is nearly impossible.

For patient advocate Dave deBronkart, trying to get the pricing for procedures related to a basal 
cell cancer meant going in circles between his insurance company and the hospital (Rosenberg 
2016). As described in a New York Times blog post, deBronkart was speaking at a medical con-
ference when a doctor noticed a spot on his face that looked suspicious. deBronkart, who had a 
$10,000 deductible for his health insurance, decided to take an unusual approach to getting the 
care he needed at a price he could afford. Initially, he solicited bids from doctors on his blog, 
e-PatientDave. Not surprisingly, he received no response, and calling around to hospitals proved 
equally fruitless. deBronkart said in the New York Times interview, “The actual information I 
needed in order to be an effective, responsible shopper was by policy blocked from me” (Rosenberg 
2016).

This lack of transparency won’t remain a competitive advantage for much longer, and price and 
quality clarity will change the healthcare system dramatically. We are already seeing such change.

In the past, insurers tried to offer their customers the most doctors and hospitals possible, 
in order to be competitive. They are now emphasizing approaches that limit choice for patients 



Price and Quality Transparency  ◾  99

through restrictive networks (which cut out the most expensive providers) and centers of excel-
lence, in which certain hospitals guarantee a set price for a procedure. Employers are also trying 
to provide incentives to encourage patients to use high-quality, lower-priced doctors and hospitals, 
reducing their healthcare costs. Providers and hospitals are pushing back, citing the need for 
patient choice, but when the patient can’t afford to choose, it’s hard to argue for it. With patients 
increasingly feeling the financial pain of healthcare consumption, they are demanding the data 
that will allow them to make informed decisions.

In addition to New York, other states, including Maine and Massachusetts, are beginning to 
follow the federal government’s lead and provide the public pricing information based on insur-
ance claims. However, when the nonprofit Catalyst for Payment Reform (CPR) and Health Care 
Incentives Improvement Institute (HCI3) released their joint 2016 Transparency Report Card, 
only three states received the top grade (A): Colorado, Maine, and New Hampshire. Oregon was 
the only state to receive a B grade, both Vermont and Virginia received Cs, and Arkansas received 
a D. The entire rest of the United States received Fs (deBrantes and Delbanco 2016).

The top-performing states were lauded for their consumer-focused websites, and collection and 
publication of data. Recommendations from the joint effort to raise transparency grades in the 
other states ranged from creation of transparency laws (numerous states lack commitment to price 
transparency legislation), a requirement for data sharing of the information that is collected by 
the state with consumers on publicly accessible websites; and shifting the voluntary collection of 
data by providers to an automatic/involuntary process. Eleven states were noted to have pending 
or recently passed legislation that once enacted, would address the deficiencies identified by the 
report (deBrantes and Delbanco 2016). Given that this report card has been published for the past 
3 years with little improvement demonstrated by many states, without the federal government’s 
requirement or individual state legislation to do so, healthcare pricing will remain in the shadows.

But simply putting the data at the consumer’s fingertips is not going to be sufficient to turn 
patients into savvy healthcare shoppers, as noted in the CPR-HCI3 report. The fact is that most 
Americans aren’t able to shop for healthcare. Healthcare literacy is astoundingly low and uses 
both language and numerical comprehension skills. The Program for International Assessment of 
Adult Competencies placed more than half of American respondents at the three lowest levels for 
literacy and nearly two thirds at the lowest three levels for numeracy (Centers for Disease Control 
and Prevention 2016d). Deciding which insurance plan to choose, reconciling hospital bills, and 
understanding what to ask for when price shopping for healthcare can be difficult at best—for 
patients with low healthcare literacy, it may be close to impossible.

Judith Hibbard, from the University of Oregon, studies how patients interact with healthcare 
information. In a special section “Best Practices to Maximize Consumer Use” of the CPR-HCI3 
report, she writes, “The benefits of transparency are only realized, however, if consumers attend to 
and use the information in making choices… the way in which information is displayed and pre-
sented can make a difference in whether it is understood and used” (deBrantes and Delbanco 2016).

Hibbard identifies several methods that can be used to compensate for a lack of mathematical 
proficiency and burden of processing complex information: limiting the amount of information 
presented, minimizing choice, and reducing the use of technical terms. Interpreting the data for 
the user is another strategy to improve consumer utilization; “the best solution is to always pair 
price information with quality information.” But as Hibbard cautions, consumers presented with 
only cost information may conflate price with quality (deBrantes and Delbanco 2016).

This is a point made in our conversations with Tom Emerick, president of Emerick Consulting 
and benefits management expert, and with Leah Binder, CEO of The Leapfrog Group. “Many con-
sumers think ‘more expensive equals better,’ so they want more expensive procedures. But study 
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after study has shown there is no correlation between price and quality. You simply can’t predict 
quality based on price,” says Binder. But quality metrics are also flawed, as Emerick explains (see 
the sidebar How Employers Can Most Effectively Cut Costs).

SIDEBAR:  HOW EMPLOYERS CAN MOST EFFECTIVELY CUT COSTS
Tom Emerick, MBA
President, Emerick Consulting

For decades, employers have been paying a hefty portion of health costs, but not taking 
many steps to control them. There was a push to managed care in the 1980s–1990s, but 
that had a backlash effect when patients started to complain when they believed they 
were being denied necessary care, just to save costs. Now, the biggest trend is pushing 
more costs onto employees, in the form of higher premiums, copays and deductibles.

Tom Emerick, who has worked in benefits management for more than 30 years, thinks 
a completely different approach is what is needed. Based on his work, he says most net-
works have too many doctors practicing low quality care. “To cut costs companies need 
to make sure their employees are getting the best quality care,” he told us in an interview 
(Emerick 2017). “Half of employees are currently receiving lower-than average quality 
care. But by redirecting those employees, companies can save a lot on misdiagnoses, 
medical errors, and unnecessary care.”

Emerick sees a big problem with many of the new services now popping up that 
claim to sort high from low quality performing doctors. “The issue is that they tend to 
rate doctors on how many procedures they do. That seems logical at first, after all, you’d 
want a more experienced doctor,” he says. “But would you rather see a doctor who does 
less procedures, or one who does many more, but also has bad outcomes for many of 
those?” Studies have shown that there is a great deal of variation in how often doctors do 
certain procedures, but there sometimes doesn’t seem to be a good medical reason for 
that. And the outcomes for different doctors also vary a lot.

To really save big, he says companies “want to direct employees only to doctors 
who do clearly medically necessary and advisable surgeries. If they are doing too many 
unnecessary procedures, patients will suffer more side effects and poor outcomes.” Key 
factors are: How often was the diagnosis right? How often did the procedure fail? Just 
looking at how many procedures physicians do is misleading.

Emerick also thinks employers are also asking for the wrong information from insur-
ance companies. For example, many want to know “What is the cost for the average 
diabetic?” But those aren’t usually the most expensive patients. Just a small fraction of 
patients, maybe 6%, are costing 80% of the dollars spent. It is by identifying those small 
numbers of very high cost patients, and making sure they get the best quality and most 
appropriate care that employers can best cut their costs.

One example of this approach is Lowe’s Centers of Excellence program, which covers 
knee and hip surgery at selected facilities, at essentially no cost to the employee (Health 
Design Plus 2017). Centers of Excellence (COE) are hospitals or other medical centers 
that have highly skilled employees, typically with a focus on research and innovation. 
COEs often have requirements (e.g., volume of specific procedures, multidisciplinary 
teams) that are designed to standardize procedures and improve patient outcomes 
(Sugerman 2013). In the Lowe’s program, the company even pays for travel if necessary 
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(Health Design Plus 2017). A key feature of such programs is that the employer negoti-
ates a single fee for all the care related to the procedure, which makes it much easier to 
estimate and manage costs.

Beyond Hospitals and Doctors
Consumers don’t just need price and quality transparency for healthcare services, but for diag-
nostics, drugs, and medical devices as well. With more than 65,000 genetic tests on the market 
today, the genetic testing industry is ripe for price and quality transparency. Concert Genetics, 
a Nashville-based healthcare technology company, is attempting to do exactly this (see the side-
bar Transparency in Genetic Testing). Their GeneSource database contains information about 
tens of thousands of genetic tests, from price to lab turnaround times (Concert Genetics 2017b). 
Healthcare providers and hospitals can use this information to evaluate genetic tests from different 
labs—allowing them to make apples-to-apples comparisons and know up-front just how much these 
tests cost. Even more importantly, this information is available in an easy-to-understand format and 
can be used to order tests at the point of service. As a result, patients with high deductible health 
plans, whose doctors are aware of that, can make better decisions about where to get such tests.

SIDEBAR:  TRANSPARENCY IN GENETIC TESTING
Robert Metcalf, MBA
CEO, Concert Genetics

With more than 65,000 genetic tests on the market today, picking the right one for a 
patient can be like finding a needle in a haystack. Concert Genetics aims to make that 
process a lot easier and more transparent. Metcalf, CEO of Concert Genetics, says the 
company has made sense out of a competitive and messy market by developing a new 
taxonomy based on vast amounts of data.

“Through a data collection and curation process we know every test that’s on the 
market for genetic testing, single gene and multigene test,” he explains. “We know the 
genes it tests for, the technology it uses, we know the clinical usage of those tests. And 
we use all that to go back and say ‘These two tests are equivalent.’”

That type of comparison is essential for providers and hospitals trying to get a handle 
on the growing financial burden of genetic testing. The company’s website offers a freely 
available Genetic Test Search to providers (and others) as a way to identify which genetic 
tests include the gene they’re looking for, which labs offer those tests, list price and other 
data like turnaround time. Metcalf compared the situation to a drug formulary: “There’s a 
lot of copying of tests, so can you get a similar test at a lower cost from another vendor?” 
(Metcalf 2017).

But limited access to proprietary databases of patient information make comparing two 
tests difficult. As he explains, “We’re saying they are equivalent in context, but interpre-
tation is still the Wild West.” An example is Myriad Genetics, who held the patent on the 
BRCA1 and BRCA2 genes until 2013, after a Supreme Court ruling. That ruling resulted in 
a flood of competitors offering genetic tests for breast cancer. These new tests don’t come 
with the vast amount of interpretive data for genetic variants that Myriad’s test does, but 
public and shared databases have been developed that reduce Myriad’s advantage.
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Furthermore, Metcalf says that integrating the data with the clinical pathway is essen-
tial, especially as patients take on greater financial responsibility for their healthcare. 
For example, if doctors can tell their patients what their cost will be for equivalent tests, 
$400 vs. $4,000, how many doctors (or their patients) would still want the more expen-
sive test? He explains, “We have the ability as a company to push more of that informa-
tion to the point of decision.”

But true price transparency can be difficult to come by. Negotiated rates for tests can 
depend on the insurance carrier or the lab’s test volume. Taking the information from 
genetic test claims, Concert Genetics knows what’s billed vs. what’s allowed vs. what’s 
actually paid, resolved down to a precise test ID. These data give them “a ton of informa-
tion around price transparency that no one else has in the marketplace,” shares Metcalf.

Metcalf sees genetic testing data changing the broad practice of medicine for patients 
and doctors: “[It] comes back to how do you know, in a data-driven way, when and 
what test to give? What is the diagnostic that fits with the situation and how do you get 
there in a world of personalized medicine?” he says. “We think about that as a data 
problem, with value-based decisions to be made.” He expects that eventually, the data 
will be connected to downstream patient outcomes, helping doctors make evidence-based 
clinical decisions. “Over time, you’d want to be able to look at every time a particular 
test has been ordered with certain clinical criteria and assess the longitudinal impact.”

Shopping for drugs is another area of growing importance, since prices for many are rising, 
and often at a dramatic rate. In 2014, Gilead Sciences made headlines when they introduced a 
breakthrough hepatitis C pill (Sovaldi) at a cost of $84,000 per year. Considering the costs associ-
ated with treating a patient with hepatitis C could exceed $100,000 (Razavi et al. 2013) and costs 
for a liver transplant are more than $500,000 (Transplant Living-UNOS 2017), Sovaldi and the 
competing drugs that followed shortly thereafter offered the promise of a cure at a fraction of the 
costs of treating someone over a lifetime for hepatitis C.

At first, insurance companies covered the cost and paid for the most eligible patients to get the 
pill. The drug was such an improvement over previous therapies that it seemed grossly unethical 
to deny it to qualified patients. But with more than 3 million Americans suffering from the disease, 
the cost of treating everyone who needed the drug would be staggering (Berkrot and Beasley 2014).

According to a Wall Street Journal analysis, state Medicaid plans alone spent $1.33 billion 
on hepatitis therapies during the year after the drug’s launch. That was “nearly as much as the 
states spent in the previous three years combined” (Walker 2015). Some states have rationed the 
medication and restricted its use for patients on Medicaid (Barua et al. 2015), due to the high 
cost of the drug(s) and number of patients with hepatitis C. And though approximately one 
in three prisoners are infected or seropositive, most are not treated for the disease due to cost 
and institutional barriers such as length of time in the system (Centers for Disease Control and 
Prevention 2015). In fact, inmates have filed lawsuits in multiple states for lack of hepatitis C 
treatment (Silverman 2016).

When AbbVie came out with a competing drug, Viekira Pak, which was similarly priced to 
the Gilead offering, pharmacy benefits management firm Express Scripts made an exclusive deal 
with them, ensuring that all the patients on that plan would receive the newer drug, but at a sub-
stantially cheaper price (Humer 2014). This sounds like a winning deal for consumers, right? But 
the story doesn’t quite end there.
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In 2016, Merck released Zepatier, another drug to treat hepatitis C, at approximately half the 
cost of the Gilead and AbbVie options. Efficacy for Zepatier appears to be comparable or even bet-
ter in some patient groups than its competitors. And though the sticker price for Sovaldi, Harvoni 
(another Gilead offering), and Viekira Pak could be almost twice that of Zepatier, few patients 
or insurers are likely paying the full price, as manufacturers often provide rebates that bring the 
cost down substantially (Atlantic Information Services 2016). But without price transparency, it’s 
impossible to determine which treatment is the most cost-effective.

When Novartis’ breakthrough drug, Entresto, for heart failure was approved, the company set 
a relatively hefty price–$1.25/day per patient. But the company also entered “pay for performance” 
arrangements with Cigna and Aetna, two large insurers. Under this plan, the insurers will receive 
rebates that are dependent on real world performance of the drug compared to clinical trials 
(Aetna) and are linked to hospitalization rates of patients taking the medication (Cigna) (Staton 
2016c). Other manufacturers are exploring performance-based payment schemes, too. Amgen 
has entered into a similar agreement with Harvard Pilgrim Health Care for its PCSK9 choles-
terol drug Repatha and outside of the United States, both Novartis and Johnson & Johnson’s 
Janssen unit have performance-based agreements with the National Institute for Health and 
Care Excellence in England (Staton 2016c). GlaxoSmithKline has a money-back guarantee for 
Strimvelis, its $665,000 gene therapy treatment for “bubble boy” disease, a severe autoimmune 
disorder (Staton 2016b).

This type of haggling between health insurance companies and drug makers was previously 
unheard of. As costs rose, insurance companies would just raise the cost of premiums. Now, the 
idea that prices need to be linked to outcomes is catching on (see Chapter 7).

Going forward, data about prices and the effectiveness of different tests and treatments will be 
essential, and capturing these data is the first step. Currently, data collection is disconnected from 
the payment mechanism and fails to accurately capture the patient’s experience: did the treat-
ment make them healthier? Providers are the ones collecting the data. But insurance companies 
meanwhile, are using claims data to steer covered members to the highest quality and lowest priced 
providers through restrictive provider networks.

To stay competitive in the future, this data, from how effective a procedure is to how the 
provider compares to their peers, must also find its way to providers when they need it most, or 
beforehand. This point is one that Anil Jain, Senior VP and Chief Medical Officer of Explorys, a 
component of IBM’s Watson Health, makes in our interview: “How do you fundamentally change 
the way a patient is managed—you need to bring [the data and the provider] together. The doctor 
is usually working with a finite amount of information” (Jain 2017).

Providing the Data for Employers and Patients
The growing need for price and quality transparency in healthcare, especially as patients are mov-
ing to high-deductible health plans, has created a fertile environment for entrepreneurs and others 
to create innovative solutions (see the sidebar Freeing the Data to Turn Patients into Consumers). 
Although healthcare shopping sites existed prior to CMS’s release of pricing data for healthcare 
services, the publicity around prices has informed consumers who stand to benefit from being able 
to shop wisely for care. And shopping for healthcare means more than just getting a price for a 
procedure or office visit—it includes shopping for the doctors and hospitals and determining what 
care is covered by the insurance plan, too.
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SIDEBAR:  FREEING THE DATA TO TURN PATIENTS INTO CONSUMERS
Lisa Maki
Cofounder and CEO, PokitDok

“The consumer is the wild card in healthcare transparency,” says Lisa Maki, cofounder 
and CEO of healthcare-pricing website PokitDok (Maki 2017). “The big question is 
whether we can engage them and get them to make better decisions about their care. 
You can’t do that from the top down, by telling them what to do. You must free and con-
nect their data to modern, digital experiences consumers have come to expect.”

PokitDok was founded in 2011, with the goal of allowing healthcare consumers “to 
shop for the best products at the best price, just as they would at an e-commerce site like 
Zappos” (Roush 2014). The site’s prices are not based on claims data or the data on the 
government’s Healthcare Compare website, but instead use the actual “cash rate” that 
providers charge the uninsured or people with high deductibles. The site currently has 
prices from more than 1,000 primary care physicians and other independent specialists. 
Hospital prices, which Maki says are harder to get, will come next.

Whether the patient is uninsured or just has a high deductible, they can get the best 
rate by using the site, according to Maki. “Consumers are shopping, and they are talking 
to each other too,” she says. “This is convenient and helps people save money.” Patients 
are also interested in quality, but Maki says there isn’t enough difference in quality. She 
points to automobile manufacturing. “All the cars are pretty much safe, and the minute 
they are deemed unsafe they are off the market,” she says. “If something is unsafe, it’s 
not going to be available for long.”

Consumers can research the physicians who post prices on PokitDok. And more 
than 1,000 doctors have already done so (Roush 2014). That information includes where 
and when they went to college, how many years they studied, and how many proce-
dures they do per year. Doctors can also upload videos and other information to market 
themselves.

It’s still very early days for such “comparison healthcare shopping” sites. Will enough 
consumers try them? Will they actually be able to use them to cut their costs and find 
better care? Or will they be overwhelmed by the amount of information and lack of con-
fidence to make healthcare choices on their own?

New companies are starting to access price and quality data and offer it to employers or the 
public to help guide healthcare purchasing decisions. In December 2015, the start-up Amino 
gained access to Medicare claims data, information that historically has been restricted to a lim-
ited number of researchers (Versel 2015). Amino’s goals are to bring price transparency to consum-
ers and self-insured employers, enabling both groups to reduce healthcare costs. The company’s 
physician search lets consumers find providers and see costs based on key variables like their health 
condition, provider preferences (e.g., male, female), and health insurance coverage. The company 
recently announced $25 million in Series C venture capitalist funding, supporting expansion of 
its solutions to the employer and provider market (Baum 2017b).

MediBid is another website that provides information to patients about cash pricing for doc-
tors’ services (MediBid 2017). Similar in concept to Lending Tree (“When Banks Compete—You 
Win!”), patients submit requests based on their needs to MediBid, which contacts doctors and 
facilities who review the patients’ requests and return bids. Patients can select providers based on 
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price, quality, and location, whatever their insurance status (e.g., uninsured or with a high deduct-
ible plan). Physicians can also benefit from these websites to get new self-paying patients, sidestep-
ping the administrative hassles of insurance (MediBid 2017).

FAIR Health Consumer is a not-for-profit website designed to help patients better manage 
their healthcare through data (FAIR Health 2017). Using online and mobile app tools for both 
medical and dental procedures, FAIR Health allows patients to estimate the cost of services in 
their region and potential reimbursement for out of network care based on their insurance plan. 
Uninsured patients can calculate the full market price for healthcare services (FAIR Health 2017).

Jeff Rice’s Healthcare Bluebook, described at the beginning of this chapter, has evolved over 
the years. The company still offers its flagship free online pricing data for consumers, which 
includes data on everything from hearing aids to hospitals. Patients can determine a fair price, 
find the nearest facility offering such a price and even print out a contract letter that binds the 
provider to it. The company now also offers large employers an enterprise solution, which helps 
employees to get best healthcare at the best price. One of the keys, Rice says, is to be able to dis-
tinguish how hospitals perform in various specialties. Insurers can use the site instead of building 
their own transparency products and providers can work with Healthcare Bluebook to become 
“Value Certified” and thereby distinguish themselves from competitors.

The company gets data from employers, insurers, and CMS’s MedPAR (Medicare Provider 
and Analysis Review) database, which consolidates Inpatient Hospital or Skilled Nursing Facility 
claims data from the National Claims History. It includes data on all Medicare patients, including 
procedures, diagnoses, and diagnosis related group, length of stay, payment amounts, and revenue 
center charge amounts. “Hospitals have to submit all of their data to the MedPAR database,” Rice 
explains. There is also data from several voluntary quality initiatives available.

Castlight Health is another company focused on offering employers detailed information 
about costs and quality, as well as health insurance packages that encourage employees to make 
prudent decisions (Castlight Health 2017). The company offers plans with high deductibles, as 
well as centers of excellence and reference-based pricing. Employers can send patients to facilities 
that are rated highly by Castlight for doing specific high-cost procedures, such as transplants or 
orthopedic surgeries, at a competitive price, and companies can offer to pay a reasonable, market-
based price for a procedure. If the employee decides to get the surgery elsewhere at higher expense, 
they are responsible for the difference.

Leah Binder’s organization provides employers with a free report, the Leapfrog Hospital 
Survey, that grades hospital safety performance. Employers can use the data to let workers know 
which hospitals have the best safety profiles and use that information to structure their benefits 
programs, encouraging employees to use the safest and most efficient providers.

There’s also evidence that insurers are paying attention to patients’ rising healthcare costs and 
demand for quality data. Aetna’s WellMatch price comparison tool allows employees of subscribed 
companies to search for providers and services. Aetna-covered members can see exactly how much 
a visit to a doctor will cost them after insurance and what the cost of the service would be for 
noncovered patients. Quality data are included and is derived from external websites (WellMatch 
2017). Cigna’s consumer-facing website, myCigna.com (Business Wire 2012), and other insurers 
offer similar price and quality tools for their members.

Consumer-generated reviews are increasingly important components of quality transparency 
despite concern that they “don’t capture dimensions of care that reflect clinical or objective qual-
ity metrics” (Howard and Feyman 2017). Emerging research suggests these concerns may be 
unfounded or overstated. Overall scores of hospitals based on patient reviews on Yelp, a website 
better associated with helping consumers find a good restaurant, have been found to correlate well 
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with more objective quality measurements (Howard and Feyman 2017). A 2016 study found that 
Yelp reviews correlated with some variables on the Hospital Consumer Assessment of Healthcare 
Providers and Systems survey (Ranard et al. 2016). New research using New York State hospitals 
and Yelp reviews found the consumer-generated data are “good composite metrics of hospital qual-
ity” and are more accessible to patients than other data (Howard and Feyman 2017).

CareDash, a Boston-area company, offers consumers an online forum for physician reviews. 
The company has more than 30,000 patient-generated reviews and ratings on its website, which 
can be accessed through mobile devices—a convenience used by more than half its users (Bentley 
2017). The company’s founder and CEO Ted Chan cites the user-generated data as setting 
CareDash apart from its competition, since the company won’t let providers pay to have negative 
reviews removed or edited (Bentley 2017; CareDash 2017).

It’s too early to say whether these websites and others will succeed in years to come. Will 
enough consumers try them? Will they be able to use these sites to reduce their healthcare costs 
and find better quality care? Will they be overwhelmed by the amount of information and a lack of 
confidence to make healthcare choices on their own? Or, with insurers bringing price and quality 
tools available to patients on their own, will companies like PokitDok and Healthcare Bluebook 
be left to serve just the uninsured population?

Future for Consumer Health Pricing and Quality Transparency
It should be clear that healthcare is moving from one of price and quality opacity to a system that 
enables patients to act like consumers—albeit slowly. We are still a long way from the point at 
which consumers can efficiently shop for services. As we have tried to present in this chapter, the 
system is at a relative tipping point, where having the most expensive providers in your network 
is no longer as beneficial for competition, due to burgeoning national healthcare costs. Everyone 
involved can see that it’s becoming imperative to rein in expenditures and choose cost-effective 
providers and treatments. The question is whether hospitals, insurers, and patients will all move 
forward at the same pace, and if not, who will be left behind.

As insurers and employers feel the squeeze of these costs, they are moving employees to high 
deductible plans and raising premiums. Most of the plans available on the ACA’s state exchanges 
also had high deductibles, and it is unclear what, if anything, will replace them. But it’s still of 
great importance to provide patients with price and quality information. Another new trend is 
the migration of employers to private exchanges. These are online health insurance sales sites that 
allow employees to “shop” among a wider range of insurance options. The rub is that employers 
will provide only a set amount (defined contribution) toward the worker’s health insurance pur-
chase. Anything over that will be the employee’s responsibility. That means workers will need even 
more information to help them understand the benefits and limitations to help them distinguish 
between health insurance policies.

Consumers don’t just need information about the prices and quality of healthcare services, but 
for diagnostics, drugs, and medical devices as well. This type of information is currently hard to 
come by. What treatments and tests are really worth paying for? Which providers are using them 
optimally? This is the kind of data that could really empower consumers.

There are potential negative consequences of continued shifting of the healthcare financial 
burden on patients. Relatively stagnant wages, forcing employees to take on more of the expense 
of healthcare, could lead to increased medical debt. If patients can’t afford their high deductible 
plans, they may be unable to pay their bills for services rendered, leaving hospitals and providers 
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stuck without reimbursement. This leads to higher charges for everyone else, as providers look to 
recoup costs, and more medical bankruptcies. Prior to the ACA, medical expenses were the cause 
of more than 60% of all bankruptcies (American Journal of Medicine 2016). With proposed legisla-
tion that would reduce the number of people covered by insurance, patients who are uninsured or 
underinsured will have the highest risk.

Patients may also start delaying or avoiding necessary care to cut healthcare expenses. For 
patients with chronic conditions, this could be disastrous, forcing them to seek medical treatment 
that is more expensive and more invasive than preventive medicine would have been.

This type of scenario is already playing out across the country. Elizabeth Price, a woman with 
a rare genetic disorder, described having to weigh the consequences and pain from delaying medi-
cal attention to the costs associated with emergency room visits and possible hospital charges for 
kidney stones in a 2015 New York Times article (Bernard 2015).

As mentioned earlier, including quality data are extremely important. Without quality data, 
patients will conflate price with quality, as Judith Hibbard wrote in the Catalyst for Payment 
Reform report (deBrantes and Delbanco 2016). Pushing patients to lower-cost providers and ser-
vices without demonstrating that the quality is equal or better will undoubtedly result in a back-
lash, similar to what occurred in the 1980s and 1990s in response to HMOs (Blendon et al. 1998). 
But quality data doesn’t just help patients. Anil Jain of Explorys says the information also lets 
providers and hospitals know where they stand in relation to their peers. Just having that informa-
tion can be enough to elicit improvements—similar to the concept of ACS’s NSQIP for surgical 
complications.

More data will become publicly available in the upcoming years. The continued release of the 
data by government (federal and state) agencies and others (such as large, self-insured employers) 
to the public is crucial. Insurers, employers, and entrepreneurs must augment those data to help 
patients, like Michael Shoppens, make smarter and more informed choices.

The ultimate goal? For providers and health systems to use the data to make value-based 
decisions (see Chapter 7), for payers to use it to set evidence-based coverage policies, and for 
patients to use the data to choose providers or healthcare products based on both price and 
quality.

But it’s going to take more than just releasing the data to achieve these aims. Most of the data 
exists in user-specific “silos,” and data collected for one purpose, like claims data or health data 
from electronic health record (EHRs), may not be easily used for other purposes. Information has 
to be freely accessible and interoperability between company databases are needed for patients 
(and others) to truly be informed consumers of healthcare.

Providers (both physicians and medical centers) will find it increasingly difficult to hide this 
information from public view. Companies that embrace data sharing and system interoperability 
can find it’s a competitive advantage. Patients will more often begin to ask questions like “How 
much will this cost me?” and “Is there a cheaper alternative that works just as well?” And they will 
expect that their doctors will have a ready answer for them and that they can find the information 
on their own.

But a change from the status quo to a price- and quality-transparent healthcare system is not 
going to happen overnight, keeping patients at the losing end of the relationship. It’s no wonder 
that alternatives like medical tourism have continued to garner significant interest among price-
conscious patients, like Michael Shopenn and T.R. Reid, who were described at the beginning of 
this chapter. Medical tourism is big business and it’s expected to reach an estimated $32.5 billion 
by 2019 (Transparency Market Research 2015). What’s driving this? Substantial differences in 
cost from one country to the next for healthcare.
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The New York Times more recently published an article documenting Freda Moon’s experience 
traveling to Thailand for dental work (Moon 2017). The cost of treatment in the United States 
for her and her husband’s routine care would have exceeded $5,000. So, the couple researched 
their options and decided to have the dental work performed in Thailand, instead. The bonus: 
a weeklong vacation for less money than the cost of having the dental work performed in the 
United States (Moon 2017). Asian countries like Thailand, India, and the Philippines are among 
those most often traveled to for healthcare due to their low cost and high standards (Transparency 
Market Research 2015). Until the U.S. healthcare system can reduce costs and provide patients 
with transparent price and quality data, allowing them to shop around, alternatives like medical 
tourism will continue to grow.

The system is ripe for disruptive technologies that bring the data to the consumer. Jeff Rice, 
Lisa Maki, and Leah Binder are just a few of the people looking to inject transparency into opaque 
healthcare pricing. They and other entrepreneurs are striving to turn the quest for accurate price 
and quality data into innovative companies, like Healthcare Bluebook.

It’s going to take time and education to get more consumers shopping. “We’ve had two decades 
of managed care where people were trained to be like sheep,” Rice says (Rice 2017). But the days of 
$10 copays are fast fading, as employers’ healthcare costs rise and they shift more healthcare costs 
to employees with higher deductibles and coinsurance. “People can literally save thousands of dol-
lars if they start shopping for care,” he says. Likewise, companies who make those data available 
should be able to thrive in the new price and quality transparent landscape.
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Chapter 7

Value-Based Care: 
Paying for Results

In the past, doctors ordered things and insurers paid for them. Under the new pay-
ment plans being rolled out, providers are going to be sharing more financial risk with 
payers.

Stan Norton 
Vice President and Chief Technology Officer, Humedica

The U.S. healthcare market is worth approximately $2.7 trillion and growing. Several major profit 
streams currently dominate this market; they include hospitals, drug makers, device makers, and 
medical specialists. Most of these profit streams are thriving, thanks to the idea that we should do 
as much for patients as possible, without a lot of discussion about “value,” either in terms of price 
or quality. Patients believe more procedures, more treatments, and more care will give them better 
outcomes and healthier lives—the more expensive the care is, the better quality it is assumed to be.

But the dialogue is shifting as the nation’s capacity to pay for all this “more” starts to wane and 
outcomes, not just cost and quality, start to take precedence. What new fields and opportunities 
will emerge as this trend increases? How will the current stakeholders adapt to the new value-
based purchasing trend? Will innovative start-ups be able to snatch up big pieces of this lucrative 
market? Who will be the winners and losers? These are a few key Moneyball Medicine questions.

In the last chapter, we outlined how the U.S. healthcare system is slowly embracing price and 
quality transparency—and that’s a step in the right direction for patients. But what providers, 
medical systems, and insurance companies want is value. If you’re not sure what that means, you’re 
not alone (Meyer 2017). In a recent nationwide survey, fewer than two-thirds of all participants 
could describe what avoiding low-value practices (e.g., unnecessary testing or treatments) could 
mean for patients (Schlesinger and Grob 2017). Certainly, value depends, in part, on price and 
quality. If one medication costs double the price of another but in every aspect, they are identical, 
most people would say that the lower priced one is a better value. But measuring value isn’t always 
as simple as comparing prices.

Fifty-one-year-old Bob Mannschreck had long suffered from back pain due to a skiing acci-
dent decades earlier. When even standing became difficult and extremely painful, he called for a 
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doctor’s appointment (Levey 2014). Here is where Mannschreck’s experience at Seattle’s Virginia 
Mason Spine Clinic diverges from that of a typical patient with back pain:

Mannschreck received a same-day appointment, arriving and moving into the exam room 
without a lengthy stay in the waiting room. Ten minutes later, after a medical assistant had input 
his medical history and information into the electronic health records (EHR) system, a physical 
therapist arrived and began to examine Mannschreck and test his mobility. Twenty minutes later, 
a rehab physician joined him and the physical therapist for an exam and to develop a treatment 
plan: an anti-inflammatory drug and physical therapy for a likely herniated disk or irritated joint. 
The remainder of Mannschreck’s appointment was spent working on exercises with the physical 
therapist. He was out the door in 70 minutes (Levey 2014).

Contrast that with a more typical experience: the patient wakes up in pain and calls for an 
appointment with their primary care provider (PCP), which is scheduled for some time in the 
future. The PCP might refer the patient to another physician, such as an orthopedist or a neurolo-
gist, or to a physical therapist, requiring another appointment to be scheduled in advance. At some 
point, the patient might undergo an MRI or other radiological test. There is little coordination of 
care and duplication of efforts is likely (Porter and Lee 2013).

The value of the integrated, patient-centric strategy at Virginia Mason? As reported in a Harvard 
Business Review article, “Compared with regional averages, patients at Virginia Mason’s Spine 
Clinic miss fewer days of work (4.3 versus 9 per episode) and need fewer physical therapy visits 
(4.4 versus 8.8). In addition, the use of MRI scans to evaluate low back pain has decreased by 23% 
since the clinic’s launch in 2005, even as outcomes have improved.” In addition to patient-level 
benefits, Virginia Mason increased revenue through efficiency and productivity: the clinic added 
nearly 1,000 new patients seen each year with the same number of staff members and physical 
space (Porter and Lee 2013).

Patients with breast cancer who undergo lumpectomies at the Mayo Clinic may find their 
operating room time extended by 20 minutes while surgeons wait for pathology results to come 
back, before determining if additional tissue needs to be removed (Lee and Kaiser 2016). With 
each minute in an operating room costing an average of more than $60 (Macario 2010), an extra 
20 minutes can add up to a substantial charge for patients and their insurers. Most doctors simply 
finish the operation and wait a day or two to receive pathology results. If the final report indicates 
that the surgery didn’t catch all the cancer, the patient will find themselves headed back to the 
operating room days (or weeks) later.

At Mayo Clinic, however, spending 20 minutes waiting for an answer in the middle of surgery 
eliminated the need for repeat operations approximately 96% of the time (Boughey et al. 2014)—
improving patient outcomes and ultimately saving the institution (and patient) time and money.

These are just two examples that highlight why one of the biggest shifts in U.S. healthcare is 
occurring today—a change in how we pay for care and what patients expect for those costs. It’s 
moving from a “fee-for-service” system to one based on value and outcomes. That means changes 
in not only how doctors are paid, but what they are paid to do.

A hospital, doctor, or social service that can provide appropriate preventive care for a patient 
with diabetes can save the healthcare system thousands of dollars over the course of that patient’s 
lifetime, by reducing preventable surgeries and complications (Squires and Bradley 2015). A hos-
pital might find that incorporating simultaneous tissue pathology into breast lumpectomies or 
restructuring care for patients with back pain can lead to both better patient outcomes and 
improved provider efficiency with the ability to see more patients, which can drive up revenue. 
Patients benefit by eliminating both the costs and risks from repeat surgery as well as better 
health outcomes.
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Traditionally, doctors and hospitals have billed for each individual service they deliver, in the 
fee-for-service model that still dominates today. Under this model, the more services that are deliv-
ered, the more the doctor or hospital is paid: higher volume equals higher revenue (Dartmouth-
Hitchcock 2017). Though not explicitly stated, there is an underlying assumption that the services 
rendered improve patient outcomes. However, as we will attempt to show in this chapter, mis-
aligned incentives between patients and providers (or hospitals) have often led patients to pay 
for more: more expensive drugs, more procedures and tests, and more invasive care—without 
substantially improved results.

According to some experts, the fee-for-service system has exacerbated the steep rise in health-
care costs, due to misaligned incentives for providers who are paid for ordering tests and perform-
ing procedures, versus care based on the value those tests and procedures provide (Fernandopulle 
2015; Wall Street Journal 2015). Meanwhile, prices for medical care, drugs, and devices have con-
tinued to climb, pushing healthcare costs in the United States to more than $3 trillion (Centers 
for Disease Control and Prevention 2016b).

But we have reached a tipping point and most experts agree we can’t afford this approach 
anymore—particularly when this method doesn’t buy us better outcomes. The United States, by far, 
spends the most among developed countries, more than 17% of our GDP in 2014, on healthcare 
(World Bank 2017). The United Kingdom, in contrast, spends about half of that (World Bank 2017).

Yet, for all the expensive care, we don’t have better results than other nations. The United States 
has lower life expectancy at birth than 29 other countries (79.3 years) (World Health Organization 
2016), higher infant mortality, and worse management of patients with asthma and diabetes (Peter 
G. Peterson Foundation 2016). U.S. patients with cystic fibrosis live a decade less than similar 
patients in Canada (Stephenson et al. 2017). A significantly higher proportion of U.S. adults have 
multiple chronic illnesses (28%) compared to 12 other high-income countries (Squires 2015).

Additionally, there are substantial disparities between states. The percentage of adults with 
diabetes, for example, ranges from 6.8% in Colorado to nearly 15% in Mississippi. Massachusetts 
has the highest percent of adults complying with colorectal screening recommendations (76.4%) 
compared to Wyoming, which has the lowest (56.5%) (United Health Foundation 2016).

Moreover, even under the Affordable Care Act (ACA), which has provided a record number 
of Americans with health insurance, many still struggled to access healthcare (Osborn et al. 
2016). For example, according to a recent survey, nearly one-third of all American adults and 
more than 40% of low-income adults went without healthcare in the United States because of 
costs, while in 10 other high-income countries, the rates ranged from 8% to 31% (Osborn et al. 
2016). If the number of Americans with healthcare drops, there will be even fewer “paying cus-
tomers” for healthcare services.

As healthcare costs continue to rise and the quality of care doesn’t match what we are spend-
ing, payers and policy makers are trying to shift the fee-for-service system to one that pays for posi-
tive performance or value. The work involved in this change isn’t inconsequential and encompasses 
nearly every aspect of healthcare. As Jamie Heywood, cofounder of PatientsLikeMe, said in our 
interview, “[healthcare] almost has designed resistance to improvement” (Heywood 2017).

When providers and hospitals are only paid for the delivery of a service after requiring dem-
onstrated patient improvement or reduction in complications, they will have to not only treat the 
patient, but also collect measurements that will allow them to prove the patient’s health improved 
or that they were able to prevent complications or hospital readmissions. In short, there must be 
demonstrable value to the healthcare services rendered.

Michael Porter, professor and founder of the Institute for Strategy and Competitiveness at 
Harvard Business School, has developed a framework for value-based healthcare (Institute for 
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Strategy & Competitiveness 2017). In addition to measuring outcomes for every patient, this 
model includes bundling prices across the entire patient care cycle, integrating medical care around 
the patient and their condition(s), even across different facilities, and determining the actual costs 
associated with patient care (Institute for Strategy & Competitiveness 2017).

From a practical standpoint, value-based healthcare requires a new mindset, a re-engineering 
of the workflow side of medical care, and learning how to leverage large amounts of data to aid 
clinical decision-making and organizational structure. The process of moving to value-based care 
entails more than adding new tools and measurements to the existing workflow—it demands 
thinking about how to deliver care in a different way and having the organizational and techno-
logical infrastructure to move on those ideas.

Providers and hospitals will place a greater emphasis on preventive medicine, cost-effective treat-
ments, and evidence-based medicine (see the sidebar Managing Patients under Risk Contracts). How 
will patients see the results of these changes at the health system level? The impacts will vary, but as 
Bob Mannschreck discovered (see above), it can mean better efficiency, less waiting, and improved 
care coordination, ultimately resulting in a more optimal level of health. Treatments, procedures, and 
tests might be reduced or changed in favor of high-value alternatives. Combined with greater price 
and quality transparency (see Chapter 6), these changes will enable patients to more effectively shop 
for the healthcare they need and get the outcomes they deserve (Dartmouth-Hitchcock 2017).

New business opportunities will emerge that will be aimed at improving healthcare efficiency, 
price and quality transparency, and making health data useable. Existing hospitals, insurers, and 
other health-related groups will have to rethink their business models and collaborate with others 
to stay competitive and meet the demands of insurers and government. Effective use of data is what 
will make all this possible.

SIDEBAR:  MANAGING PATIENTS UNDER RISK CONTRACTS
Stan Norton
Vice President and Chief Technology Officer, Humedica

“Care delivery and reimbursement are heading in a new direction, where providers are 
going to be sharing more risk. Doctors, for example, will be paid to achieve certain goals 
among diabetics. If they don’t achieve those goals, they’ll lose money,” says Stan Norton, 
former Vice President and Chief Technology Officer of Humedica (Norton 2017).

Humedica, which is now part of Optum, provides analytics that work across multiple 
settings, including hospitals and doctors’ offices, to provide better insights into which 
treatments work or don’t work. The company’s current network includes data from 
approximately 30 million patients across almost 40 states. Those data are drawn from 
electronic health records, medical practice management systems, and claims data.

The idea is to use big data to pull out optimal treatment paradigms and to make sure 
that individuals or all patients in a certain subgroup (i.e., heart failure or diabetes) get 
what they need. One of the key hurdles, Norton says, is properly categorizing patients to 
begin with:

“We [Humedica] have data showing, for example, that some providers underestimate 
their diabetic population by 20%. And we’ve seen cases where as many as 50% of the 
diabetics in a practice aren’t identified. We help practices identify these patients by ana-
lyzing laboratory and prescription data. Then we go into the clinical data to determine 
outcomes and evaluate the quality and cost of care being delivered. This is incredibly 
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difficult, because the average electronic medical record has 16 places where you can 
find the time (when) the patient was admitted, for example. Lab results will also have 
different reference ranges and use different units, depending on which forms you are 
looking at.”

In the end, it’s all about the analytics, the computer power, and the quality of the 
underlying data. “The big data here is being able to manage 42 million patients under a 
risk management contract,” says Norton. “That’s terabytes and terabytes of data, a lot of 
computers, a lot of standardization, and a lot of normalizing. But if you get it right, it pro-
tects the providers and empowers them. It also improves quality while controlling costs, 
and you can measure both.”

Government Initiatives: Medicare’s Value-Based 
Purchasing Programs
As we described previously, the pressure to bring transparency to healthcare costs has been driven by 
federal programs and spurred entrepreneurs to tackle the challenges of bringing the data to patients 
(see Chapter 6). A 2012 Institutes of Medicine report, for example, estimated that $1 in $6 spent on 
healthcare in the United States ($750 billion per year) is unnecessary or outright harmful (Institute 
of Medicine of the National Academies 2012; Kliff 2012). Unnecessary services and excess adminis-
trative costs were the two highest categories contributing to this amount (Kliff 2012).

A further concern is the high rate of medical errors, estimated to kill more than 250,000 
patients each year (Makary and Daniel 2016). And though individual patients are unique, across 
the entire country, that uniqueness isn’t enough to justify the substantial variation seen in regional 
practice differences (Song et al. 2010). That means many more patients are receiving risky and 
expensive procedures, such as knee replacements or angioplasties, just because they went to a par-
ticular facility or live in a particular area, driving up healthcare costs for everyone.

All these worrying statistics have raised a call for more focus on quality and efficiency in our 
healthcare system. Because Medicare costs account for approximately 20% of all U.S. healthcare 
spending (Centers for Disease Control and Prevention 2016b), it’s not surprising that CMS led the 
way and developed several programs to improve patient care while reducing unnecessary costs. In 
fact, this has been a CMS initiative for decades.

Since 1999, Medicare has collected data from hospitals and other healthcare facilities (e.g., 
nursing homes) on their performance related to certain “quality measures” (Agency for Healthcare 
Research and Quality 2011). These measurements were essentially proxies for treatment guidelines 
(i.e., the best practices for treating common conditions such as heart attacks, heart failure, or 
pneumonia) (Agency for Healthcare Research and Quality 2011). Hospitals were initially encour-
aged to submit the data voluntarily until 2004, when it became mandatory to do so. Beginning 
in 2005, data from more than 4,200 hospitals has been made publicly available on the Hospital 
Compare website (ACH Media 2005; Centers for Medicare & Medicaid Services 2016c).

Data collection was just the first step in moving Medicare toward a value-based purchasing 
framework. In October 2012, Medicare payments to all hospitals were reduced by 1% to create a 
funding pool. Those funds were redistributed based on the hospitals’ performances on the qual-
ity measurements (Robert Wood Johnson Foundation 2012). A range of other data, including on 
readmissions (see the section Reportable Outcomes: Readmissions and Medicare Penalties), is also 
now collected and made publicly available on the Hospital Compare website.
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It took about 10 years to get from the initial data collection to some actual value-based pur-
chasing, but for the last few years Medicare has moved aggressively in this direction. By 2016, 
the administration had met its goal of tying 30 percent of traditional Medicare payments to new 
quality- or value-based payments, including alternative payment models such as Accountable Care 
Organizations (ACOs) or bundled payment arrangements (Centers for Medicare & Medicaid 
Services 2016a).

ACOs are groups of doctors, hospitals, and other healthcare providers, who joined together 
with the goal of providing coordinated high-quality care. With bundled payments, healthcare 
providers receive a single fee for a single episode of care. The idea behind both these approaches 
is to encourage doctors to be as efficient as possible and provide the highest quality care, rather 
than a high volume of care. The last part of this is particularly important: the goal isn’t to restrict 
necessary care, but to optimize the care provided to achieve the best outcome for the patient at 
the best value.

ACOs are not the government’s first attempt at alternative delivery systems. The Medicare 
Physician Group Practice Demonstration gave providers bonuses for lowering costs and meeting 
certain quality targets better than control physicians in the same area (Colla et al. 2012). Although 
the financial benefits were mixed, for some patient groups the cost savings and readmission rate 
decreased significantly (Colla et al. 2012). The next milestone will be having 50% more transac-
tions tied to such alternative models by 2018.

Other programs, such as the ACA’s Medicare hospital readmissions penalty policy and the 
Leapfrog Group’s hospital safety ratings, are encouraging that process. The goal is to make met-
rics such as quality and price transparency in healthcare, and to encourage transactions that are 
based on value, whether it’s the insurer, the employer, or the patient making the buying decision. 
Increasingly, this means penalizing healthcare providers who can’t meet certain quality standards, 
while better rewarding those who can. And this only works if the provider (or health system) has 
the right data and can use it to make decisions.

It should be apparent that moving away from a fee-for-service-based reimbursement system 
to a value-based plan involves a complex series of both positive and negative incentives—a “car-
rot and stick” approach. Leading the way are the providers and health systems that have already 
adopted (at least to some degree) organizational structures or programs designed to move toward 
a value-based model.

While the goal is to eventually get most patients involved in making wiser healthcare purchas-
ing choices, the government has so far been leading this charge in a bid to improve the quality 
and lower the cost of Medicare. Successful initiatives and programs implemented for Medicare 
patients will ultimately benefit all patients.

Private insurers are also starting to follow suit, and while the vast majority of care is still paid 
for based on fee-for-service, it’s expected that system will be eclipsed by other payment methods by 
about 2020 (Ellison 2014). Though there are likely to be changes to the ACA, the data gathered by 
CMS is already being used by insurers and private companies, as described in Chapter 6.

What’s unclear is where the tipping point is for value-based purchasing. If the government 
abandons the value-based care program entirely, will the system continue down the path? Without 
the incentives or penalties to do so, it’s unlikely. Others may pick up the baton, once a preponder-
ance of data indicate value-based reimbursement decreases overall healthcare costs while improv-
ing patient outcomes. In short, while the government got the ball rolling, making sure it stays on 
the value-based path now relies substantially on data and the ability of health systems to recognize 
how value-based care can give them a competitive advantage.
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This shift is a significant disruption to existing establishments. Today, hospitals thrive by doing 
procedures and admitting as many patients as possible. And to keep as many patients as possible 
in their overall network, many hospitals have acquired physician practices. But while that can be 
good business for the hospital and make it substantially easier for patients to have their health data 
shared between all their healthcare providers, it doesn’t necessarily mean the care patients receive 
is of high value.

Using data from more than 31,000 primary care visits for back pain, headache, and upper respi-
ratory infections (URIs) that took place between 1997 and 2013, Mafi and colleagues compared 
utilization of low-value services such as certain types of imaging, antibiotic use, and specialist 
referrals in the different physician practice settings. The researchers found greater usage of low-
value CT and MRI imaging and specialist referrals in the hospital-based practices as compared 
to physician-owned community-based practices, though antibiotic use for URIs was comparable. 
These results suggest patients may receive more low-value care when primary care physicians are 
associated with hospital-owned practices (Mafi, Wee, and Davis 2017).

Unlike a product that can be returned to a store for a refund, it’s not possible to undo an 
operation or give back medication that was taken, even if the surgery leads to complications or the 
medication didn’t work. But a novel program from Geisinger Health System demonstrates that it 
is possible to offer a “money-back guarantee” for healthcare without breaking the bank.

In 2016, Geisinger gave such an offer to all patients: through the ProvenExperience program. 
An earlier Geisinger program, ProvenCare, held the health system—not the patient—financially 
responsible if they were readmitted to the hospital with a preventable complication within 90 days 
of discharge (Ellison 2015). ProvenExperience builds on that foundation. But Geisinger’s pro-
gram was about more than just giving patients a refund for services. They took the opportunity 
to also gather positive and negative feedback from its patients—information that identified long 
waits in the emergency department and difficulties in making appointments in some departments 
(Minemyer 2017a). The benefit of collecting this feedback? Using that information to improve the 
patient experience, so that over time, fewer patients might report dissatisfaction with their care.

Geisinger is among the few health systems uniquely poised to try out innovative programs, 
such as ProvenExperience, that move away from the fee-for-service model toward value-based care. 
Because it is self-insured, that is, the health system also offers health insurance, the incentives of 
the providers and the payer are more closely aligned.

The approximate cost of the program in the first year was $500,000—an amount not substan-
tially more than the health system was already doling out through other initiatives (Minemyer 
2017a). As the nation edges closer to value-based care and away from a fee-for-service model, 
all health systems are being asked to take on more of the financial risk of treating patients. 
Implementing ProvenExperience took significant risk for the health system, but they are reaping 
the rewards by learning where they can improve their processes, which can save them money in 
the long run.

In the system of tomorrow, doctors and hospitals that can prove they provide the best, high-
value care, the most efficiently, will get the most business. That means these systems will be 
redistributing and/or reorganizing their resources, so that they get better outcomes with fewer 
interventions, which will all be backed by solid data.

Two new fields are thriving under these demands: practice management and population health. 
Many firms with healthcare analytics capabilities, such as 3M, Caradigm, Deloitte, IBM, Phillips 
and others are creating analytics and offering services that will allow hospitals, insurers, and other 
healthcare-related enterprises to closely track the performance of specific physicians and adjust 
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their business structures as needed. Doctors are given a clear report on where they stand compared 
to their peers. Did they order many more of a certain test? Were more of their patients readmitted?

On the other side, population health management data shows what a patient population looks 
like and then tracks the health system’s overall performance. The data that is included can come 
from the patient’s health record (ideally across all systems the patient uses), the health system’s 
financial and claims information, such as how much it cost a hospital to treat a particular patient, 
and, perhaps in the near future, from the patients themselves as data from medical devices or fit-
ness wearables is integrated into the health record.

Many insiders say the current situation is confusing because doctors and hospitals must pre-
pare for the system of the future, while much of their compensation is still based on the fee-for-
service system. Adding to the confusion is the uncertainty surrounding the future of the ACA and 
current value-based initiatives due to a new administration. But experts have been describing U.S. 
healthcare costs as “unsustainable” for years—under both Republican and Democratic adminis-
trations. The availability of all this new data and powerful analytical tools should spur change.

Reportable Outcomes: Readmissions and Medicare Penalties
Bruce Perry was 57 when he was diagnosed with stage Gleason 6 prostate cancer in 2010. He 
underwent successful surgery, but suffered from complications for nearly a year afterward. Mike 
Steskal, a 55-year-old Philadelphia-area commodities trader, was also found to have Gleason 6 
prostate cancer after an elevated prostate-specific antigen (PSA) test. However, Steskal chose to 
undergo active surveillance, not surgery. When follow-up PSA tests were normal, his doctor sug-
gested the initial test was high probably due to an infection. “It was pure chance,” Steskal said, 
that his prostate cancer was diagnosed (Kolata 2016).

In December 2009, 19-year-old Alex Halsted went to her local emergency room with severe 
abdominal pain, worried she might have appendicitis. After a CT scan showed nothing out of 
the ordinary, she was sent home with a diagnosis of a likely ovarian cyst. After a follow-up at her 
gynecologist’s office and surgical consult the next morning, she was correctly diagnosed with 
appendicitis and underwent surgery—a delay that could have put her at risk for infection and a 
ruptured appendix (Branam 2014). A 9-year-old Florida boy had a metal plate placed in the wrong 
ankle, leading to the filing of complaints with the state (O’Matz 2016).

Misdiagnosis, wrong-site surgery, overdiagnosis, and overtreatment, like the scenarios described 
above, contribute to health costs and can have real, negative consequences on patients. Dartmouth 
professor H. Gilbert Welch is among several noted experts who have identified patterns of over
diagnosis and overtreatment of patients with breast, thyroid, and prostate cancer—patients such 
as Bruce Perry, who might have been followed closely for his cancer, instead of undergoing surgery, 
and avoided complications for a cancer that may never have become invasive (Esserman et al. 
2014; Jung 2016; Welch et al. 2016).

Many patients require more invasive, complicated, and expensive treatment because of a lack 
of preventive care or getting the wrong care in the first place. For Medicare patients alone, it’s esti-
mated that the United States spends about $17 billion per year on avoidable readmissions (Robert 
Wood Johnson Foundation 2013). And just like the costs associated with various procedures and 
treatments, readmission rates vary widely among hospitals. For example, readmission rates to chil-
dren’s hospitals for a variety of conditions ranged from 3% to 23% (Berry et al. 2013).

As part of the larger initiative to move Medicare toward value-based reimbursement, CMS 
began collecting 30-day readmission measures for heart attack, heart failure, and pneumonia 
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patients in 2008, and used the data from 2008 to 2011 to implement the Hospital Readmissions 
Reduction Program (HRRP) in October 2012 (Consumer Purchaser Alliance 2017). Today, the 
site contains data on 30-day unplanned readmissions for heart attack, heart failure, pneumonia, 
hip/knee replacements, chronic obstructive pulmonary disease, and coronary artery bypass graft 
surgery (Centers for Medicare & Medicaid Services 2015a).

In the HRRP, Medicare payments to hospitals are levied based on the actual number of read-
missions compared to the number of expected ones, penalizing hospitals that have high rates of 
avoidable readmissions. Penalties were eased in, starting at no more than 1% of Medicare pay-
ments in 2012, with a maximum 3% in 2014 (Consumer Purchaser Alliance 2017). In the first 
round of payment penalties, more than 2,200 hospitals lost out on $280 million in Medicare 
payments due to excessive readmissions (Rau 2012). The number of hospitals failing to curb pre-
ventable readmissions grew to more than 2,600 in 2014 (Rau 2014). In 2014, though the average 
penalty was 0.63%, 39 hospitals were penalized the full 3% of payments (Rau 2014).

There is data suggesting the HRRP has been successful. The program reduced preventable 
readmissions for Medicare patients by 8% from January 2012 to December 2013, representing 
150,000 fewer readmissions (Consumer Purchaser Alliance 2017). And there was no increase in 
the number of hospitals to be penalized in FY2017 (Rau 2016c). However, the average penalty 
grew to 0.71%, the highest reached by the program, and is expected to reach $528 million (Rau 
2016c). That sounds like a small amount of money, but given that Medicare is the biggest payer for 
healthcare services in the United States, accounting for 20% of total healthcare spending (Centers 
for Disease Control and Prevention 2016b), it’s a noticeable proportion of most hospitals’ budgets 
(Kaiser Family Foundation 2015).

Readmissions data from more than 2,800 hospitals collected between 2008 and 2015 found 
hospitals that participated in one or more of the Medicare value-based reforms (Pioneer and Shared 
Savings ACOs, Bundled Payment for Care, or the Electronic Health Records Incentive Programs) 
reduced 30-day readmissions for heart failure, pneumonia, and acute myocardial infarction (Ryan 
2017; Slabodkin 2017).

According to study coauthor Julia Adler-Milstein, assistant professor at the University of 
Michigan, “The hospitals that reduced readmissions the most were the ones that chose to partici-
pate in all three” (Slabodkin 2017). “There are so many different approaches to reorganizing how 
we deliver and pay for care,” she continues, “We’re in a phase where we’re sort of trying to experi-
ment with everything at once because we don’t really know what the magic combination is that’s 
going to improve quality performance while reducing cost” (Slabodkin 2017).

Faced with the new penalties, a growing number of healthcare facilities are establishing more 
stringent processes to prevent readmissions. Patients with the highest risk of readmission are also 
getting more attention through red flagging or hot-spotting. “Flagged” or “spotted” patients are 
given specialized services that might include a healthcare coordinator visiting them at home, a 
prescheduled appointment with their primary care physician right after they leave the hospital, or 
even free medications they might not otherwise be able to afford (Hillis et al. 2016).

They are also taking steps and using creative technologies, such as making discharge instruc-
tions clearer and more accessible (i.e., on your smartphone), telehealth, and Internet-connected 
devices to keep patients recuperating at home safely.

Christine Lemke of Evidation Health explains that some institutions are beginning to send 
their patients home with connected devices such as scales, blood pressure cuffs, and home ECGs 
after acute cardiac events (see Chapter 10 for more on this topic). These devices allow healthcare 
providers to monitor the patient’s vital signs, weight, and other parameters after they leave the hos-
pital. Through remote monitoring, if the patient begins to have complications or appears to be at 
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risk of readmission, the physician can intervene, by sending home healthcare services or bringing 
the patient into the doctor’s office. However, this trend is relatively recent, so there is limited data 
to analyze the effectiveness of these initiatives in recently discharged patients.

And because hospitals have historically been paid more under the fee-for-service model if 
patients are readmitted, those that work harder to avoid readmissions can lose money in the short 
term. In the long term, however, hospitals may see increased revenue under value-based schemes 
because they will be able to manage more patients with the same staffing levels due to increased 
productivity and efficiency—all the while improving patient outcomes.

As the data becomes public, entrepreneurs, and health organizations can start using it to steer 
consumers to the best healthcare providers and hospitals with low readmission rates, making up 
for the loss of revenue from readmissions penalties.

Safety First?
Another area that is under intense focus is safety. Most people don’t realize that preventable medi-
cal errors are the third-largest cause for deaths in the United States, after heart disease and cancer. 
Approximately 400,000 people die each year from such errors at a cost to the nation of around 
$1 trillion each year (McCann 2014). However, until recently it was very difficult for anyone, let 
alone consumers, to determine which hospitals had the best safety records.

SIDEBAR:  IMPORTANCE OF SAFETY DATA
Leah Binder
President and CEO, The Leapfrog Group

Besides employees themselves, no one has a bigger stake in employer-based health 
insurance than the companies that offer it. Typically, companies pay a much larger share 
of insurance premiums than workers do, and those premiums have been steadily escalat-
ing (Kaiser Family Foundation 2014). The Leapfrog Group has been working since 2000 
to help employers get better quality from their healthcare spending.

“Healthcare is a huge issue for employers. It holds tremendous value to our workers, 
having a major impact on their health and wellbeing. But it is also an enormous cost,” 
says Leah Binder, Leapfrog’s president and CEO (Binder 2017).

“Until recently, it has been very difficult to engage employees in helping to improve 
the quality [of healthcare] and control costs. For example, many consumers think ‘more 
expensive equals better’ in healthcare, so they want the more expensive procedure. But 
study after study has shown there is no correlation between price and quality. And yet, 
prices vary dramatically, [even] across providers that are within blocks of each other.”

But Leapfrog hasn’t given up. “We think employers have a huge role in helping their 
employees become smarter healthcare consumers,” Binder says. The group started by focus-
ing on safety, because it saw a huge opportunity there to improve things. It’s estimated that 
approximately 400,000 people are dying each year from preventable errors in U.S. hospitals 
(James 2013). “Beyond the terrible human trauma and suffering, that’s an enormous waste of 
money,” says Binder. “Hospitals are paid for all that avoidable follow-up care. So, instead of 
paying a hospital $39,000 to treat a preventable infection, for example, why not just prevent 
the infection, save that money, and create new jobs with it?”
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In the era of Big Data, “Doctors are simply not going to get a pass,” Binder says. 
“Forever, they have been saying ‘no cookbook medicine’ and insisting on autonomy. 
But the data is there for consumers to make better decisions, and we are trying to get 
it to them.”

In addition to the HRRP, the Hospital-Acquired Condition (HAC) Program attempts to 
improve patient safety through the reduction of conditions such as hip fractures after surgery, 
pressure sores, and certain infections, like Clostridium difficile (C. diff ) and methicillin-resistant 
Staphylococcus aureus (MRSA), by reporting the numbers of patients with these conditions at each 
facility (Sullivan 2013; Centers for Medicare & Medicaid Services 2015b).

Overall, hospital-acquired infections affect an estimated 1.7 million Americans, are respon-
sible for 99,000 deaths, and approximately $20 billion in associated healthcare costs (Centers 
for Disease Control and Prevention 2017b). According to the latest data from the Centers for 
Disease Control and Prevention (CDC), there were almost half a million C. diff infections in the 
United States during 2011, and nearly 30,000 of those patients died within 30 days of a diag-
nosis (Centers for Disease Control and Prevention 2016a). Nearly 56,000 patients contracted 
healthcare-associated MRSA (Centers for Disease Control and Prevention 2016c).

In the HAC Program, hospitals that perform in the lowest quartile of all hospitals at prevent-
ing these conditions are penalized 1% of Medicare payments. CMS estimates the HAC Program 
saves Medicare $350 million yearly (Centers for Medicare & Medicaid Services 2015b). Other value-
based Medicare programs include the End-Stage Renal Disease Quality-Incentive Program targeted 
to dialysis centers, Skilled Nursing Facility Value-Based Purchasing Program, Home Health Value-
Based Purchasing Model, Hospital Value-Based Purchasing Program, and the Physician Value-Based 
Modifier (Centers for Medicare & Medicaid Services 2016f  ). Each has a goal of improving patient 
care while reducing unnecessary care and complications from treatment. The ranking system and 
dissemination of data on a publicly available website (Hospital Compare) has the added benefit of 
spurring competition, as hospitals and other facilities work to improve their outcomes.

Medicare’s value-based programs are some of the most aggressive efforts the government has 
ever made to control health costs. Because the programs have been implemented only in the past 
few years, there is limited data to analyze their impacts on patient outcomes and whether they are, 
in fact, driving patients to choose healthcare providers and hospitals based on the information.

This is precisely where the explosion of data will have tremendous impact. The penalties have indeed 
prompted some big changes in how hospitals manage infection control, discharges, follow-ups, and 
outcomes tracking—a trend that was largely absent prior to the value-based initiatives (Torrieri 2014; 
Rau 2016a). They have also spurred the launch of multiple new products and start-ups focused on these 
problems (Kern 2014a). Already, half a dozen mobile apps, such as Propeller Health (for asthma and 
COPD, see more below), SeamlessMD (for after-surgery care), and HealthPatch MD (for vitals), are 
targeted at helping providers improve quality of care, including fewer readmissions.

For example, because patient adherence to medication and proper use of medical devices can 
impact readmission rates as well as patient health, providers are now interested in solutions that can 
help their patients stay on track. Propeller Health’s FDA-cleared platform uses sensors that attach 
to a patient’s inhaler, tracking when the medication is used (Baum 2016c). This kind of information 
can help a doctor learn if a patient’s asthma or COPD (chronic obstructive pulmonary disease) is 
under control or if they need a different medication—information that can keep their patient out 
of the hospital. A 2016 study of the effectiveness of Propeller’s device found that use of rescue inhal-
ers decreased in a 12-month trial compared to patients receiving standard care and patients with 
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uncontrolled asthma at the study start improved control over their disease (Merchant, Inamdar, 
and Quade 2016). Another company (Hindsait) has developed an AI-based program that will help 
doctors decide whether a diagnostic test is actually necessary. Hindsait has partnered with Magellan 
Health and has plans to pilot its technology with Blue Cross Blue Shield plans (Baum 2016b).

There remains some criticism to the HRRP and the other value-based programs. Hospitals 
argue that it’s hard to define avoidable readmissions. Some patients are much more complicated 
than others or have more comorbidities, and certain hospitals (e.g., teaching hospitals) get a higher 
share of those types of patients. A 2015 study published in the Journal of the American Medical 
Association using National Surgical Quality Improvement Program data found patient comorbidi-
ties, discharge to some place other than the patient’s home (e.g., rehab or skilled nursing facility) 
and teaching hospital status were associated with higher readmission rates (Merkow et al. 2015). 
Patients who live alone or have no primary care support are also more likely to be readmitted due 
to insufficient social and medical support (Robert Wood Johnson Foundation 2013).

The contribution of socioeconomic status to readmission rates has not been fully defined in 
the United States. However, a 2016 Danish study of more than 25,000 patients undergoing hip 
surgery found a higher rate of readmission and worse mortality in patients with the lowest income 
and educational attainment, even when the quality of inpatient care and length of stay were simi-
lar (Kristensen et al. 2016). A 2016 Canadian study further compared homeless patients to age-, 
sex-, and condition-matched low-income controls and found the homeless patients were four times 
more likely to have a 30-day hospital readmission (Saab et al. 2016).

Although certain cancer hospitals, critical access facilities, some specialized facilities (e.g., psy-
chiatric or rehabilitation), and hospitals in Maryland are exempt from the HRRP penalties (Rau 
2014), there remains significant debate over the fairness of the Medicare programs which do not 
take into account patients’ socioeconomic status or the inherent complexities of certain condi-
tions, particularly as the number of hospitals and their penalties increase (Sisson 2015).

Despite these limitations, there is emerging evidence that the HRRP is doing exactly what it was 
intended to do: improve patient outcomes and reduce healthcare costs. For example, Scripps Mercy 
Hospital in California, which serves a large disadvantaged population, has faced rising penalties each 
year of the HRRP. As a consequence, they are developing partnerships with community health cen-
ters to establish “medical homes” for at-risk patients to better coordinate patient care (Sisson 2015).

One key point that should be clear is that while bringing value to healthcare can take many 
forms (such as federally mandated initiatives with penalties and incentives, specialty provider 
quality improvement programs, or use of connected devices), all require consistent measuring of 
parameters and subsequent data analysis to make sense of the information. Consequently, health-
care is becoming more similar to other industries that have long adopted a continuous measure-
ment mindset—the “Six Sigma moment” we described in Chapter 1—to achieve better outcomes.

Delivering the Data to Patients and Employers
In 2016, CMS released the Star Rating system, designed to give patients and health consumers an 
overall picture of the quality of a hospital. Based on the vast amount of data available on the Hospital 
Compare website, the Star Ratings are designed to make this information easier for patients to 
understand (Centers for Medicare & Medicaid Services 2016b). Out of the more than 3,600 hospi-
tals rated, only 102 received the top (5 star) rating and 129 hospitals received the lowest (1 star) (Rau 
2016b). Interestingly, several well-known hospitals failed to achieve even the average rating, while 
those at the top included some relatively obscure or highly specialized facilities (Rau 2016b). Because 
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the Star Rating system is based on data included on the Hospital Compare website, criticisms are 
consistent with those of the individual programs from which it draws its data. With only a single 
year’s ratings released, it’s uncertain how popular the Star Rating system will become over time and 
whether patients will find its information more useful or better than alternatives.

There are numerous competitors to the CMS Star Rating system that have been developed by 
entrepreneurs in the past few years. They have largely entered the market with a goal of collating the 
vast amount of data on Hospital Compare with rankings, quality measurements from other organi-
zations, and even patient feedback, and putting it into an easy to understand format for consumers 
or employers. Healthgrades, for example, uses patient reviews as part of its rating system. However, 
it has been criticized for allowing people who have never seen a particular doctor to review that doc-
tor, and also because some of the scores are based on very few reviews (Bumpass and Samora 2013).

Leapfrog, a coalition of employers that includes many of the largest companies and orga-
nizations in the United States that buy insurance for their employees, has launched one of the 
most intensive campaigns to bring hospital safety records, and the cost of medical errors to light 
(Leapfrog Group 2017). The group, which includes companies such as AARP, Boeing, FedEx, and 
General Motors, supports “informed healthcare decisions” and “high-value” healthcare, or data-
driven decisions (Leapfrog Group 2017).

In the summer of 2012, Leapfrog launched its Hospital Safety Score program, which provides 
a letter-grade (A, B, C, D, or F) rating reflecting how well more than 2,500 U.S. hospitals compare 
to each other in protecting patients from accidents, infections, injuries, and errors. The rating uses 
data from the proprietary Leapfrog Hospital Survey, as well as the CDC, CMS, and the American 
Hospital Association’s Annual Survey and Health Information Technology Supplement. A hospi-
tal’s ultimate score reflects performance on 28 measures. These are all “currently in use by national 
measurement and reporting programs,” according to Leapfrog (Leapfrog Group 2016). The group’s 
methodology has also been published in the Journal of Patient Safety (Austin et al. 2014).

The average patient, however, may be more familiar with safety and quality ratings published by 
Consumer Reports and U.S. News & World Report, as we described in Chapter 6. Consumer Reports 
issued its first hospital safety ratings in 2012, using data from Hospital Compare, state healthcare 
reporting sites, and other sources. The magazine rates a facility’s safety based on hospital-acquired 
infections, unnecessary readmissions, mortality, communication about new medication and dis-
charge instructions, and appropriate use of scanning. They also consider readmission data, hospi-
tal practices, patients’ experiences, and more (Consumer Reports 2015).

The rating tools are not yet optimal and have garnered substantial criticisms. For example, 
using physician survey responses to base a hospital’s rating (e.g., U.S. News & World Report) 
instead of objective outcomes data (U.S. News & World Report 2016). Just like the data collected 
by CMS, these rating systems don’t consider how different patient populations might be from 
one hospital to the next. Teaching hospitals, which often have large numbers of complex and low-
income patients, are rarely found at the top of hospital rating lists (Rice 2014).

Additionally, critics have pointed out that the ratings don’t always agree and that they reach 
“opposite conclusions about many facilities,” a consequence of using different measurements to 
calculate the rating (HCPro Inc. 2012; Rice 2014; Austin et al. 2015; Beck 2015; Ross 2016). This 
can confuse patients who don’t understand the methodological differences in the rating systems. 
In fact, a recent analysis of hospital rankings based on four national systems found that no hospital 
was given the highest ranking with all four, and only 10% were consistently rated highly by two 
methods (Austin et al. 2015).

Some experts have questioned the utility of the ratings to help the patients determine which 
hospital is best for their needs. Nicholas Osborne at the University of Michigan says that “[the 
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ratings] have become more important for hospital marketing than for actually helping patients 
find the best care” (Rosenthal 2013d). Professor of healthcare finance J. B. Silvers is even more 
cynical: “Some hospitals are better at working the numbers than others,” he said. “My guess is the 
safety net hospitals aren’t as good at it as richer hospitals” (Ross 2016).

So the question remains: Will patients take the time to check out the safety record of their hos-
pital and will they make decisions about where to receive care based on that information? Research 
suggests they will. An Altarum Institute study found that patients shown hospital safety scores 
along with cost information will choose the safer hospitals 97% of the time, regardless of the cost 
difference (Duke et al. 2014). In England, where prices are consistent, patients provided with 
information about provider quality and measurements such as waiting time, chose higher-quality 
providers for elective hip replacement, even if it meant traveling a greater distance and bypassing 
a local provider of lesser quality (Moscelli et al. 2016).

The key here is getting the information into the hands of the patient/consumer in a format 
they can understand and find useful. And unlike the United Kingdom, where prices are con-
trolled, paying for value in the United States demands price information to go along with the qual-
ity. Competition, innovation, and new ways of looking at data will shape the evolution of websites 
such as Hospital Compare and Healthgrades, and ranking systems such as Leapfrog Group’s and 
Consumer Reports. As we have seen with many other systems like this outside of healthcare, the 
more the systems are used, the better the data becomes.

Healthcare’s Sea of Change
Making this shift to data-driven medical decisions and outcomes-based reimbursement requires 
major adjustments. Doctors and hospitals have been billing “per procedure” for decades. An entire 
infrastructure has been built up around this practice, with every aspect of patient care able to be 
“coded” in some way for billing purposes. According to Jean Balgrosky, founder of Bootstrap 
Incubation and expert in health information systems, the early precursors to today’s EHRs were 
developed primarily as software to track patient billing and financial information. It was only later 
that these systems were used for things like electronic prescribing and clinical decision support 
(Balgrosky 2014). What’s worse, very little has been done to track patient outcomes or even to 
make them measurable until recently, and both price and quality must be taken into consideration.

We’ve already described in Chapter 6 how difficult it can be to get at healthcare price and 
quality data. An even bigger challenge is communication between healthcare providers at different 
facilities. How can hospital administrators justify spending a lot of money to ensure that patients 
can access their records when visiting competitors? As the move toward value-based care evolves, 
the most powerful hospitals will likely try to take control of as many nearby facilities as possible, 
and control the flow of patients among those. An influx of new patients will buffer their institu-
tions’ budgets as Medicare penalties mount. Of course, a key issue will be how many of those 
patients have health coverage, which is a number that could change dramatically over the years.

An increase of mergers and acquisitions isn’t necessarily all bad. With this carrot-and-stick 
approach of penalties and new opportunities moving the system toward value-based reimburse-
ment, hospitals and providers that aren’t high quality are likely to be left behind or forced to 
improve as consumers attempt to choose alternatives. That is good for everyone: individual patients 
benefit from improved care, populations benefit from overall improved health, employers can see 
their healthcare cost burdens decrease while their employees’ healthcare improve, and institutions 
benefit financially.
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Until healthcare price and quality transparency is the status quo, patients will have to rely on 
the penalties and incentives that the federal programs provide to weed out poor performing hos-
pitals and draw attention to institutions that succeed. Negative ramifications of these value-based 
initiatives could include a lack of available healthcare providers in some regions as lower-quality 
providers and hospitals find CMS penalties and unfavorable ratings bring them to insolvency. 
Though it’s not good for patients (or the economy) to keep institutions open if they can’t meet 
certain standards, there are potential solutions to the problems resulting from hospital closures, 
including geographic expansion of health systems that are successfully delivering high-value care.

Many Americans are also fervent advocates of privacy. Some have deep concerns that making 
their medical records easily accessible to healthcare providers will also compromise their privacy. 
These concerns are just one of the obstacles that have led to a medical system where it is very dif-
ficult to share records. However, as we described in Chapter 1, this situation is analogous to online 
banking. Many of the technological problems have already been addressed and online banking 
is generally safe and accepted. Patient education and strict guidelines will be key components to 
making interoperability work.

In addition, many individuals and enterprises have made lots of money under the current U.S. 
health system, which, as noted earlier, accounts for about $2.7 trillion in spending. Redirecting the 
flow of that money will be very difficult. No one is going to want to give up their piece of the pie. 
The U.S. system is unlike other countries that have healthcare systems that are largely controlled 
by the government (e.g., single-payer) and/or are not-for-profit. Outside of the United States, even 
when there is competition, there are often regulations that dictate the amount an insurer can raise 
rates, who they must cover, and what level of services they are required to provide (Paris 2010).

Some market leaders, however, have already started to pioneer truly revolutionary business 
models that could turn cost-effective care into the next big thing. In 2013, Intermountain 
Healthcare, a not-for-profit healthcare system in the western United States, announced their part-
nership with Deloitte Consulting to create ConvergeHEALTH, which combined the hospital 
system’s data and the consulting company’s informatics capabilities. As Deloitte’s chief innovation 
officer Andrew Vaz said, “We hope to accelerate the development of what the Institute of Medicine 
refers to as a ‘learning health-care system’” (Intermountain Healthcare 2013).

Because Intermountain has been collecting patient data for nearly 40 years, they have the 
ability to look at a large number of outcomes, something that researchers can use to find the most 
cost-effective treatments for patients and best practices for physicians. As Intermountain’s chief 
information officer Marc Probst said, “Research studies that previously might have taken years to 
complete could be conducted in just a few weeks instead” (Intermountain Healthcare 2013). This 
is an important point. Instead of having to wait years to follow a patient population to determine 
their outcomes, Intermountain and Deloitte can leverage the trillions of data points they already 
have collected.

Since its inception, ConvergeHEALTH has developed several products designed to help hospi-
tals and providers get more out of the data they already have, monitor patient safety, and increase 
patient engagement (Deloitte 2017). In addition, it has entered into a partnership with pharma-
ceutical company Allergan to explore outcomes related to specific context, such as respiratory 
diseases and women’s health (Deloitte 2015).

Geisinger Health System is another pioneer in value-based care delivery. Geisinger Health 
System includes physician practice groups, managed care company (Geisinger Health Plan), and 
provider facilities across Pennsylvania. It’s been named as one of the country’s “Most Wired” 
health systems for 14 consecutive years (Advisory Board 2016a) and has a fully integrated EHR, 
connecting hospitals, providers, and patients. In 2006, Geisinger implemented the concept of 
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patient-centered medical homes, called the ProvenHealth Navigator (PHN). According to a 2012 
paper, “PHN is designed to move resources further ‘upstream’ in the primary care setting to 
reduce ‘downstream’ costs from the highest acuity settings” (Maeng et al. 2012). Geisinger is 
uniquely positioned to explore the impact of different patient care models because it has access to 
both claims data (as a payer) and patient outcomes, through the EHR. With a widespread network 
of providers and facilities, interventions can be tested in a subset of patients or providers, analyzed 
to determine the financial and patient impacts, and rolled out system-wide or scrapped depending 
on the results.

This model has demonstrated patients in the PHN were more likely to have used their physi-
cian’s office for standard care rather than the emergency room (Maeng et al. 2013) and that the 
medical-home model reduced acute inpatient care (Maeng et al. 2015) and outpatient (Maeng, 
Sciandra, and Tomcavage 2016) costs.

The idea that treating patients more aggressively earlier in the care cycle can improve patient 
outcomes and reduce overall costs was tested by Geisinger by “bundling” care for patients 
with diabetes. Here, the study found that increased professional and outpatient costs, 13% and 
9.7%, respectively, were balanced by a significant reduction of nearly 30% in inpatient facility 
costs and improved patient outcomes (xG Health 2014; Maeng, Yan et al. 2016). And in the 
Medicaid population covered by Geisinger through the state’s expansion using private care orga-
nizations, authors found that although prescription drug costs increased, Geisinger’s patient-
centered medical home approach led to lower-than-expected costs for inpatient, outpatient, and 
professional care (Maeng, Snyder et al. 2016). If Geisinger’s diabetes bundled care program was 
implemented across the nation, the impact on patients and economic consequences could be 
substantial.

These studies are certainly impressive and demonstrate that patient care needn’t suffer in order 
to reduce costs. In fact, improved outcomes and lower costs can be the result of targeted, strategic 
investments based on data.

Geisinger Health System is now spinning out its “optimized care delivery” system, as xG Health, 
to help other hospital systems and insurers adapt to the new environment (xG Health 2017). But 
Geisinger’s experience isn’t likely to be adopted where payers and providers/facilities are playing on 
different teams. Today, insurers reap most of the rewards when providers are able to increase value. 
Only when the hospital is also the insurer, do such changes improve the provider’s bottom line. 
This disconnect between the delivery of care and reimbursement will continue to stymie value-
based care until the incentives for payers and health systems are aligned. Both want and need to 
reduce overall costs, but health systems can’t continue to bear the financial burden of implement-
ing programs, like Geisinger’s PHN, unless payers are willing to chip in.

Glen Steele, Chairman of xG Health Solutions and former President and CEO of Geisinger 
Health System, says that though some groups are aiming to change provider behavior with better 
incentives, reimbursement is still a “schizophrenic” process with most services paid on the fee-for-
service model.

Shifting the bulk of patient care to nonspecialists can be cost-effective, as long as the primary 
care model can obtain improved outcomes for patients. That’s the idea with direct primary care, 
which companies such as Iora Health are championing. Better primary care, and more careful over-
sight of the use of specialty care, they argue, can improve health and reduce costs (see Chapter 9).

As Anil Jain, vice president and chief medical officer of Explorys told us, different CEOs 
are going to have different drives, but all are going to need engagement at the financial level. 
This is where analytics and technologies such as IBM Watson can identify data-proven, value-
based solutions. As mentioned previously, improving the healthcare system relies on constant 
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measuring and data analysis. To find patterns in the data that could point to novel or innovative 
value-based solutions is challenging, and cognitive computing programs, such as IBM Watson, 
may provide some answers.

Both Geisinger and Intermountain Health have been pioneers in collecting and tracking data 
about the connection between treatments and outcomes. They are capitalizing on their early work 
and beginning to monetize it. As the impetus to move toward value-based care continues, through 
the need to reduce healthcare costs at the health-system level, and through penalties raised by federal 
programs such as Medicare, other hospital systems will either become those pioneers’ clients, will 
have to build their own analogous systems, or face being unable to compete in the new environ-
ment. Many new biotechnology and healthcare-related companies will emerge in this space, bring-
ing together existing data and new methods to analyze it. Healthcare systems and payers will partner 
to bring data-driven solutions to life, benefitting patients, providers and facilities, and payers alike.

Future for Value-Based Healthcare Programs
This is just the start, as the unstoppable pressures of healthcare costs and new sources of data 
converge to reshape the healthcare system—however, much more needs to be done. “We also have 
challenges on the data management side, around integrating and storing it,” says John Glaser, Vice 
President, Population Health and Global Strategy for Cerner Corporation. “But I think the real 
innovations ahead will be around the analytics. The issue isn’t going to be how much data we can 
handle, but are we better at collecting and interpreting it?” This will include not only identifying 
the patients who are at greatest risk of needing health services, but determining which treatment 
provides the best value. As we’ve described in this chapter, this is a multifaceted problem, and 
solutions are likely to be equally complex, require federal incentives, rely on building partnerships 
with patients, and leverage entrepreneurial innovation.

The federal government has embraced value-based care for years (see the section Government 
Initiatives: Medicare’s Value-Based Purchasing Programs). Despite the intent, high-quality analysis 
of the impacts of value-based purchasing programs has generally been lacking and what has been 
published has shown mixed results (Farmer and Hochman 2017). For example, some studies have 
found no improvement in mortality rates for a variety of conditions with value-based payments, 
while successes have been seen in Britain and with the Blue Cross Alternative Quality Contract 
(Farmer and Hochman 2017). With a small base of published studies, the overall success or fail-
ure of value-based programs to improve patient outcomes or otherwise support the triple aim of 
healthcare is uncertain. It’s also very unclear whether the current U.S. administration will con-
tinue to support the regulations that have spurred value-based care in this country. If these regula-
tions are ignored, or outright abandoned, will the trend continue?

This top-down approach hasn’t always been well received by patients, providers, or health sys-
tems. As one alternative to the government-directed value-based programs, the American Board 
of Internal Medicine developed a program in partnership with Consumer Reports called “Choosing 
Wisely,” in 2012 (American Board of Internal Medicine 2017).

The goal of the initiative is to get buy-in from providers to reduce the number of low-value 
treatments and tests they order, behaviors that contribute to an estimated $750 billion in unnec-
essary healthcare spending yearly (Schlesinger and Grob 2017). Improved patient education for 
value-based healthcare strategies (e.g., avoiding unnecessary antibiotics, more conservative or pal-
liative treatment vs. aggressive treatments) is another goal of the program. California has devel-
oped a similar program, Smart Care California, with similar goals to reduce unnecessary tests and 
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procedures. Elective cesarean sections and opioid use among patients with lower-back pain are 
among its current priorities (Terhune and Kaiser Health News 2017).

A recent study assessed the impact of “framing unnecessary care as waste” and better under-
standing the public’s perception of low-value care across different socioeconomic and racial/ethnic 
groups using the SelectMD website (Schlesinger and Grob 2017). SelectMD is a physician-choice 
website from the Better Health Coalition, a nonprofit organization focused on delivering a variety 
of quality data about healthcare providers to consumers. Using the website, consumers can find 
local providers based on their use of effective treatments and patient survey results (The Better 
Health Coalition 2017). Even when study respondents could articulate the benefits to choos-
ing high-value care over low-value options, when using SelectMD less than a third were willing 
to choose providers who were more conservative in their treatment choices (less low-value care) 
(Schlesinger and Grob 2017).

The study authors also uncovered an impact of conventional media portrayal of low-value care 
as waste, fraud, and/or abuse. Patients who associated low-value care as wasteful were “three times 
as likely to blame providers” compared to those who associated it with health risks (Schlesinger 
and Grob 2017). Their findings indicate the media should reframe descriptions of value-based care 
in the context of improving and personalizing the physician–patient relationship and reducing 
risks and harms to patients (Schlesinger and Grob 2017).

How to calculate the value of specific procedures and treatments continues to be a barrier to 
moving away from payments based on volume of medical care.

As we described in Chapter 6, there has been significant resistance on the part of public and 
private payers to reimburse for some high cost drugs. A new treatment for Duchenne muscular 
dystrophy (DMD), Emflaza (deflazacort), is a case in point. Emflaza is a corticosteroid that has 
been used for decades, but only recently received FDA approval for DMD under previous owner 
Marathon Pharma (Sagonowsky 2017a). Marathon also set Emflaza’s price at $89,000 before sell-
ing off the drug to PTC Therapeutics in a deal worth more than $190 million. Although PTC 
hasn’t yet released Emflaza’s new price, Washington State’s Health Care Authority published 
a report indicating prednisone, an older steroid that costs ~$55 yearly, would be its preferred 
drug for DMD patients instead of Emflaza (Sagonowsky 2017a). In another example where price 
became a major issue, UniCure gave up on Glybera, the world’s first approved gene therapy treat-
ment. The drug is for treatment of a very rare disease—familial lipoprotein lipase deficiency. But 
the $1 million-plus anticipated price tag clouded its prospects and UniCure is not going to try and 
renew that approval (Sagonowsky 2017b).

When you consider the lifetime costs of paying for someone with a chronic disease, such as diabe-
tes, or cancer, where new medication costs can reach $150,000 or more (Knox 2017), it’s not difficult 
to see that it makes sense to use a value-based system to determine whether or not to pay for the drugs. 
But determining the tipping point, identifying the specific patient characteristics (e.g., age, sex, other 
health conditions) that make a treatment or procedure cost-effective, is complicated and driven by data 
and advanced analytics. And beyond simply determining whether or not to pay for a specific drug, the 
data can be used to identify the most effective drug or even what preventive measures can be taken to 
keep the patient healthy in the first place. We foresee payers and health systems using evidence-based 
practices and data analytics, including artificial intelligence (AI), to move value-based care forward as 
penalties continue to rise and there are improved financial incentives to do so.

Changing provider behavior is key to making value-based care successful. Clinical decision 
support mechanisms, such as alerts that are integrated in an EHR system to warn doctors of 
potential drug interactions or services that have already been ordered by another provider, are just 
a few examples where data analytics and bioinformatics can change physician behavior. Successful 
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implementation of these types of interventions requires an EHR with advanced capabilities and 
interoperability between different EHRs and/or different health systems.

Workforce engagement is the essential element that bridges safety, quality, and patient experi-
ence in a value-based healthcare system (Minemyer 2017b). A 2017 report by Press Ganey found 
a direct association between patient experience and safety. The health systems with the highest 
patient engagement scores on the Hospital Consumer Assessment of Healthcare Providers and 
Systems survey were found to have lower spending in the first 30 days of patient care but had 
higher net margins (Minemyer 2017b). According to James Merlino, president and chief medical 
officer of Press Ganey’s strategic consulting division, “What this demonstrates clearly is that when 
you focus on the right things for patients, you’re not only improving the delivery of care and meet-
ing needs, you’re actually doing it in a more cost economical way” (Minemyer 2017b).

Geisinger Health System recently published the initial results of a case study with its nursing 
staff to adopt structured, evidence-based processes in patient management that are demonstrated 
to improve patient outcomes (Robel 2017). The patient experience is paramount to Geisinger. In 
2015, new CEO David Feinberg announced the ProvenExperience program, where the health sys-
tem would refund patients if patients were unhappy with their care. This money-back guarantee 
program made it even more important that the care patients received was consistent across the 
system’s 12 hospital campuses (Robel 2017).

Geisinger developed and implemented a “nursing bundle” across their health system consist-
ing of five practices including hourly rounding on patients, whiteboard use in patient rooms, and 
bedside shift reports. Importantly, the practices identified by the nursing staff for inclusion in 
the nursing bundle were measurable, a necessary component to track the utility and value of the 
program (Robel 2017). Preliminary results suggest hourly rounding, bedside shift reporting, and 
whiteboard updating occurred more frequently after the nursing bundle was implemented (Robel 
2017). In addition to providing a more consistent patient experience across the healthcare system, 
overall patient satisfaction scores improved (Kuhrt 2017b).

Traditionally autonomous, physicians will need to be aware of evidence-based practices, 
especially where they counter a hospital’s established standards of care. We’ve already seen how 
evidence has changed provider practices, with fewer men receiving PSA tests and fewer women 
taking hormone replacement therapy after menopause. Academic consortia and partnerships 
with industry (e.g., pharmaceutical companies) that explore health-related outcomes in their 
patient databases can achieve more, and more quickly, thanks to informatics and data analytics. 
ConvergeHEALTH is just one example where this is taking place, IBM Watson Health is another.

Another critical issue will be whether health consumers can rise to the occasion and play a 
part in rewarding value-based care, or whether it will be up to insurers and employers to help 
them make better decisions. For solutions such as patient-centered medical homes to be success-
ful, patients need to see the value of not starting their care at a specialist or acute medical facil-
ity. Developing trusted relationships with primary care providers is the first step in this process 
(Schlesinger and Grob 2017), something that can minimize patient perceptions of primary care 
doctors as “gatekeepers” or equivocating value-based care with rationing.

How do providers and the medical centers that employ them encourage patients to develop this 
type of relationship with doctors? First, patient needs will have to be addressed. This means primary 
care centers will need convenient hours, be easy to access, and be staffed with high-quality provid-
ers that can address a wide variety of patient concerns. Meeting patients’ needs includes addressing 
social determinants of health and behavioral health issues (Manos 2017). Second, when patients 
need to see a specialist, access to their EHRs will be essential to avoid duplication of services and so 
that the specialist can hand off care back to the primary care provider without difficulty.
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With patients paying for higher proportions of their medical care through high-deductible 
health plans, it should be easier to get them on board—if the data are there for them to identify 
providers who practice the best quality and highest value-based care for their condition(s).

Encouraging patients to choose providers who eschew low-value care (e.g., redundant or 
unnecessary tests) will require a multifaceted approach that involves providers, medical systems, 
and the media to better communicate the benefits of value-based care while avoiding the stigma of 
healthcare rationing or perception of lesser care. As noted by Schlesinger and Grob, emphasizing 
the benefits of value-based care (e.g., risk reduction) will reduce conflating low-value solely with 
fraud, waste, and abuse, and blaming providers for recommending low value care or excessive 
treatment (Schlesinger and Grob 2017). Better communication from health systems to their catch-
ment area through advertising and outreach programs can make this happen.

Although this chapter has described the movement toward value-based programs largely from 
a provider- or medical center-centric perspective, other key stakeholders include pharmaceutical 
companies, medical device manufacturers, and the growing number of digital health compa-
nies. They are also under increasing pressure to demonstrate the value for their products, often 
through clinical trials or other research and clinical studies. These data also have a role helping 
providers make evidence-driven, value-based decisions for their patients. For example, the infor-
mation gleaned from a single molecular test, such as whole exome or whole genome sequencing 
(see Chapter 2), has the potential to reduce or eliminate several other, less informative tests.

Companies that have the data to support the value for their products (medications, tests, or 
medical devices) will have a tremendous advantage over those that don’t. As value-based payments 
increase, expect to see more providers making decisions about which test to use or which medica-
tion to prescribe based on data.

Some of these companies are already embracing value-based reimbursement. Patients with 
chronic disease(s) that use Noom, a digital health company that provides virtual coaching, won’t 
have to pay unless they reach their health goals (Baum 2016a). Some pharmaceutical companies 
offer a money-back guarantee if their drug doesn’t work (Staton 2016b). Companies that can 
differentiate themselves from the competition by publishing their data or at least sharing it with 
providers will find themselves at the forefront of a value-based system.

From patients to providers to healthcare systems, moving away from fee-for-service to value-
based care means each stakeholder will be making decisions and acting based on data. For patients, 
that might mean selecting a hospital for their heart surgery based on data from the Hospital 
Compare website, and finding the hospital uses remote patient monitoring to keep them healthy 
once they go home. For providers, preparing for the Medicare Access and CHIP Reauthorization 
Act (MACRA) and other value-based reimbursement regulations will require greater emphasis on 
evidence-based medicine and collecting the patient outcome data to support it. MACRA replaces 
prior methodology to update the physician fee schedule with a new program, the Quality Payment 
Program, which uses two methods to reward value-based care: advanced alternative payment 
models and merit-based incentive payment systems (Centers for Medicare & Medicaid Services 
2016d). Hospitals and other medical centers may undergo an increase in strategic mergers and 
acquisitions, the creation of ACOs, or structuring of their provider networks into patient-centered 
medical homes to meet the demands of a value-based reimbursement system.

In the end, value-based payment stands on three pillars: quality, cost, and outcomes, and the 
three are not mutually exclusive. It is possible—and is already being done—to have high-quality, 
lower-cost healthcare that demonstrably improves patient outcomes and advances population 
health—and Moneyball Medicine will get us there.



129

Chapter 8

Data-Driven Drug Discovery 
and Development

Are pharma companies chemists or data scientists in the future?

Christine Lemke
Cofounder and President of Evidation Health

“She was a 32-year-old aerobics instructor from a Dallas suburb—healthy, college educated, with 
two young children. Nothing out of the ordinary, except one thing. Her cholesterol was astound-
ingly low” (Kolata 2013b). That’s how New York Times reporter Gina Kolata describes the woman 
whose exceedingly rare genetic mutation helped fuel the race to produce a potentially multibillion-
dollar drug.

Such races are common in the pharmaceutical industry, which commands a world market of just 
over $1 trillion (Deloitte 2016). The industry spends at least $60 billion on research and develop-
ment (PhRMA 2016), and there are thousands of life science and information technology firms 
that support that effort. The life sciences informatics market alone has been estimated to be worth 
$1.7 billion (Grand View Research 2016a). But drug discovery is a highly competitive field where 
the stakes are high. In 2016, 22 novel drugs were approved in the United States. But that number 
can vary significantly—45 were approved in 2015 (Hirschler 2017). It’s important to note, how-
ever, that only 2 out of 10 drugs ever return revenues that match or exceed developers’ R&D costs 
(PhRMA 2016), which averages $2.87 billion for a single drug when all pre- and post-approval 
required costs are considered (DiMasi, Grabowski, and Hansen 2016). Time is another factor, 
since it typically takes 10–15 years to develop a drug (PhRMA 2016), though this can also vary 
substantially.

Failure in pharma or biotech is thus a huge setback; being the first to market, even by months, 
can be a crucial element in success. New data, analytical tools, and other technologies are increas-
ingly being brought to bear on drug discovery and development in the hopes of bringing new 
treatments to market faster, and ensuring more of them will be successful.

At the time she was discovered, that aerobics instructor was one of only two people in the entire world 
documented to have “dazzling” low-density lipoprotein (LDL) levels, as Kolata wrote. The Dallas wom-
an’s level was 14, while a woman in Zimbabwe had recorded a 15. Normal adults, meanwhile, have LDL 
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levels of about 100 and people who have abnormally high cholesterol can see those levels reach beyond 
300, despite drug therapy and drastic lifestyle changes. And doctors continue to be frustrated that 
many people with high cholesterol, even those who are on drug therapy, are still dying of heart attacks.

Statins, drugs that lower cholesterol, are the typical treatment for high cholesterol (hypercho-
lesterolemia) and among the biggest sellers of all time. In fact, Lipitor (atorvastin) has garnered 
lifetime sales of $148.7 billion, making its sales the highest for any drug (Williams 2017). But as 
we described earlier, many patients who take statins have negative side effects, such as neuropathy, 
and these can reduce compliance with the medication (see Chapter 2). So any new class of drug 
that can effectively lower cholesterol levels and reduce outcomes such as strokes, heart attacks, 
and death, but without the negative side effects (e.g., neuropathy) common with statins, has the 
potential to be a financial blockbuster (Staton 2015).

Both women turned out to have a double mutation of a gene called PCSK9, which quickly 
became one of the hottest targets in the pharmaceutical industry. “It’s just really exciting,” one 
scientist told newsletter FierceBiotech of the PCSK9 drugs, “This is why we all got into biotechnol-
ogy in the first place” (Garde 2014).

But the story of PCSK9 and LDL cholesterol began almost a decade earlier.
A family in France with an inherited form of hypercholesterolemia and a history of heart dis-

ease was found to have PCSK9 mutations (Varret et al. 1999; Abifadel et al. 2003). Researchers 
at the University of Texas Southwestern Medical Center hypothesized that just as some PCSK9 
mutations led to incredibly high levels of LDL cholesterol, others might lead to very low levels. 
Using data from a large population-based study (the Atherosclerosis Risk in Communities [ARIC] 
study), the researchers found subjects with certain PCSK9 mutations had lower LDL cholesterol 
levels and a concomitant reduction in the risk for coronary artery disease (Cohen et al. 2006). 
Based on these findings, the researchers combed through their own patient data, looking for a 
patient that might have inherited two defunct copies of PCSK9 from their parents (Kolata 2013b). 
The patient they found was the aerobics instructor.

A dramatic race ensued between Amgen and Sanofi/Regeneron, with the latter pulling ahead 
using an unusual tactic: Sanofi and Regeneron bought a priority review voucher from BioMarin for 
$67.5 million (Carroll 2014). BioMarin received the voucher from the FDA following the agency’s 
approval of Vimizim (elosulfase alfa), a drug for Morquio A syndrome, a rare disease that affects 
approximately 1 in 200,000 people (Gaffney 2014; Children’s Hospital of Philadelphia 2017). 
Such vouchers are part of the agency’s Orphan Disease program to accelerate research in rare, 
or orphan, conditions (see Chapter 5). The voucher cut months off the normal regulatory review 
for Sanofi/Regeneron’s drug. In the race to be the first to bring this new kind of drug to market, 
that shortcut was considered worth the price of the voucher. In July 2015, Sanofi/Regeneron’s 
alirocumab (Praluent) became the first such treatment approved by the U.S. FDA (U.S. Food & 
Drug Administration 2015a), followed by approval of Amgen’s evolocumab (Repatha) in August 
of the same year (U.S. Food & Drug Administration 2015b).

The story doesn’t quite end there for the newly approved PCSK9 inhibitors. Deals with phar-
macy benefits managers led to exclusive arrangements for both Repatha and Praluent (Phend 
2016) and Amgen signed a payment for performance value-based contract with insurer Harvard 
Pilgrim (Weisman 2015; Cassels 2016). Results from ongoing clinical trials were positive, dem-
onstrating a reduction of heart attacks and strokes in addition to lowering LDL cholesterol levels 
(Amgen 2017a,b; Kolata 2017; Sabatine et al. 2017).

But despite the hope about the market potential of PCSK9 inhibitors, and the excellent science 
that went into this drug, it appears to have been largely hype. Sales have failed to meet analysts’ 
expectations. Prelaunch research suggested the market was worth approximately $10–20 billion 
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per year, with some suggesting even higher potential depending on the patient population (Staton 
2015). But the first full quarter sales of PCSK9 inhibitors reached only $4 million, far below even 
a more modest $21 million prediction (Cassels 2016). First quarter 2017 sales have improved, 
though remain far below analysts’ expectations (Chen 2017; Gatlin 2017). Pfizer, which was 
developing its own PCSK9 inhibitor (bococizumab) and was expected to seek (and receive) FDA 
approval in 2016/2017 (Staton 2016d), abruptly shuttered its clinical trials and halted develop-
ment in November 2016 after spending hundreds of millions of dollars, citing the “evolving treat-
ment and market landscape for lipid-lowering agents” (Carroll 2016; Husten 2016).

So why the colossal failure, after so much hope? As STAT’s Damian Garde writes, “The prob-
lem boils down to doctors who are reluctant to write prescriptions, insurers who are unwilling 
to pay for them, and drug companies that have failed to understand a fast-changing market-
place” (Garde 2016). The doctors are reluctant because insurers are demanding tedious amounts 
of paperwork to prescribe the drugs, such as proof a patient failed to respond adequately to at least 
two other lipid-lowering regimens (e.g., high-dose statin therapy). Insurers are unwilling to pay 
because they want to see solid outcomes data: do these drugs just lower LDL or do they also actu-
ally improve outcomes (e.g., reduce strokes and heart attacks)?

Ongoing and recently concluded clinical trials may start to provide some answers. Results 
from the FOURIER clinical trial were announced at the 2017 American College of Cardiology 
meeting and published simultaneously in the New England Journal of Medicine (American College 
of Cardiology 2017; Sabatine et al. 2017). The FOURIER trial included more than 27,000 patients 
in 49 countries with high cholesterol who were already on statin therapy. Adding the PCSK9 
inhibitor evolocumab to patients’ therapy regimens reduced the composite primary outcome of 
cardiovascular death, myocardial infarction, stroke, coronary revascularization, and hospitaliza-
tion for unstable angina by a modest 1.5%, but failed to reduce cardiovascular death or all-cause 
death compared to placebo (Sabatine et al. 2017). Whether this reduction is sufficient to satisfy 
payers, or that the benefit of the treatment is worth the cost remains to be seen.

But the changing market for drugs may be the biggest factor here. For decades, pharmaceutical 
companies have operated on the assumption that if they could develop a drug that clearly affects 
a well-known target, their marketing arms could sell that drug. Insurers offered little resistance. 
Patient demand could be driven up by direct-to-consumer advertising, and doctors would not resist.

So what changed? Rising healthcare costs and shifting of more of the financial burden of treatment 
to patients, to start. Clearly, the market still tolerates expensive drugs: multiple hepatitis C drugs are on 
the market, with prices starting around $55,000 (Graham 2016b). In stark contrast to PCSK9 inhibi-
tors, the hepatitis C drugs are cures. They completely eradicate the deadly virus from the patient’s body 
after treatment. And rare disease treatments can cost more than $400,000 yearly (see Chapter 5). But 
for PCSK9 inhibitors, there hasn’t yet been a compelling enough reason for insurers to pay for them.

To this day, Amgen and Sanofi/Regeneron are in a continued battle over patent rights. In 
March 2016, a jury found that Praluent infringed on the Repatha patents (Staton 2016a), paving 
the way for Amgen to receive some of the Praluent royalties. Although the court ordered Praluent 
off the market, a federal judge stayed the injunction, allowing Praluent to remain on the market 
while the companies fight it out in court (Caffrey 2017). No matter who wins the patent case, with 
a yearly cost of more than $14,000 for this drug, they have an uphill battle proving to patients and 
doctors that they are a cost-effective treatment for long-term use (Kolata 2017).

The story of PCSK9 encompasses several of the topics we’ve covered in the book thus far: 
value-based care, price and quality, and the role of big data and new technologies in healthcare. 
It also highlights some of the inherent challenges of drug discovery, such as regulatory and market 
uncertainties, an ultracompetitive market, and the investments of hundreds of millions of dollars 
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with no guarantee of launching a new drug. In this chapter, we’ll show how data-intensive meth-
ods are changing drug discovery pipelines and the companies developing them.

Genome Revolution in Pharmacology
The sequencing of the human genome sparked a period many would later refer to as “genome fever” 
(Shreeve 2005; Finkel 2012). Brand new “genomic data” companies such as Celera, CuraGen, and 
Incyte Genomics sold pharmaceutical companies subscriptions to their exclusive databases for 
daunting prices that reached into the hundreds of millions. Dozens of new firms were launched 
around proprietary software to analyze all this new data. With the stock market peaking, there 
was a giddy atmosphere, and tech companies that would have normally stuck with the staid and 
somber image typical to life sciences firms were putting splashy furniture in their waiting rooms 
and coming up with clever names more suited to dot-com start-ups.

Seeking to uncover the causes of various diseases, laboratories around the world launched mas-
sive databases that aimed to compare the newly available “average” genome to the blueprints from 
people with specific illnesses. There was great hope of sifting through all that genomic data and 
lifting out the targets for many new billion-dollar drugs.

The genomic big data curve was growing at a remarkable speed and genomics was red hot. The 
problem was that we still didn’t know the best use for these data.

It did not take long for this to lead to disappointment. Genomics-based leads for new drug 
targets largely failed, and the growing amount of public data available made creating and main-
taining proprietary data look less attractive.

Within a few years, the market for genomic databases collapsed, scores of companies went 
out of business or changed their models drastically. Incyte, for example, abandoned genomics, 
hired a seasoned pharmaceutical executive and dove straight into traditional (small molecule) 
drug development (Allen 2005). Realizing their investment in genomic data couldn’t be quickly 
exploited with new drugs on a fast turnaround, big drug companies and investors became skittish. 
Genomics was no longer a buzzword that could net you generous financial backing.

Suddenly, people and the press were complaining about genome hype and the first part of the 
genomic era was widely labeled by the press to be a bust (Allen 2005). Perhaps the classic example 
is Human Genome Sciences (HGS), which was born of the genomic revolution. HGS was founded 
in 1993 by noted scientist William A. Haseltine as the for-profit partner to a genomics research 
institute Craig Venter was leading at the time.

Haseltine declared that “Death is a series of preventable diseases,” and imagined using the 
onslaught of genomic data to create a cornucopia of new drugs (Fisher 1999). He said the company 
had sequence data for 95% of all human genes and would amass a patent portfolio that would 
essentially make it a “must have” partner for anyone seeking to create genomics-based drugs.

His assertion seemed vindicated early on, as HGS netted over a billion dollars from investors, 
including big pharmas. Haseltine maintained that HGS’s approach “speeds up biological discov-
ery a hundredfold, easily” (Zitner 2000). But by mid-2000, the company’s pipeline was running 
dry, as promising drugs failed in clinical trials and the stock had fallen to about $10 from a one-
time high of $241, when it “seemed to epitomize the promise of genomics,” as the New York Times 
reported (Pollack 2004). Haseltine left the company, and like many biotechnology start-ups before 
it, HGS set out to reinvent itself under new leadership.

So, while sequencing the human genome did not provide a list of easy targets for drug compa-
nies to start picking off, “They created a quantum leap in biomedical science,” Kenneth C. Carter, 
a former executive at the company, told the New York Times (Pollack 2004).
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Several years later, in March 2011, HGS and its longtime partner and drug giant 
GlaxoSmithKline netted FDA approval for belumimab (Benlysta), the first drug to treat lupus 
(Pharma Letter 2011). Based on that achievement, and several other promising treatments in 
advanced trials, GlaxoSmithKline paid $3 billion for the genomics pioneer in 2012 (Herper 2012). 
It’s not the wave of genomic drugs that was expected from HGS and others. But the use of genetic 
data “remains one of the most likely ways to improve the lackluster success rates of pharmaceutical 
research labs,” wrote Forbes Matthew Herper about that deal (Herper 2012).

Indeed, the genome revolution has started to come of age. Though not at the initial pace antici-
pated by Haseltine and early genome companies, once sequencing technology evolved to next-
generation (and next-next-generation) sequencing methods, the scientific discoveries, such as 
identification of drug resistance variants in HIV and tuberculosis or the pathways involved in 
the development of lung cancer, began to flood in and haven’t slowed since (Koboldt et al. 2013).

Another key development has been the emergence of companies providing genomics services, 
including sequencing, analytics, data storage and other services. This has made it possible for a 
much wider range of companies and organizations to incorporate genomics, thereby helping the 
field to advance more rapidly.

Geiseinger Health System’s MyCode biobank project, carried out in collaboration with the Rege
neron Genetics Center, is an early success story of how a clinical center can partner with a genomics 
service provider. The health system enrolled 150,000 patients/participants by mid-2017 (Allison Branca 
2017). And it is not only already being used for patient care, but has identified possible new drug tar-
gets, including one related to heart disease. Seven Bridges is providing data analysis and management to 
multiple Big Data projects, including the Cancer Genomics Cloud and the Million Veteran Program. 
WuXiNextCODE, meanwhile, offers a global contract genomics platform, and it works with mul-
tiple pharma companies and other organizations in the United States and abroad, including Children’s 
Hospital Boston and Genomics England. Their “tool box” now includes artificial intelligence, and has 
been used to uncover new findings related to rare diseases, autism, cancer, cardiovascular disease and 
other conditions.

Large-Scale Drug Screening and Virtual Assays: 
From Millions of Compounds to One
The world of drug design and development has changed substantially in the past several decades 
as laboratory techniques have improved (e.g., crystallography) and computers make it easy to 
virtually manipulate molecules. To appreciate just how much techniques like virtual assays and 
structural modeling are shortening the drug discovery pipeline, it might be helpful to provide an 
example describing how drugs were developed in the past.

The cancer drug Taxol (paclitaxel) has been used to treat breast, ovarian, and lung cancers for 
years. The drug is derived from the bark of the Pacific yew tree; samples of the bark were collected 
in the early 1960s by researchers who were looking for natural substances that could cure cancer 
(Wani et al. 1971). Nearly 15 years passed before researchers at the National Cancer Institute pub-
lished studies showing paclitaxel’s antitumor activity in a variety of cell line and animal models of 
cancers (Fuchs and Johnson 1978).

Alongside the in vitro (cell-based) and animal experiments (Sternberg et al. 1987; Riondel et al. 
1988), scientists were investigating the biological mechanism that made the drug work (Schiff, Fant, 
and Horwitz 1979; Schiff and Horwitz 1980). But this work was slow-going, and harvesting the bark 
from the yew was unsustainable in the quantities necessary for cancer treatment. Creating the com-
pound in the lab was complicated, but the first large-scale production of Taxol was finally achieved by 
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Polysciences, Inc. (Wei 2007). Eventually, chemists discovered a method to produce Taxol by isolating 
one of its precursor molecules from a more common species of the yew, eliminating the source prob-
lem, and a cell culture method was put into use by Bristol-Myers Squibb for production (Wei 2007).

More than 20 years after the initial discovery of paclitaxel, in 1984, the National Cancer Institute 
began phase I clinical trials of Taxol (Wiernik et al. 1987). Eight years later, in December 1992, Taxol 
was approved by the FDA for ovarian cancer, and in 1994 for breast cancer treatment (AP 1994).

A 30-year time span from drug discovery (collection of the yew bark) to FDA approval and 
launch (Wei 2007) was not unusual in the past, and even more recently, it could easily be more 
than a decade between discovery and the finished drug. The costs of this lengthy process: more 
than $2 billion (DiMasi, Grabowski, and Hansen 2016). But today, that timeline (and its associ-
ated costs) can be dramatically reduced using computers, high-throughput molecular screens, and 
the analysis of vast amounts of existing data.

High-Throughput Screening: A Case Study
In 1998, Robert Beall, the president and CEO of the Cystic Fibrosis Foundation, approached a 
small company called Aurora Biosciences, which was cofounded by Roger Tsien, who is now a 
Nobel Laureate. Tsien had been working on large-scale ways to track the movements of proteins 
and cell signaling. This approach is called high-throughput screening (HTS), and it can test many 
compounds simultaneously to see which ones have the desired effect.

HTS is hypothesis-agnostic: scientists don’t need to have any insight that a molecule or class of 
molecules might work against their target. By screening thousands, hundreds of thousands, or even 
millions of chemicals at once, the hope is to identify a percentage that can be tested more in-depth 
(Sliwoski et al. 2014). HTS can be combined with computational methods, further reducing the 
costs associated with performing a large HTS and increasing the potential yield (Sliwoski et al. 2014).

Notably, this method would have a dramatic impact on rare disease research, specifically for 
cystic fibrosis (CF), which was, like most rare diseases at the time, largely ignored by the pharma-
ceutical industry. Instead of screening one or a few compounds at a time, the entire process could 
be turned on its head, so that researchers could winnow down to a few likely drug candidates 
before beginning even preclinical studies, which are expensive and time-consuming. For rare dis-
eases with very small patient populations and limited financial means for clinical trials, it could 
mean a drastically reduced timeline to bring new drugs to patients.

Beall’s idea was to pay Aurora Biosciences to find compounds that would repair the effects of 
the mutation and allow chloride to move freely into the cell. He started by giving the company 
$2 million directly from the Cystic Fibrosis Foundation’s own coffers. A year later, he snagged 
$20 million from the Gates Foundation and added another $17 million from the Cystic Fibrosis 
Foundation (Groopman 2009). By then, Aurora had devised an effective high-throughput screen 
and was on its way to using it to test more than a half a million chemical compounds.

But to go from crude drug candidates to a final, approved drug was going to take a lot more 
money. In 2003, Beall asked one of the Cystic Fibrosis Foundation’s staunchest supporters, million-
aire businessman Joe O’Donnell (see Chapter 5) to help them raise the additional funds (McGrory 
2012). O’Donnell raised $175 million for the project, 2 years ahead of schedule, and in 2012 Vertex 
Pharmaceuticals (which had acquired Aurora) launched ivacaftor (Kalydeco). It was the first drug 
to address the fundamental cause of CF, the mutated protein. The drug was initially approved for 
use in only a very small percentage of CF patients, those ages 6 years and older with the G551D 
mutation. But the approval was later expanded to include even younger patients and a broader range 
of mutations, though not the most common CFTR F508 deletion (Vertex 2015).



Data-Driven Drug Discovery and Development  ◾  135

The investment proved a wise one for the Cystic Fibrosis Foundation for another reason: They were 
able to recoup their investment and make money by selling their rights to the drug to Royalty Pharma for 
$3.3 billion (Fidler 2014). The Cystic Fibrosis Foundation had invested a total of about $150 million in 
the drug by the time the sale was made, reaping them a huge profit they could now plow back into find-
ing more CF drugs. The Foundation is thus again rewriting the rules of drug discovery, thanks to a data-
intensive approach and an investment acumen that other nonprofits are hoping to duplicate (Tozzi 2015).

Although the development timeline for Kalydeco was shorter than the three decades it took 
for Taxol, it still took more than 10 years to bring the drug to market from the initial HTS. A 
drawback for traditional HTS is the low overall yield of potential drugs (Sliwoski et al. 2014). But 
computer-aided design methods continue to reduce the lead time between an initial idea for a drug 
and testing the compound in cell and animal models. Databases of molecules with pharmacoki-
netic information can be combed through automatically with computers, and structural modeling 
programs allow scientists to visualize how a compound might physically interact with a protein. 
Structural modeling programs use three-dimensional representations of molecules that can be 
manipulated in silico. This process is computationally intensive, but can increase the yield of likely 
drug candidates at a lower cost, compared to traditional HTS (Sliwoski et al. 2014).

These computer-aided design methods have resulted in the ability to “virtually” assess hundreds 
of thousands of molecules using “libraries,” such as PubChem (Wheeler et al. 2006) and DrugBank 
(Wishart et al. 2006). Information giant Thomson Reuters has developed several databases for life sciences 
research, including MetaDrug for drug development (Thomson Reuters 2017). Starting with a library of 
hundreds of thousands of molecules, researchers can now use these computational, virtual assays, to nar-
row down candidate drugs to a few dozen or fewer. Additionally, these methods can be used to design a 
novel compound, using known pharmacologic characteristics to guide virtual construction of a molecule 
(Sliwoski et al. 2014). However, due to a variety of factors, such as proprietary or incomplete databases, 
virtual assessments don’t tell us everything we need to know about a molecule’s potential effects. For 
example, as Eric Topol, director of genomics at the Scripps Research Institute, told us, every drug used 
to treat heart disease has some sort of pharmacogenomic effect, but there are still many with unknown 
properties. Continued lab research contributes to our understanding, but unless the data are structured in 
a way that makes it easy to search (or even find in the first place), the knowledge can remain inaccessible.

This is one reason why pharma companies and others have spent significant resources on build-
ing proprietary databases. With these databases, scientists can identify molecules based on where 
and how they interact with the target molecule. Some even have toxicity and half-life information—
which can be helpful when ruling out potential compounds or for pursuing extended-release 
formulations. For example, p38 MAPK inhibitors, used in cancer treatments, were designed by 
identifying and modeling fragments of molecules that bound to specific regions of the protein 
(Cogan et al. 2008; Sliwoski et al. 2014). With the ability to virtually screen thousands of mol-
ecules, pharma companies can decide which ones to move to in vitro experiments more efficiently, 
ultimately reducing the time it can take to move from the initial hypothesis to a clinical trial.

Changing Clinical Trials: Study Design and Patient Recruitment
Described previously (see Chapter 3), genomic data are changing how clinical trials are structured. 
Instead of oncology trials focused on breast or pancreatic cancer, basket trials (where patients are 
grouped by molecular mutation) are underway for numerous treatments.

Though the trials are in early stages, results from the SUMMIT phase II trial for HER-
targeted treatment with neratinib presented at a recent American Association for Cancer Research 
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conference indicate this approach is valid. Across 21 different cancer types, patient responses to 
neratinib were influenced by both the type of cancer (e.g., bladder or breast cancer) and the spe-
cific HER2 and HER3 mutation (Ashford 2017).

In May 2017, the FDA approved the cancer drug pembroluzimab (Keytruda) for patients with 
solid tumors with specific genetic mutations. In the FDA’s press release, the acting director of the 
Office of Hematology and Oncology Products Richard Pazdur said, “This is an important first for 
the cancer community. Until now, the FDA has approved cancer treatments based on where in 
the body the cancer started—for example, lung or breast cancers. We have now approved a drug 
based on a tumor’s biomarker without regard to the tumor’s original location” (U.S. Food & Drug 
Administration 2017b). The implications of this approval are wide-reaching, as we’ll present later 
in this chapter and later in the book. For clinical trials, it validates the hypothesis behind basket 
trials, where different cancer types with the same genetic mutation are tested with the same drug, 
and underscores the importance that molecular testing will play in the future.

But molecular testing is useful for more than just oncology. As described above for cystic fibrosis, 
eligibility for Kalydeco depends on which specific genomic mutation a patient has. And patients 
needing a blood thinner might have genetic testing performed first to determine how they are likely 
to metabolize the drug and help their doctor with dosing (see Chapter 2). As pharma companies 
look to ensure that drug candidates make it through the development pipeline, there will be further 
segmentation of the patient population by molecular status. And although large sample sizes are one 
way of ensuring statistical rigor, there are alternate methods that can be used for smaller populations.

Inevitably, recruiting patients for a trial, which is already challenging due to the myriad inclu-
sion and exclusion criteria and other requirements for participation, will become more compli-
cated, at least in the short term. This will have the effect of limiting the number of potential 
candidates for a study, but may increase the number of studies reaching completion. Furthermore, 
having molecular testing as a screening method for study inclusion will result in databases that can 
be mined for future studies of other drugs, or when the drug maker is seeking approval for a new 
indication (see the sidebar Moving from Data to Personalized Treatment).

So rather than perceiving molecular screening as a barrier to patient participation in trials, 
entrepreneurs and others are looking at it as an opportunity to make the eligibility process more 
efficient. The federal government’s website, clinicaltrials.gov, is publicly available and patients can 
search for trials of interest. Some genomic testing companies provide a service to match patients to 
potential clinical trials based on their test results. Foundation Medicine’s patient reports provide 
doctors and patients with not only information about the genetic mutations in the patient’s can-
cer, but also approved treatments and clinical trials that may be beneficial (Foundation Medicine 
2017). Start-up Deep 6 AI uses artificial intelligence methods to analyze patients’ clinical informa-
tion from their EHR record and biomarker data to match them to clinical trials (Deep 6 AI 2017). 
As with other AI approaches, as Deep 6’s system analyzes a greater number of patients and their 
data, the system improves its accuracy, making it more valuable to other providers.

SIDEBAR:  MOVING FROM DATA TO PERSONALIZED TREATMENT
Eric Schadt, PhD
Chair, Genetics and Genomic Sciences, Mount Sinai Health System

“For the people with the right tools, talent and big data, there is a unique opportunity 
here to do something that’s never been done before,” says Eric Schadt, Director of the 
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Icahn Institute for Genomics and Multiscale Biology at Mount Sinai Health System. 
“And we’ve positioned ourselves to achieve that” (Schadt 2017).

One of the group’s key hires was Jeff Hammerbacher—a classmate of Mark Zuckerberg’s 
from Harvard and the person widely credited with scaling Facebook. “We’re setting up a 
system by which we will be massively scaling parallel biological information, integrating 
it with clinical data, and able to distill information on the fly,” explains Schadt.

He points out that multiple groups are testing cancers for numerous specific genetic 
mutations, as many as 200 or more. Mount Sinai has done several studies using whole 
genome sequencing of tumors as well as their RNA, and then mapped that to a network 
model to see if they can predict the best treatment for a particular tumor.

For several types of cancer, including medullary thyroid (a relatively rare malignancy), 
Schadt’s team and collaborators have genomic data on several hundred tumors. That’s tera-
bytes of information about the genetic makeup of these different tumors. “We’ve analyzed 
that to find out what’s disrupted in a particular tumor that could be driving its growth and 
spread. Next, we can do a chemogenomic screen to see what drugs that could target these 
specific disruptions [that] already exist or may be in the pipeline,” he says.

Schadt believes that knitting all that together is what could offer patients something 
new that would go against the traditional pharmaceutical paradigm.

Typically, pharmaceutical companies are looking for a “one-size-fits-all” product—
a single pill that treats a common condition such as heart failure, high cholesterol or 
diabetes, because that nets the biggest returns. But that’s not an easy proposition. “The 
reason 9 out of 10 drugs fail in clinical trials isn’t because pharmaceutical companies are 
stupid,” says Schadt. “There are all kinds of things that make this extremely difficult. The 
advantage of our approach is that whether or not it quickly nets us any better treatments, 
we’re continually learning more about biology and predictive modeling.”

Mount Sinai has also partnered with Sage Bionetworks, headed by Stephen Friend, 
on The Resilience Project. For this project, they are sequencing the whole genomes of 
people who have mutations that put them at high risk for certain conditions and trying 
to uncover “second site” mutations and environmental factors that are protective. “After 
all, we know that many genes can greatly increase risk, but usually not everyone with 
the gene gets the disease so there must be some factors that keep even those with ‘bad 
genes’ from developing disease,” Schadt says. This study will help further elucidate what 
makes a mutation increase risk, and whether other factors can mitigate that.

“I think we should look at Big Data in healthcare like the Hadron super collider 
project,” Schadt says. “It’s not just about answering the questions you know; it’s about 
coming up with completely new types of questions.” He points out that people today are 
already coming up with bold new ways of leveraging the digital universe in other fields. 
“What I see as the culmination of our efforts is precision medicine—building individual-
ized models for each person that map their health course trajectories and, as a result, 
provide treatment options specifically tuned to the individual,” says Schadt.

Getting patients into clinical trials is just one challenge. Many clinical trials fail to reach comple-
tion when a treatment fails to demonstrate a benefit or negatively affects patients. Defining “ben-
efit” is of particular concern, since outcomes are often measured by proxy variables. In fact, one 
of the criticisms of the PCSK9 clinical trials has been that they didn’t really measure a reduction 
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in death by itself, but used a composite endpoint that included myocardial infarction, stroke, and 
hospitalization for angina instead (Sabatine et al. 2017).

Another issue is that in some diseases patients progress very differently, with some worsening 
much faster than others, whether or not they take a particular drug. Multiple sclerosis, for example, 
has several subtypes that progress differently (National Multiple Sclerosis Society 2017). Patient 
variation makes it very difficult to determine whether a drug is having the desired effect or not. 
The cTAP Collaborative (see Chapter 5) is trying to address this for Duchenne muscular dystrophy, 
and finding patients could be categorized based on their 6-minute walk test trajectories (Mercuri 
et al. 2016), but hopes their findings can be applied to other diseases as well. Other means of objec-
tively measuring gait, such as using Microsoft’s Kinect image and depth sensors, could be applied to 
Duchenne trials, as well as studies for other disorders where movement can be impaired or declines 
over time (Ťupa et al. 2015). Deep diving into patient data and analyzing what variables are associ-
ated with disease progression may lead to improvements in patient recruitment for clinical trials.

Digital health, additional data sources, and unusual study designs might improve the results 
of clinical trials. This is what real world evidence (RWE) is all about—data collected from real-
life experiences of the patient that might be contained in EHRs, billing and claims data, disease 
registries, or even from wearable fitness devices (see the sidebar Bringing Patient-Reported Data 
into Play) (Brennan 2016). For instance, a patient might feel more energetic while on a drug, but 
the study sponsor is only measuring the average number of steps the patient takes each day. So if 
the patient doesn’t increase their steps, the drug might not appear to be demonstrably improving 
their health status—even if the patient is slightly more mobile, requires fewer hours of sleep to feel 
rested, is drinking less caffeine to feel alert, or requires less pain medication for arthritis.

RWE can also be as simple as determining whether a recommended drug actually worked for a 
patient. Sometimes, a drug works differently in real patients than it does in clinical trials. Although 
clinical trials are expected to represent the larger patient population, this is not always the case. 
Furthermore, clinical trials occur in a limited timeframe and some side effects might not be appar-
ent until a patient has been on a medication for a long period of time. SERMO is a peer-to-peer 
platform for physicians to document how their patients are responding to medications. This website 
can give providers valuable information on efficacy, safety, and adherence that goes beyond the data 
gleaned from a clinical trial (SERMO 2017). Flatiron Health is collecting data from oncologists 
about how their patients respond to particular treatments (see Chapter 1). Massachusetts General 
Hospital’s Center for Assessment Technology and Continuous Health, meanwhile, is amassing 
data from traditional (i.e., patient records) and nontraditional sources (i.e., smartphones and wear-
ables) to “better define wellness and disease” (Massachusetts General Hospital 2017b).

Capturing real-world patient data are challenging, but has tremendous potential, especially as 
analytics capabilities improve.

SIDEBAR:  BRINGING PATIENT-REPORTED DATA INTO PLAY
Ben Heywood, MBA
Cofounder, President

Jamie Heywood
Cofounder, Chairman

PatientsLikeMe

When it was founded in 2004, PatientsLikeMe was the first of its kind. Born from the 
grief of two brothers who lost their sibling (Stephen Heywood) to ALS, the company 
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aimed to give patients access to better information about how to treat their conditions, 
and a stronger voice into research.

“We are trying to engage patients directly in their own healthcare by using the web, 
communities and online tracking tools. In doing that, we learn about the unmet needs 
patients have and how well we actually currently measure those in traditional settings. 
We want to enable individual patients to monitor and measure and drive that data back 
into the healthcare system,” Ben Heywood explains (Heywood 2017). Ben and his brother 
Jamie have been running the company ever since it started, and they’ve evolved it over 
time.

It all started out with the idea of patients sharing their data. “In healthcare, there is 
still a lot of paternalism with the doctor making all the decisions,” Ben explains. But the 
Heywood brothers believe the best dynamic is a patient and provider working together 
on the same information set: that eliminates the information asymmetry between the 
doctor and the patient.

The company has a website where patients can record their personal data and see how 
it compares to others’ experiences. PatientsLikeMe can also do studies using those data, 
including those that are prospective. The company partners with drug developers and 
other innovators in the healthcare sectors to push research forward and fund its endeavors.

A key component is being able to accurately measure the right things. “When you 
give patients tools with which to measure their own health, you begin to look at and 
understand healthcare in a different way,” he says. Jamie adds that, “We’ve learned tons 
of surprising things just by connecting patients with information and data.”

With Parkinson’s patients, for example, they found the patients measure their own 
health at a much higher frequency than is usually done in a trial. The week-to-week 
variability is also much bigger than expected, which means a traditional clinical trial is 
probably not going to be able to account for that variability. That’s important information 
for anyone designing a trial of a drug for Parkinson’s.

PatientsLikeMe has now gathered data from more than 500,000 patients with about 
2,700 conditions. Some of the larger groups are multiple sclerosis (MS) and fibromyal-
gia, with over 50,000 MS patients and about 80,000 with fibromyalgia. They also have 
approximately 10,000 participants with Amyotrophic Lateral Sclerosis (ALS), 16,000 with 
Parkinson’s, and 40,000 with major depressive disorder. As a result, the company may 
have some of the biggest cohorts available for certain rare diseases. “We’re finding that 
there is value in the data at any scale, but, of course, the larger the dataset the more 
rigorous research you can do,” Ben says.

PatientsLikeMe has also already contributed valuable findings to medicine. They car-
ried out a study of lithium (a drug most often used for bipolar disease) in ALS at a time 
when some people were convinced it should be used for another condition. “We did a 
study on PatientsLikeMe with almost 600 people with ALS who reported their symptoms 
online, and in nine months we had data suggesting it doesn’t actually work,” Ben says.

This shift to patient-driven research is a big change, and it’s going to take time. Of 
the thousands of branded drugs available, only a handful have been approved based 
on patient-reported outcomes. “But we believe that we need to collect those patient 
reported outcomes in parallel with those the physicians are tracking,” Ben says. For 
example, feedback from PatientsLikeMe’s multiple sclerosis community suggests patients 
do not think the drugs they take are impacting the most significant symptoms they deal 
with. One of the most common endpoints in trials is pathological lesions on the brain, 
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which indicate damage caused by relapses. But what patients care about is being able to 
walk, having their eyesight, diminishing pain, and reducing bowel problems.

“In the past, researchers have really been doing trials on patients, rather than with 
them,” Ben says. “We should be educating patients about the discovery process and 
working with them as partners in it.”

PatientsLikeMe’s chief goal, Jamie adds, “is to make the patient experience transfor-
matively better.” That means answering the question ‘How are you?’ with all the data 
available—including that from biology, environmental exposure, behavior, and social 
issues. “Eventually, we are going to have an Internet of life, that will tell people exactly 
what they should do today to get and stay healthy for their whole lives,” he says.

One major development pushing that objective is PatientsLikeMe’s recently announced 
$100 million deal with iCarbonX. Founded by renowned genomicist Jun Wang, iCarbonX has 
created a Digital Life Alliance of the world’s leading bio, health networking, sequencing, and 
artificial intelligence (AI) technology and application companies. The alliance will merge bio-
logical and patient-generated data with AI technology to instantly detect meaningful signals 
about health, disease, and aging, and deliver a personalized guide for living a healthy life.

Patient engagement through mobile apps and connected devices could also substantially trans-
form clinical trials. According to John Reites, head of Digital Health Acceleration at Quintiles, 
mobile health (mHealth) devices give the organizations running the trials “the ability to gather 
and move patient data in a more efficient manner” (Miseta 2016).

Monitoring clinical trials subjects between visits can be easier using mHealth technology. “For 
clinical trials, that component is really critical,” said Validic cofounder and chief technology offi-
cer Drew Schiller. “We now have the capability to drive patient engagement by allowing patients 
to actively participate in trials by passively collecting data. No longer do they have to worry about 
filling out forms or diaries on an hourly basis. By just wearing a device or being prompted by an 
app, they are able to easily participate in a trial. We can now make the trial easier for the patient 
while collecting more relevant and continuous data,” Schiller added (Miseta 2016).

Schiller described a scenario where a new arthritis drug is being tested in a trial. “With a wear-
able device on a wrist you can get information such as when the patient woke up and how active they 
were. You could then know if 2 weeks into a trial the patient was more active in the first 90 minutes 
after waking up. That can tell you a lot about the efficacy of a drug. Without the wearable device, 
the information might be self-reported, derived through a sleep study in a clinic, or not available at 
all,” he explained (Miseta 2016).

Adding mHealth data has the potential to both improve the quality of patient data and to 
minimize some of the costs of running a clinical trial. But for now, most pharma companies 
are watching on the sidelines as predominately academic groups test mHealth integration with 
clinical studies (Miseta 2016). Success in clinical studies should demonstrate the data originating 
from connected devices, particularly those which are consumer-oriented, such as fitness trackers, 
may be satisfactory for the purposes of a clinical trial, and where the information collected could 
reduce errors or bias in the data. Connected scales, for example, might be helpful where there 
is concern that study participants may not accurately remember how much they weighed on a 
particular day, and smartphone-based nutrition apps that take photos of meals to estimate caloric 
intake might be more accurate than a patient’s food diary.

In addition to collecting data more accurately than some patient-reported options currently 
available, mHealth solutions might also make it easier for patients who live farther from a medical 
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center to participate in clinical trials. For example, if a connected blood pressure cuff can take as 
accurate a reading as one in a doctor’s office, clinical trial sponsors might require fewer on-site 
visits during a trial and replace them with telemedicine visits and data collected from devices that 
transmit information wirelessly. This may reduce some of the socioeconomic barriers to participa-
tion that continue to plague clinical trials.

New Data Tools for Pharma
Figuring out how the drug works is another challenge of drug development that is changing 
because of data. Instead of testing each new drug and laboriously determining how it works in 
the lab, researchers can use statistical models to predict the drug’s mechanism of action. Scientists 
have suggested there are three essential properties for data-driven drug discovery: (1) that the sta-
tistical models should accurately predict the mechanism of action for drugs with known biological 
actions; (2) the model should recognize when a drug’s predicted mechanism falls outside of known 
actions; (3) the model should predict the mechanism for new drugs (Pritchard et al. 2013).

This means that given a database of drugs with known biological mechanisms as a training set, 
machine-learning algorithms should be able to correctly match the drugs to the right mechanism, 
and know when a drug’s predicted mechanism doesn’t match, within certain restrictions, known 
mechanisms. The better the algorithm performs and learns as it is fed more data, the more valuable 
it will be in drug discovery, where scientists might be trying to find a new drug with a very specific 
mechanism of action, like might be seen for many rare diseases.

Several companies are using these data-intensive machine learning methods in drug discovery 
and design. IBM Research was recently granted a patent on machine learning models that predict 
side effects and disease associations from a variety of drug information databases (Phys.org 2017). 
Recursion Pharmaceuticals uses a computer software developed at the Broad Institute, a joint venture 
between Harvard and MIT, that can extract information from images, helping the researchers iden-
tify molecules for rare diseases. Recursion’s algorithm and imaging platform has already identified 
more than a dozen potential candidates for rare diseases, with one expected to enter clinical trials 
within the year (Simonite 2017). As machine learning becomes more commonplace for drug discovery 
and repurposing, the time involved and costs of bringing a drug to market can decrease substantially.

Understanding a molecule’s chemical and pharmacological characteristics is just one part of 
the drug development puzzle. Despite decades of research, scientists are still discovering new 
things about human biology and the human response to drugs. It’s not altogether unusual for 
drugs that worked spectacularly in animal models to fail once they start human trials, due to 
unexpected toxicity, differences between animal and human biology, or even physiological dif-
ferences between males and females (Allen 2006; Seok et al. 2013; Harris 2017). One company 
is taking drug development and turning the cell model → animal models → human trials on its 
head (see the sidebar Using Data to Understand the Language of Biology).

SIDEBAR:  USING DATA TO UNDERSTAND THE LANGUAGE OF BIOLOGY
Niven R. Narain
CEO, Berg Health

Most pharmaceutical companies start by identifying an unmet need in medical care, and 
then doing basic research in the laboratory to find promising compounds that could treat 
a particular disease.
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Berg has decided to go in a different direction. “We start with the patient,” says Niven R. 
Narain, the company’s CEO (Narain 2017). “Because it turns out we don’t know much 
about individual biology. So we make a deep dive into individual patient biology, and then 
find correlations that tell us where to start our research programs.”

Berg is an artificial intelligence (AI)-based company. They use genomics, proteomics, 
metabolomics, lipidomics and whatever other data are available to create a data-rich 
platform that can support modeling and correlation with clinical results. That works 
through careful study of both patients with specific diseases and a population of healthy, 
nondisease controls.

Narain is not embarrassed to say theirs is a bioinformatics-intensive approach, even 
though both AI and bioinformatics have had checkered histories. “AI in medicine started 
in the 50s, and then died down because of the discovery of DNA, the knockout gene 
hypothesis, and rise of pathway-driven drug development,” he explains. “Bioinformatics 
made big headway around 2006, but that died down also after the financial crisis of 
2008. It wasn’t until 2011 when you would hear big pharma people using the term,” he 
explains.

But times have finally changed and today, “Data has become a currency allowing us 
to understand the language of biology,” Narain says. Berg uses patient data to “interro-
gate” disease states and then figure out which are the most logical targets and which are 
the most druggable, or practical to pursue.

The company’s approach is thus patient-intensive on the front end. “If you make biol-
ogy too neat and you miss the messiness, you might miss the best targets,” he explains.

Modeling is one of the cornerstones of Berg’s approach. “You have to know the ontol-
ogy of the modeling,” Narain says. “We use data from clinical records, molecular biol-
ogy, genetics, demographics and much more to build our models.” The company relies 
on Bayesian algorithms, because “We can then take an unstructured environment, gather 
our data and then make an unstructured causal inference, which gives us higher confi-
dence in the programs we pick,” he explains.

They already have a couple of examples. “We just found a novel drug for Parkinson’s 
after spending two years analyzing tissue fibroblasts (skin cells), urine, blood, and medi-
cal records from patients,” Narain says. Their work has not just identified a new target, 
which is called PIG-3 (p53 inducible gene). It has also produced a laboratory model that 
they can use to test their ideas. “This is the first new target for Parkinson’s in 20 years,” 
Narain says.

The target also makes sense. p53 is an important molecular player in cell death. In 
cancers, it tends to not work well enough, letting too many cells overreproduce and 
spread. But in Parkinson’s it is thought that this molecule may be working too well, and 
deleting more neurons than is normal.

While their approach is novel, and involves technology that has been deemed over-
hyped in the past, Narain says they are now getting more positive responses. “Initially, 
people wanted to know what the ‘product’ was—what was the drug we were developing,” 
he says. “Now we are getting a lot more interest in the platform. Companies are saying 
‘we get it now’ and they want to know what we are doing and how we are doing it. 
That’s a big switch from the past.”
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Finding a novel molecule to treat a disorder is not the only aspect of drug discovery that’s 
being changed by data. With the costs associated with bringing a new drug to market in excess of 
$2.8 billion (DiMasi, Grabowski, and Hansen 2016), and no certainty of success (e.g., the PCSK9 
inhibitor gamble), identifying new indications for existing drugs can be a cost-effective option.

This approach involves leveraging the data already collected in earlier clinical trials (even for 
a very different indication) and combining it with externally collected data, such as from publicly 
available databases. Isaac Kohane, chair of the Department of Biomedical Informatics at Harvard 
Medical School has said, “Drug development from scratch is too costly to even begin to address 
our patients’ needs. For any condition, some combination of existing drugs may be an effective 
treatment. Thanks to the increased public availability of high-quality data sources, we have the 
opportunity to ‘compute’ the right drugs at a time scale and cost far below that of drug develop-
ment” (Fliesler 2016).

Even a single existing drug can sometimes work in a different disease, as the Progeria Research 
Foundation’s progress with lonafarnib, a drug that had been investigated for cancer, shows (see 
Chapter 5) (Wong and Morse 2012). Mining through existing scientific knowledge is not an 
insignificant challenge, so often looking for drugs that can be repurposed is hypothesis-driven, 
to narrow the scope. But some scientists think this method is inefficient with how quickly the 
amount of data increases and could eliminate promising candidates. As a result, methods are being 
developed that take into account prior disease, drug, and genetic understanding to identify new 
areas for drug repurposing (Mullen et al. 2016).

Finding a drug that can be repurposed for another indication is limited by proprietary data-
bases and publication bias, where trials with negative results are less often published. Recently, 
there has been renewed interest in requiring the publication of all clinical trials data, but without 
an incentive or regulatory requirement to do so, pharma companies are unlikely to report the 
results of trials where the drug failed or where the trial was closed prematurely.

Seeing the great promise in drug repurposing, and the lack of incentives, the U.S. government 
became interested in this issue and in 2012 launched a program called New Therapeutic Uses for 
Existing Molecules, which was the first initiative of the NIH’s National Center for Advancing 
Translational Sciences (Allison 2012; National Center for Advancing Translational Sciences 2017). 
The program gives academic researchers access to data on big pharma small molecule drug candi-
dates that were shelved during development.

Though many experts were skeptical about the program, the first companies to join were an 
impressive list: Pfizer, AstraZeneca, Eli Lilly, Abbott, Bristol-Myers Squibb, GlaxoSmithKline, 
Janssen, and Sanofi. The first batch of data released was only for 58 compounds, but the vision is 
for that to grow substantially and researchers will be able to dive into those data and possibly build 
upon what pharma gathered before the compounds were shelved: but they will be looking at them 
for different indications than the drug company pursued. The program recently announced that, 
in collaboration with AstraZeneca and Janssen, it would fund $6 million in new research into 
drug repurposing (National Center for Advancing Translational Sciences 2017). That project will 
support partnerships between drug companies and the broader research community.

Meanwhile, tech companies with expertise in managing and analyzing massive amounts of 
data are finding their skills are in demand in the drug discovery, repurposing, and development 
realm. IBM Research’s patent for machine learning algorithms (described above) can be extended 
to find new indications for existing drugs (Phys.org 2017). Start-up Healx uses artificial intelligence 
and vast amounts of biological and pharmacologic data to identify drugs that could be repurposed 
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for rare diseases (Healx 2017). A collaboration between Healx, the University of Insubria (Italy), 
and the LouLou Foundation identified a drug that they are now testing for CDKL5 deficiency, a 
rare neurological disorder that affects approximately 1,500 people worldwide. And unlike the long 
timeframe involved in developing a novel drug, Healx took only 5 months from data curation and 
evaluation to begin studies in cell lines (Healx 2017).

Palantir, a tech engineering company known more widely for its work with government, legal, 
and financial companies, recently announced a partnership with Merck. Palantir brings its exper-
tise with data analysis and visualization to mine data from numerous sources, helping Merck bet-
ter target potential patient populations and decrease the drug development timeline (Chapman 
2017). Focusing initially on cancer treatments and services, the companies aim to develop tools 
that will make drug discovery and delivery more efficient, expanding to other Merck divisions 
later (Chapman 2017).

Drug Discovery of Tomorrow
The role of massive datasets and advanced analytics is going to drive exponential growth in drug 
discovery in the upcoming years. “I think drug discovery, in general, is another place where they’re 
putting big [computational] platforms together to analyze genomic data, biology, drug interac-
tions, and chemistry in new ways,” says Christine Lemke, president of Evidation Health (Lemke 
2017). “Literally, drug pipelines, early drug pipelines are going to explode. They have more compute 
power, more data and can separate out with more precision new hypotheses about new chemicals 
and treatments.”

If that all pans out, we’ll see faster time to market, more targeted clinical trials based on 
molecular characterization instead of simply the patient’s indication, and an increased reliance on 
data scientists to put it all together. That means traditional pharmaceutical companies are going 
to face advancing competition from pharma start-ups and tech companies, not just for talent, but 
for ways to shorten the drug development timeline.

Preclinical studies in animal models can be time-consuming and expensive, particularly if 
there isn’t an appropriate model system that adequately mimics the human disease. For example, 
creating a mouse model of a disease with multiple genetic mutations could take a year (or even 
longer) and cost $20,000 per mutation. This is one of the reasons why there has been so much 
excitement surrounding the gene-editing technique CRISPR. Though many reports have focused 
on its potential as a therapeutic tool, a growing number of pharmas are using CRISPR for drug 
discovery, including identification of potential drug targets using high-throughput knockout 
screens and for preclinical studies (De Almeida 2017).

Traditional drug development roles at pharma companies are evolving. As noted by Lemke 
at the start of this chapter, data scientists will become an integral part of the drug development 
team. Even chemists will have to take on more technological skills, like accessing and analyzing 
large amounts of data from disparate sources, and will need to become adept at communicating 
and working in large, diverse teams which may include others outside of the company (Lusher 
et al. 2014). Computer scientists will also find themselves in demand by pharma, as AI and other 
advanced machine learning techniques are used in both drug design and for repurposing. In short, 
the world of drug design and development will look a lot more technical and demand people 
with new sets of skills. Whole new fields are also emerging, such as the microbiome. Each per-
son’s microbiome contains trillions of bacteria. Studying those and how they impact disease is a 
nascent area of research interest that has already produced promising leads. Research suggests, for 



Data-Driven Drug Discovery and Development  ◾  145

example, a connection between the neurodegenerative disease Parkinson’s, and the composition of 
the gut microbiome (Hill-Burns et al. 2017).

One likely area of expansion in drug development is the use of cloud technology to solve 
some of the computational burdens of computer-aided drug design (see Chapter 10 for more 
on the cloud). As described above, structural modeling programs are computationally intensive. 
As pharma relies on these methods more for early drug research, both hardware and software 
demands increase. Cloud-based computing and data storage gives companies the flexibility to 
scale their computing power based on their evolving needs at the time, instead of what they expect 
to need in the future.

Big Data is beginning to shape the industry. As described in Chapters 2 and 3, precision medi-
cine and personalized cancer treatments rely on the interpretation of an individual’s genome based 
on massive databases. Diagnostics developers are leading the way with companion and comple-
mentary diagnostics: molecular tests that are required or recommended to be performed prior 
to a treatment being started. For example, Myriad Genetics’ BRACAnalysis CDx was recently 
approved as a complementary diagnostic to identify patients with ovarian cancer who would be 
most likely to benefit from niraparib (Zejula) treatment (Ray 2017). Although the drug develop-
ment and diagnostic development timelines are very different, increasing reliance on molecular 
data for treatment decisions will lead to a greater number of collaborations.

The FDA’s approval of Keytruda is just the tip of the iceberg for relationships between molecu-
lar diagnostics companies and pharma. Drugs are currently designed for particular cancers or 
disorders in mind and extending its use to another indication (e.g., cancer type) means undergoing 
FDA approval again, likely with a new clinical trial. But instead of focusing on creating a drug 
for a particular cancer or disorder, pharma can begin to structure drug design based on a genomic 
variant, opening up its use to a much larger patient population, and creating new business oppor-
tunities and potential profits for both pharma and diagnostics companies.

But partnerships with myriad organizations and biotech companies may be one of the keys 
to success in the evolving pharma market. Already, patient advocacy groups, such as the Progeria 
Research Foundation (PRF) (see Chapter 5) are working with pharma to develop new treatments 
for rare diseases. With the patient data, samples, and financial backing provided by the PRF, 
researchers were able to move from gene discovery in 2003 (Eriksson et al. 2003); to identifying an 
existing compound (lonafarnib); to a clinical trial in 2007; and evidence for a potential treatment 
by 2012 (Gordon et al. 2012; Ullrich et al. 2013)—an incredibly short timeline when compared 
with traditional drug discovery. With these successes pointing them towards specific mechanisms, 
researchers continue to move forward testing new treatments in preclinical studies (Ibrahim et al. 
2013).

Some companies, such as Flatiron Health, FDNA, and PatientsLikeMe are using data they’ve 
collected to share with pharma or device manufacturers to guide treatment use and development. 
This is giving them access to the type of RWE or clinical data that so many experts in this field 
covet, but is so hard to access because of privacy concerns. The key challenge here is making cer-
tain that the data are properly de-identified, since there is so much concern about privacy. Patients 
with serious diseases, however, tend to be more willing to share their data. There will likely be 
more such businesses based on data access in the future; it remains to be seen whether they can 
wrest real value from that data.

Nearly every aspect of clinical trials will be impacted by this growing use of data analytics. 
As described above, molecular testing is being used to determine eligibility for trial inclusion. 
Consequently, there will be a need for more individuals, companies, and software that can inter-
pret the genomic data and identify which trial is most appropriate for a patient.
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Another trend is increased involvement of patients from early on. As was mentioned earlier 
in this chapter, mHealth is becoming more integrated into the clinical experience and has the 
potential to improve patient engagement in clinical trials and make data collection easier for study 
sponsors and clinical research organizations. While pharma has always needed patients to partici-
pate in clinical trials, the industry has largely ignored their input in trial design (Sablinski 2014). 
By utilizing existing data, embracing mHealth solutions, partnering with advocacy organizations 
and companies such as PatientsLikeMe or Transparency Life Sciences, or even using unique meth-
ods such as crowdsourcing (Leiter et al. 2014), pharma companies can better understand the 
patient’s needs and improve patient engagement in clinical trials, especially on issues such as medi-
cation adherence. Improving the quality of the data and relevance of study endpoints for patients 
would undoubtedly be beneficial during the regulatory approval process.

One reason that clinical trials often fail is that patients are noncompliant with study protocols. 
Not only does this reduce the number of subjects who complete the study, but can impact inter-
pretation of the study data. The extent of noncompliance in clinical trials is shocking: one study of 
55 women in a breast cancer study found only slightly more than one-third adhered to all aspects 
of the study protocol (Li et al. 2000) and an analysis of 100 randomized controlled trials found 
98 reported some aspect of nonadherence (Dodd, White, and Williamson 2012). Digital health 
solutions (see Chapter 10) could have a big impact on monitoring patients for adherence in clinical 
trials, and they are just beginning to be embraced by pharma.

Nontraditional competition for pharma is already coming from innovative start-ups and 
existing technology companies. Direct-to-consumer genetic testing company 23&Me secured 
$115 million from investors as it looked to build an in-house drug development lab (Taylor 2015). 
Start-up TwoXAR is using deep learning to identify drug candidates based on the data from both 
public and proprietary datasets. The small company, with fewer than 10 employees, was able to 
test their method on more than 20 diseases, demonstrating how data and machine learning can 
make drug discovery a more efficient and lean process (Nanalyze 2016).

In a word, traditional pharma companies will have to become more agile to remain competi-
tive and relevant in a $1 trillion-plus landscape that is beginning to see start-ups go from an idea to 
clinical trials in just a few short years. Embracing data, in new ways, will be the key to making that 
happen. This means a new way to approach drug design and development that will look more like 
computer science than the chemistry-based labs of yesterday. New job roles will emerge, largely 
based on manipulating large datasets, virtual manipulation of molecules, and efficient scanning of 
databases. It’s an exciting time for pharma, driven by data.
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Chapter 9

Re-Engineering the 
Healthcare System

I see tremendous shifts taking place. We are in an era of value re-engineering, where 
costs have to come down and where companies like CVS and Walmart are looking for 
new opportunities, and starting to compete with traditional health systems. We need 
to respond to that new competition now.

Glenn D. Steele 
Chairman at xG Health Solutions, Columbia, Maryland, Former President and 

Chief Executive Officer at Geisinger Health Systems, Danville, Pennsylvania

Somewhere in Cleveland, Ohio, cardiac technician Jim Goldstein is getting ready to start his 
shifts monitoring patients in the intensive care unit. Screens mounted on the wall broadcast 
patients’ vital signs. “These here are PVCs [premature ventricular contractions]; they’re bad 
things,” says Goldstein, as he points to a graph, getting ready to alert the nurse (The Economist 
2017).

What’s unusual about Goldstein’s job is that he’s not at the hospital, standing feet away 
from the patient or the nurse. Instead, he and the doctors, nurses, and other technicians 
monitor patients from a control center, miles from the actual hospital. This kind of remote 
patient monitoring was unheard of only a few short years ago. But today, the Cleveland 
Clinic, which runs the site Goldstein works at, and other health systems, are exploring dif-
ferent ways to structure a hospital. These changes include a growing reliance on remote 
monitoring of patients in the hospital, but could also include monitoring patients at home 
(The Economist 2017).

In previous chapters, we’ve presented how the ever-growing deluge of data and its analysis are 
transforming healthcare, improving price and quality transparency, and supporting the transition 
to value-based reimbursement models. And while data-driven initiatives are beginning to trans-
form both patient care and how providers do their jobs in fairly visible ways (e.g., molecular testing 
to determine treatment, greater emphasis on evidence-based guidelines and demonstrated patient 



148  ◾  MoneyBall Medicine

outcomes), they are also changing how health systems are structured in ways that may not always 
be publicized or easily noticed by patients.

There are more than 5,500 hospitals in the United States, ranging widely in size and they 
account for a full one-third of the approximately $3 trillion in U.S. health expenditures (Centers 
for Medicare & Medicaid Services 2017a). The majority of these hospitals are community-based, 
nongovernment, and not-for-profit (American Hospital Association 2017). With health costs 
anticipated to continue rising by about 6% per year for the next decade or so, hospitals, in par-
ticular, will have to embrace value-based care and other initiatives designed to reduce financial 
burdens while maintaining (and improving) patient outcomes.

Behind the scenes, mergers, acquisitions, and partnerships of health systems, payers, even 
pharmaceutical and healthcare tech companies, are occurring at a startling pace (Shinkman 2016), 
including four proposed hospital system mergers in early 2017 worth more than $1 billion (Barkholz 
2017). Despite uncertainty over the eventual approval of these and other mergers (e.g., the proposed 
merger between Chicago area’s Advocate Health Care and NorthShore University HealthSystem was 
rejected in federal court [Schencker 2017]), the first quarter of 2017 saw more hospital transactions 
than in the same period the previous year, as health systems seek to gain market share, reduce costs, 
and increase bargaining power with insurers (Morse 2016; Barkholz 2017; Cryts 2017). Hospitals 
can also grow by acquiring private practices, such as specialty clinics. In fact, hospital ownership of 
physician practices grew by 86% between 2012 and 2015 alone (Rappleye 2016).

What’s behind the frenzied pace of hospital mergers? According to some experts, increasing 
costs and evolving payment models play a role. But a report from the industry group, American 
Hospital Association, found mergers and acquisitions improved the quality of care and expanded 
services for patients. Notably, operating expenses were reduced 2.5% at the acquired hospitals 
due to mergers. It appears the growth of hospital mergers is both a response to market forces in a 
competitive industry and a consequence of value-based care initiatives.

There can be clear advantages for pharmaceutical companies to partner together (e.g., 
Regeneron and Sanofi) for drug development and to merge or acquire competitors (e.g., Shire’s 
acquisition of Baxalta) to gain market share or expand therapeutic offerings. Similar incentives 
apply for health systems, provider groups, even long-term care facilities, all of which can gain mar-
ket share and create efficiencies through mergers. Silicon Valley and venture capitalists are bullish 
on healthcare, too, investing $1.2 billion into technology-focused health insurance companies in 
2015, like start-up Clover Health, a Medicare Advantage contractor, which raised $160 million in 
a recent Series C funding round (Chapman 2016; MarketWired 2016). In this chapter, we’ll show 
how health systems are leveraging data to restructure their operations, interact differently with 
patients and providers, and serve as the basis for targeted mergers, acquisitions, and partnerships 
between both traditional and nontraditional partners. This creates a huge opportunity for health 
IT companies to step in and help hospitals adjust.

Making Data Work for Patients, Providers, and Health Systems
Today’s providers are under significant pressure from patients to stay current with rapidly emerg-
ing information on new diagnostic tests (including genetic tests), medications, and other treat-
ments. At the same time, they are trying to care for patients in smaller and smaller appointment 
windows, while facing changing payment structures and evolving incentives for value-based care. 
Thus, new methods to improve workflow efficiency are highly desirable and increasingly, they are 
the result of data analytics or cognitive computing technologies.
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As described in previous chapters, the practice of radiology is being dramatically altered by 
increasing reliance on vast amounts of imaging data and cognitive computing solutions to read 
images and assist physicians with diagnoses for complex cases. But as Christoph Wald of Lahey 
Hospital and Medical Center explains below, in addition to patient care, data are also changing 
how radiology departments themselves are structured.

SIDEBAR:  CASE STUDY IN DATA-DRIVEN PROCESS 
RE-ENGINEERING—LAHEY’S IMAGING DEPARTMENT
Christoph Wald, MD, PhD, MBA
Chairman, Department of Radiology, Lahey Hospital and Medical Center

In the push to control healthcare costs, one of the first areas to come under pressure was 
also then one of the fastest growing: imaging.

“Right around 2011 or thereabouts, I was getting concerned about how payment 
reform was going to lead to stricter utilization management in imaging,” says Christoph 
Wald, Chairman of the Department of Radiology at Burlington, Massachusetts-based 
Lahey Hospital and Medical Center (Wald 2017). “It was clear this was going to have a 
profound influence on our book of business and with that our staffing and equipment 
base, and that we were going to have to start collecting systematic data to better justify 
how we were operating.”

At that time, only a small portion of the data Wald needed was being collected. And 
even those data weren’t readily available on demand, nor was it in one place. To adjust, 
“I needed to know many things: the service line P&L, how technologists’ and radiolo-
gists’ performances compared to their peers’, how to systematically track radiation dose 
for each patient and type of exam, analyze the quality of the work we were doing, assess 
machine utilization, assess process cycle times for specific exams. How much time 
would that take?” says Wald.

So they redesigned the back end of their radiology department, to ensure that all pro-
cesses were captured in a digital and interoperable fashion. They acquired software to 
provide that interoperability because no one vendor of the component systems was able 
to offer a complete portfolio, and they began to consolidate the data streams.

The initial effort started in 2012 and reached reasonable maturity by 2015. Now, 
“Every single transaction in radiology goes into a SQL Server database,” he explained. 
“That includes image metadata, report texts and metadata, quality complaints by radiolo-
gists, critical results communication by radiologists with referring physicians, self- and 
peer-reported errors, resident-overread* scores by staff, agreement versus discrepancy 
with initial image impressions by emergency room physicians. Everything. And many 
of these data elements are structured data, except for the user-generated commentary 
and reporting. We’re now pursuing an even more comprehensive method in the latest 
system, which incorporates imaging machine and process data from the imaging platform 

*	 Overread means that a staff physician reviews the preliminary report of a physician-in-training (resident) as 
well as the corresponding images and either makes edits as needed and/or signs off the report. At Lahey, every 
time this happens a staff physician sends an alphanumerical score and comments expressing agreement or 
disagreement into a database which is used as a key performance indicator for data-driven resident training 
guidance.
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itself and from the image DICOM headers. That new system promises to give us more 
insight into the process efficiency at the scanner level.”

Today, Wald has a much better idea exactly how his department is operating and can 
make better-informed critical staffing and other operational decisions. What’s more, the 
quality of their work has improved. “We went from a defect* rate of 8–10% in some 
modalities to a rate of less than 1%,” he says. When urgent results need to be commu-
nicated, the department uses a clever combination of clerical assistants with computer-
based tracking and reporting software, so doctors who need to get these results can be 
reached much more quickly. The ease of this new reporting process (three clicks), has 
improved interactions between radiologists and clinicians.

This data-driven system comes at an opportune time: Lahey opened a brand new 
emergency department (ED) in early 2017, and it has several times the footprint of the 
previous facility. Thanks to the hospital’s new system, Wald says, “I’m able to estimate 
how many of which types of exams we will be doing there, since I can see a granular 
history of exam types by ordering location and patient type.”

If, for example, a quarter of the run rate of imaging exams was neurologic, they 
could then inflate that number by the expected growth predictions provided by the 
ED leaders and then model whether they would have sufficient staff or if they needed 
to rebalance the workforce. “I can tell you exactly what percent of ED work is ultra-
sound, versus CT scans, and how many are body scans versus neurological,” he says. 
The system even catches details about how long each staff member is taking to do 
specific tasks. “I can break down how long we are taking to do each type of exam, by 
radiologist, and then I can connect that to collection data and expense estimates to 
tell whether the contribution margin is net positive or net negative for that exam type 
and provider combination.”

Making this transition was clearly a tall order. Overall, Lahey doctors do 1,400 to 
1,600 imaging exams per average business day. Now, many processes have been auto-
mated, such as letters with results (e.g., in mammography or lung cancer screening) and 
reminders for follow-up appointments. In the short time since the Lahey’s new elec-
tronic health record was introduced, approximately 85,000 patients have signed up for 
a patient-directed module that allows them to log in and get their results online. They 
can even schedule telehealth visits and have a face-to-face discussion with their doctor 
through the system’s online portal.

Wald sees many future applications for the new online interactive systems the hospital 
has invested in. “I can see my colleagues in surgery doing follow-up wound care coun-
seling through the portal, and so saving the patient a trip back to the hospital, because 
the provider can see how things are healing online. We are also thinking of tying the 
results from biometric devices, such as health trackers and digital scales, to the sys-
tem,” he says. A patient with congestive heart failure, for example, could be remotely 

*	 A defect is defined as any deviation from the expected image quality that can interfere with image interpreta-
tion: examples include artifacts, whether these results from machine malfunction, patient-related issues such 
as motion during the imaging exam, issues with the timing of a contrast injection, or operator mistakes such 
as scanning too much or too little of the body or incorrect use of the imaging machine. Defect reports are 
databased, sorted by modality, and routed to the appropriate manager for improvement action which may 
include remediation, additional training of the operator, working with the vendor to adjust/repair/improve the 
machine, and so on. This is a continuous process.
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monitored for rapid weight gain—a sign of fluid retention and a symptom that signals the 
need for further medical attention.

In the end, Wald says, it took a tremendous effort to get to this point, but he’s 
delighted with the results. “We are now working closely with data scientists for the 
first time,” he says, “and they are working with our physicians to solve problems.”

As Wald noted, radiology departments aren’t the only hospital divisions that can benefit from 
leveraging data to improve processes. As mentioned in Chapter 7, research performed in England, 
where prices are consistent, found patients were more likely to choose higher-quality providers, 
even if they were less convenient than lower-quality providers (Moscelli et al. 2016). But this 
research has valuable insights for American health systems, too. If patients would rather choose 
providers that are considered higher quality, that’s an opportunity for hospitals to highlight the 
quality of their providers—something that can only be done quantitatively with data.

Within a single health system, where costs between providers are likely to be similar, hospitals 
can use data about individual providers to direct quality improvement programs to providers that 
may not be performing at the same level as their peers (see the sidebar Bringing Optimal Guidelines 
into Daily Medical Practice). The hypothesis behind this is that “clinical inefficiency in the provi-
sion of hospital services occurs when a physician uses a relatively excessive quantity of clinical 
inputs compared with physicians treating a similar case load and mix of patients” (Chilingerian 
1995). Further, objectively measuring the performance of individual providers (e.g., by surgical 
infection rates or proportion of patients with controlled diabetes) lets hospitals use the data to 
identify best practices or guidelines for their specific patient population.

NSQIP, described in Chapter 6, is a ranking system used by hospitals to measure the quality 
of surgical care in a way that can be compared between hospitals (American College of Surgeons 
2017). Though physician-level statistics aren’t publicly reported, hospitals can parse their data 
down to individual providers to determine compliance with best practices and to identify doc-
tors who are providing high-quality/high-value care to patients. Individual surgical societies, like 
the American Association of Endocrine Surgeons and the American Society for Metabolic and 
Bariatric Surgery, have developed discipline-specific quality improvement programs analogous to 
NSQIP, capturing measurements that may better reflect their specialists’ experience.

Nonsurgical specialties have also developed quality improvement programs (QIPs). The 
American Congress of Obstetricians and Gynecologists partnered with the American Society of 
Anesthesiologists to create the Maternal Quality Improvement Program (MQIP) in 2014. Goals 
of MQIP include “address the variations that currently exist between institutions, to aid in driv-
ing care standardization that has been shown to improve outcomes” (American Congress of 
Obstetricians and Gynecologists 2017).

Getting the necessary data can be one of the barriers to participation in QIPs and has sometimes 
resulted in the need for dedicated personnel who comb through patient health records to find the 
right information, such as length of hospital stay. Electronic health records (EHRs) are getting on 
board to help institutions participate in these and other QIPs by standardizing some data fields and 
simplifying the reporting process (American Congress of Obstetricians and Gynecologists 2017). 
As EHR adoption reaches more hospitals, this could change the types of employees needed for QIP 
tasks by increasing the number of EHR-certified reporting staff (e.g., Epic certified) and bioinfor-
maticians to analyze the data, while concurrently decreasing the staff who currently perform data 
extraction manually. Over time, increased EHR utilization will mean compliance with the data 
requirements for QIPs should become easier, and the data captured more useful at the hospital level.
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SIDEBAR:  BRINGING OPTIMAL GUIDELINES 
INTO DAILY MEDICAL PRACTICE
Anil Jain, MD, FACP
Cofounder, Senior VP and Chief Medical Officer, Explorys, Inc., an IBM company

“When you are dealing with people’s health, no one wants to think about data. Rather 
they focus on the patient’s relationship with their doctor,” says Anil Jain, Senior VP and 
Chief Medical Officer at Explorys (Jain 2017). “So even as the healthcare industry has 
evolved, we’ve always kept the patient–doctor relationship at the center.”

That approach has good and bad effects, according to Jain. Certainly, no one knows 
more about the patient’s condition than his or her own physician. But medicine moves 
much more quickly these days, and not everybody keeps up as well. “If we want to do 
a better job, we need more transparency,” Jain says. “We need to know if patients are 
actually getting the right care by today’s standards. Are all providers following the opti-
mal guidelines?” he asks.

Explorys was founded in 2009, based on innovations Jain developed while working 
as a physician at the Cleveland Clinic. The start-up was acquired in 2015 by IBM, and 
became part of the IT giant’s new Watson Health business unit. That unit represents 
IBM’s major foray into healthcare.

The Watson unit brings the famed computer, which triumphed at Jeopardy, into 
realms such as drug discovery, patient engagement, and oncology, where it’s hoped it’s 
processing prowess will help it answer questions much more quickly and efficiently than 
mere mortals can. Explorys also takes a data-driven approach, and is focused on improv-
ing patient care. It uses patient-level longitudinal data, clinical data from electronic medi-
cal records, claims data, and all other available data streams, to help determine optimal 
standards of care and then determine how well providers are meeting those standards.

While this is a relatively new development, it turns out that physicians can be extremely 
responsive to quality metrics. “If you just ask doctors how well they think they are doing, not 
surprisingly most of them think they are performing in the top 10% compared to their peers,” 
Jain says. “But if you have a dashboard that actually ranks them according to how well they 
are following guidelines, that can be very powerful. Because once they see their ranking it 
has an impact, and I can tell you that nobody wants to be at the bottom of the list.”

But providers aren’t just being graded, they are being rewarded for doing well or 
improving their performance. “By taking a data-driven, quality-focused approach, you 
can improve not just their performance and quality of patient care, but their reimburse-
ment as well,” Jain points out.

The bottom line, he says, is that increasingly, providers need to be able to bring dis-
parate datasets together, and to be able to mine and analyze those data to make the best 
decisions for their patients. “You need to couple real world data with a true knowledge 
base if you really want to complete the picture,” he says.

So, data are really impacting providers from two different, yet intertwined, perspectives: it is trans-
forming how they interact with patients, from utilizing EHRs with clinical decision support tools to 
precision medicine, and it’s changing their clinical workflow. Indeed, as the Cleveland Clinic example 
at the beginning of this chapter demonstrates, patient monitoring is an area where digital health and 
data analysis work together to keep patients safer while changing the hospital experience.
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Johns Hopkins Hospital in Baltimore, for example, worked with GE Healthcare to outfit a 
room with flat screens and video capabilities to serve as the hub for managing patient flow in its 
1,100-bed facility and offer remote access to specialists for referrals (The Economist 2017). And 
this technology could be further exploited in the future, allowing doctors to respond to refer-
rals remotely or to monitor patients while both doctor and patient are at home. In Chapter 1, we 
described how some hospitals are starting to embrace remote monitoring as a way to minimize 
readmissions after certain types of surgeries, like sending home cardiac patients with connected 
blood pressure cuffs or scales that send data to doctors, alerting them to early complications that, 
without intervention, could result in a readmission after surgery.

But the technology and data has farther-reaching potential and could be used to keep patients 
out of the hospital in the first place (see the sidebar Bringing Health IT to Hospitals). The Cleveland 
Clinic and pharmacy chain CVS started a partnership to install telehealth stations bringing the 
expertise of Cleveland Clinic’s doctors to Ohio CVS MinuteClinics (Siwicki 2016). And while 
patient care is at the heart of using technology in this way, medical centers that embrace this 
technology may realize infrastructure goals will change, as fewer patients have to come to the 
hospital and their needs can be met with decentralized care models that include telemedicine, 
more comprehensive primary care–centric offices, and focused, specialist-based outpatient clinics.

But getting hospitals onboard with the kind of advanced technology that’s needed to create 
systems like Cleveland Clinic’s remote patient monitoring can be difficult. Not only is the technol-
ogy infrastructure incredibly expensive, but interoperability between legacy systems and newer 
systems can be a substantial barrier. MD Anderson’s recent termination of its partnership with IBM 
Watson is a case in point, with incompatibility between Watson and the medical center’s newly 
implemented Epic EHR cited as one of the reasons for the failure of the venture (Herper 2017b).

SIDEBAR:  BRINGING HEALTH IT TO HOSPITALS
John Glaser, PhD
Senior Vice President, Population Health and Global Strategy, Cerner Corp.

“The pure growth in electronic data available about individuals is staggering,” says John 
Glaser, Senior VP of Population Health at health IT giant Cerner Corp., “particularly as 
electronic health records expand and patients start to contribute to that data through 
their personal devices” (Glaser 2017). As interoperability improves, and more of these 
systems can talk to each other, Glaser predicts there will be more and better data sharing 
and that will push healthcare forward.

The other trend he sees advancing this is the shift in reimbursements. Increasingly, 
new documentation and quality measures are being required. So the explosion of data 
is coming from multiple sources. “If you just think of the huge amount of data generated 
just in the daily provision of care, it’s potentially immense,” Glaser says.

But of course, it’s not just the capture of data but its analysis that matters. IBM’s 
Watson computer is an example of how that’s happening. Watson can actually distill 
information—such as making diagnoses or finding patterns in disease—by analyzing 
health data.

“I think we’re going to see a steady move toward the use of such clinical decision 
support [CDS] tools in the future,” Glaser says. “It’s not going to be a dramatic shift, it is 
more likely to be evolutionary and occurring over years, but more care is going to follow 
standards of care that are distilled from data, rather than a doctor’s own experience.” 
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Doctors are finding that a lot of medicine can be routinized—not things like trauma or 
mental health, but many other tasks, such as monitoring diabetes or heart failure.

For example, he points to health systems such as Geisinger, Intermountain, and Kaiser 
Permanente, which have been standardizing how they treat cancer. For the top 20–30 
types of cancer genetic testing is now a routine part of treatment and is used to deter-
mine if the patient is at risk of the disease or to guide the treatment.

The transition has not been perfectly smooth. Electronic health records, for example, 
add to the doctor’s workload. In the time it takes to sign onto a computer, pick out a 
drug, and enter the data, the doctor could have easily written a script. “But if we can do 
this right, the care will be better,” Glaser says. And the data gathered won’t just be useful 
to the doctor and the patient. It will be useful to researchers and policy makers too.

“We also have challenges on the data management side,” he says. “There are issues 
around integrating and storing it. But I think the real innovations ahead will be around 
the analytics.” The issue, he explains, isn’t going to be how much data a system can 
handle, but whether people are getting better at collecting and interpreting it.

“Interoperability is the big one of course,” Glaser adds. “And we are seeing more dis-
cussions about collaboration. But it’s not always clear what those groups are trying to do. 
You hear people talk and they are not speaking from the same page. So while anything 
that advances the cause is a good thing, we have to be sure that’s what’s actually going 
to happen.”

Experts like Glaser keep tabs on novel analytics and he says he is encouraged that 
progressively those tools are solving tougher and tougher problems. “Health IT is a form 
of guerilla warfare though,” he cautions. “There are lots of series of small and medium 
steps needed to get to the next level. That’s why I say it will be a steady advancement of 
the science and technology, which, over time, will add up to a lot.”

Patient interaction with EHR systems can facilitate remote monitoring. As health systems 
adopt (or upgrade existing) EHRs, a patient portal is increasingly becoming a standard feature. 
Patient engagement can range from being able to electronically request appointments, to obtain-
ing lab results, to emailing providers about health concerns or questions. Some health systems 
are taking patient interaction even further, by allowing patients to view portions of their medi-
cal records and even updating health histories or noting items they want to discuss at upcoming 
appointments.

A recently published study evaluated both patient and physician perceptions of having patients 
in safety-net population type agendas into an EHR prior to their provider visit (Anderson et al. 
2017). A safety-net population is typically defined as one where the majority of the population is in 
the lowest socioeconomic categories and where the patients rely predominantly on social services 
(e.g., Medicaid, food stamps) to meet their needs. Healthcare utilization in safety-net populations 
can be quite high, as comorbidities can be common (Hostetter and Klein 2015).

With limited in-person time with providers, it can be difficult for patients to prioritize their 
health concerns and for physicians to ensure that they have identified all relevant health problems 
and patients understand treatment plans. In the study by Anderson and colleagues, patients in a 
safety-net population were able to put into the EHR a list of health issues they wanted to discuss 
with physicians, prior to their appointment. This allowed patients to consider their health situ-
ations deliberately and not feel rushed, as they would otherwise be trying to do the same thing 
during the appointment. The study’s authors found more than 70% of both patients and clinicians 
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felt allowing patients to access the EHR in this way improved communication during the visit 
and more than 80% of clinicians wanted the process to continue after the study ended (Anderson 
et al. 2017).

Patient recruitment for clinical trials can also be enhanced through EHR utilization. Some 
medical centers, such as the Yale-New Haven Health System, are attempting to improve low levels 
of patient participation in clinical studies by allowing patients to fill out a survey or create a profile 
that researchers can use to find subjects that fit study criteria (Gruessner 2015). Because patient 
portals are a relatively new feature of EHR systems, patient recruitment for research studies has 
been modest, particularly in comparison with other methods like telephone calls, though provid-
ers are hopeful this trend will increase over time (Baucom et al. 2014).

Giving patients access to their EHR through patient portals, and analyzing existing utilization 
management data can change how the health system approaches staffing needs (see the sidebar 
Personalizing Patient Services). If patients can request appointments electronically through the 
EHR, with increasing patient participation, health systems might find they need fewer customer 
service personnel to staff telephones. Allowing patients to see their lab and other test results online 
could reduce the need to mail patients the information. By identifying which patients use the 
patient portal and analyzing how they use it, the health system can target specific patient popula-
tions for things like reminders for recommended vaccinations or indication-specific interventions, 
such as weight-loss clinics.

How patients interact with EHRs is just one aspect of patient use of medical services that can 
be useful to health systems administrators. Looking at historical claims and billing data, hospitals 
can determine which patients use the most healthcare services. It’s been said that 20% of patients 
use 80% of services (a derivation of the Pareto Principle). By focusing attention on that 20% of 
patients, hospitals can find ways to increase efficiencies and minimize care that is redundant, 
unnecessary, or otherwise not of high value.

SIDEBAR:  PERSONALIZING PATIENT SERVICES
Kathryn Teng, MD, MBA, FACP
Physician Executive Director, Adult Health & Wellness Service Line, 
MetroHealth Medical Center

Primary care has long been the backbone of medicine, but because these doctors usu-
ally make a lot less than their specialist colleagues, it is often overlooked in discussions 
of cost control and quality. “Many studies over the years have shown that primary care is 
the key to changing the health cost trajectory. Relying on specialty care is just too expen-
sive,” says Kathryn Teng, Director of Adult Health & Wellness at MetroHealth Medical 
Center (Teng 2017). That realization is bringing new attention to how primary care oper-
ates, and new initiatives to redesign it.

MetroHealth is embarking on such a campaign, and theirs is largely data-driven. “We 
want to deliver personalized services,” Teng explains. “Just like a hotel might keep track 
of your preferences and then adjust their offerings to meet your needs, we’re trying to do 
that for our patients.”

Teng’s team is collecting and analyzing market research about patients in the region 
they serve, information from focus groups and surveys, but also a lot of data about 
how their own patients use services. This is helping the hospital system to reengineer 
their practices. For example, an analysis of when patients call for appointments and 
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which times they are most likely to request found that relatively few will accept a Friday 
appointment, and more people skip appointments that have been scheduled far in 
advance. “However, that only applies to primary care,” Teng cautions. “For specialty 
care, patients are much more flexible and tend to keep their appointments, no matter 
what day of the week they have been scheduled for.”

Urban and suburban patients, she adds, also tend to have different habits. “In the sub-
urbs people are more willing to come in at lunchtime, evening and on Saturdays. But our 
urban patients usually do not like evening appointments, because of concerns of safety,” 
she says. The overall goal is to reduce “no-show” rates, which have a big impact on a 
practice’s bottom line.

MetroHealth has over 200 primary care physicians (PCPs) and they are spread over 
more than 20 health clinics and community health centers as well as the main hospital. 
So another key challenge for Teng’s team is helping to make sure patients get care in the 
most convenient location. “Some people are traveling quite far to reach the hospital,” 
Teng points out. “If we can determine that we have doctors at locations much nearer to 
them, we can make their experience better and use our staff more efficiently.”

Metrics on patient outcomes are another priority. “That is a big change,” Teng says. 
“Before, providers were not being shown this data, but now we give them feedback on 
how their patient outcomes compare to those of their peers.” Comparative data on the 
volume of patients doctors see is also shared, and in real time. “They always complain 
‘If I’m behind, I need to know now, not in several months,’” Teng says. “Now we can tell 
them right away if they are falling behind.”

MetroHealth’s PCPs tend to be in charge of larger volumes of patients than most such 
doctors. “Some of our PCPs have panels as large as 3,000, whereas the normal range 
is about 1,200–1,800,” Teng says. A key goal for her team now is to determine which 
tasks the PCPs are doing now, that a nurse, medical assistant or even a pharmacist could 
do just as well. “The PCPs are doing a lot of non-physician work,” she says. Her team is 
analyzing data about that, and will soon be rolling out new staffing models.

Another project for the future is to analyze electronic health record data and use that 
to identify patients at high risk of serious diseases, and help them head off those condi-
tions early. “Unfortunately, there is no financial incentive for that, so it’s difficult to justify 
it financially,” she says, echoing many other experts.

Teng points to an initiative they carried out to improve outcomes for patients with 
high blood pressure. “We had a staff member who was very passionate about this, and 
she pretty much led the effort and made it happen, with good results,” Teng says. “At this 
point, I think that’s what you need—a champion who can make it happen. The current 
reimbursement system just doesn’t support that kind of effort otherwise, although that’s 
exactly what we want to be doing more of.”

Evolving Business Model
In Chapter 7, we described how Accountable Care Organizations (ACOs) are one way to offer 
patients integrated care. Not only do they have the potential to reduce overall healthcare costs for 
Medicare, but implementing value-based, cost-effective strategies can be financially advantageous 
for health systems. Through the Medicare Shared Savings Program, there is the potential to receive 
a portion of the money the healthcare system saves Medicare.
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There have been several notable ACO success stories. In the first year of participation 
(2012/2013), Heartland Regional Medical Center in St. Joseph, Missouri, earned almost 
$2.9 million through Medicare’s Shared Savings Program, one of just 29 organizations sharing 
$128 million (Kern 2014b). Heritage Provider Network, a California physician group, found 
success as a Pioneer ACO and is transitioning to a Next Gen ACO (Janjigian 2016). And a 
paper by McWilliams and colleagues found the ACO model was financially beneficial to CMS 
even after accounting for the shared savings payments and expected the savings to continue to 
increase year after year as participation in the ACO program grows (McWilliams et al. 2015). 
The study also found ACOs with baseline expenses higher than their local competitors found 
their savings under the ACO plan were greater than those ACOs with below average baseline 
expenditures (McWilliams et al. 2015). Even when ACO initiatives fail to save money, physi-
cians (and patients) are happy if patient outcomes improve (Kaiser Health News 2015).

But for all of the successes of the Pioneer Model ACOs, there are numerous criticisms that 
have been lobbed against the model and overall, results of patient outcomes are mixed. One of the 
most widespread critiques concerns the IT infrastructure needed to implement the ACO model 
(Blackstone and Fuhr 2016). Many health systems underestimate the cost and time involved 
in EHR adoption and overestimate their risk management capabilities (Agency for Healthcare 
Research and Quality 2014). And patients may have several health conditions that make care 
coordination challenging. Jonathan Gluck, senior executive and corporate counsel at Heritage 
Provider Network has said, “It’s not as easy as it sounds. It sounds simple—let’s get all the data, 
coordinate the care, and we’ll save a bunch of money. I don’t think people understand the detailed 
work that is necessary to effectively coordinate the care of an individual who may have a bunch of 
different chronic conditions. I don’t think people appreciated it’s really a mindset change that they 
have to undergo if they want to be successful” (Perna 2013).

Inequities in risk assumption are further difficult to address. Large health systems can better 
spread their risk across a large patient population, whereas smaller provider networks are less able. 
Conversely, physician groups might be able to individually achieve ACO goals, but if the ACO 
they are a part of does not, they won’t receive financial awards (Kaiser Health News 2015). And 
there is some evidence that patients could receive subpar care due to reduced hospital admissions 
(Blackstone and Fuhr 2016). Nevertheless, CMS has moved on from the Pioneer ACO Model 
to the Next Gen ACO program in hopes of continuing to achieve the Triple Aim in health-
care: improving the patient care experience, improving population health, and reducing per capita 
healthcare costs.

There are other ways that healthcare organizations, as businesses, can be structured. Integrated 
delivery networks (IDNs) are one example. In addition to the hospitals and providers affiliated 
with Geisinger Health in Pennsylvania, the company also manages its own health plan. Kaiser 
Permanente, based in California, is another example of an IDN with provider networks and both 
individual and family plans across the country. Though many IDNs are self-insured, not all are 
able or willing to take on the financial risk and prefer to contract with existing insurers.

IDNs contrast with the traditional model where providers and hospitals provide services to the 
patients who have third-party insurance plans, which reimburse providers for the costs of goods 
and services. This creates a disconnect between the groups providing services and those who are 
paying for them. Bernard Tyson, CEO of Kaiser Permanente, thinks that misaligned financial 
incentives are to blame for things like overhospitalization, since healthcare providers and hospitals 
are incentivized to have “heads in beds” (The Economist 2017).

But with a self-insured plan, the payers and the providers are on the same team, and their 
incentives for keeping patients healthy and reducing costs are aligned. There is no financial benefit 
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and in fact, there is a financial penalty, to ordering unnecessary procedures or for choosing more 
expensive treatments when a less expensive one will be as good. But this does not imply that pro-
viders in self-insured plans withhold expensive care when it is appropriate and will improve overall 
patient outcomes. In fact, the goal of IDNs (and that of self-insured plans) is to provide value-
based care (see the sidebar Championing Value-Based Care, Realistically).

In Chapter 6, we presented the debate around paying for Sovaldi and other expensive hepa-
titis C treatments. These drugs cost more than $70,000 per year and with more than 3 million 
Americans infected with the virus, the cost for treating all of them would be staggering. But 
compared with the $500,000 cost for a liver transplant (Transplant Living-UNOS 2017), not 
to mention the posttransplant, antirejection medicine and other ongoing medical costs, treat-
ing hepatitis C with one of these drugs can be cost-effective and dramatically improve patients’ 
lives. But as noted in Chapter 7, finding the tipping point where an intervention, treatment, or 
procedure becomes cost-effective for a patient based on their particular characteristics requires 
data analysis. Another key issue is the fact that patients in America often move from one insurer 
to another. Insurers are skeptical of paying huge sums to cure patients who will then move on to 
another insurer, though it’s unclear just how many patients are switching insurers willingly (i.e., 
not because of a job change, or insurer leaving the market) (Fisman 2007; Hoadley et al. 2013; 
Sanger-Katz 2014).

To truly get to value-based care, will mean a change in the way health systems approach 
patient care. Patient care will become more personalized and precise, as doctors use predictive ana-
lytics to head off disease or determine the best medication choice for individual patients. To this 
end, medical centers with robust informatics departments and established EHR systems will find 
themselves ahead of the competition, at least initially. Medical centers and provider practices will 
have to similarly adapt to measuring internal business practices, such as comparing patient out-
comes between providers and identifying providers that select low-value procedures or treatments 
for their patients. Inefficiency, redundancy, and waste can be minimized, but hospitals have to be 
capturing those data and be willing to act on it. Borrowing ideas from other industries, such as 
automotive, that have spent the past decades transforming their processes to be more efficient and 
value-based will be helpful. The Toyota Production System’s continuous measurement philosophy 
is one such example (Toyota 2017).

SIDEBAR:  CHAMPIONING VALUE-BASED CARE, REALISTICALLY
Howard R. Grant, MD, JD
President and CEO, Lahey Health

Howard R. Grant sees something seriously wrong with the U.S. health system. “We 
are spending at least twice as much as any other industrialized country and not getting 
results on most objective metrics that are nearly as good as countries that spend much 
less and use fewer resources,” says Grant, who is President and CEO of Lahey Health 
(Grant 2017). “That is my fundamental concern.”

Grant came to Lahey from Geisinger Health System, an integrated delivery network 
(IDN, or system that combines an insurance company with a hospital system). At the 
time, about half of Geisinger’s patients for whom the organization cared were also 
insured by the health system’s own health plan, and that puts the system in a unique 
position. “When Geisinger health plan expends fewer healthcare resources on those 
patients, by improving the management of their care, avoiding unnecessary expenses and 
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lowering their total costs of care, the Geisinger system retains those unspent health insur-
ance premium dollars and reinvests in the clinical enterprise,” Grant explains. “Typically, 
if hospitals, physician groups, or health systems lower healthcare costs, an outside 
insurer gets the reward. That makes it very difficult to justify investments in initiatives that 
are likely to lower total medical expenses,” he points out.

That’s left Geisinger and others like it in an enviable position, and they are often lauded 
as the models for the value-based healthcare system of the future that many contemplate. 
But what if you lead a hospital that is not directly affiliated with an insurer? How do you 
achieve similar goals? That is the challenge CEOs such as Grant are taking up.

The rewards of value-based care could be extraordinary. “If we could get just half 
the people with type 2 diabetes in this country to reach normalized lab results and have 
healthier lifestyles, we could cut $6 to $7 billion out of U.S. healthcare costs,” Grant 
says. “But doctors and hospitals have historically been paid to treat sick people, to react 
to illness, and not to invest in strategies to keep patients healthy. It’s a system with back-
ward incentives.”

That’s why Grant wants the country to “migrate to a system were healthcare providers 
bear the financial responsibility for the care of their patients and have adequate resources 
to actually make the patients healthier in the long term, not just treat them when they are 
sick.” The change in that direction was jumpstarted under the Affordable Care Act, with 
new policies such as penalties to providers if patients were readmitted to a hospital shortly 
after their stay. “But nobody would have expended a major effort and invested resources 
on the issue without those rules,” Grant says. “We need to keep driving people in that 
direction. It’s better for our patients’ health and it’s better for our country’s finances.”

He points to one particularly compelling initiative that Lahey started. The hospi-
tal’s imaging department studied the use of rapid slice CT at low radiation exposure to 
diagnose lung cancer in a clearly defined population of patients at very high-risk for 
developing lung cancer. Almost all patients who are diagnosed with lung cancer in the 
later stages of the illness die. Meanwhile, about 85% who are diagnosed at the earliest 
stages of the disease survive. So, it made a lot of sense to try this approach, but there 
just wasn’t sufficient evidence and insurers were not reimbursing for such screening. The 
Lahey team showed how effective early, low-dose screening could be. And now, after 
some resistance of course, Medicare and some insurers are paying for the procedure.

How is Grant preparing for the future? For one thing, Lahey has just invested about 
$5 million in predictive analytics. With that software they plan to take on challenges 
such as type 2 diabetes. “There are 30 million diabetics in the United States today and 
they account for 10% of U.S. healthcare expenditures,” he says. If Lahey’s doctors can 
mine patients’ electronic health records to identify those who are at risk of the diseases, 
but don’t yet show signs, they can help some of those patients avoid the disease alto-
gether. “Diabetes is a healthcare tsunami staring us right in the face,” Grant says. “We 
should be mobilizing against it now.”

Grant knows the classic obstacles to radical change. Many of the processes in medi-
cine need to be reengineered in order to support a comprehensive approach to popula-
tion health. For example, you can’t expect primary care doctors to see a patient every 
15 minutes if you want our caregivers to build relationships that will impact health 
outcomes. But he’s hopeful. “There are a lot of forces moving in the right direction,” he 
says. “There’s going to be disruption, but there’s also going to be positive change.”
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The fee-for-service model has been advantageous for a variety of stakeholders, including pro-
viders. So, they are among those who are resistant to move toward a value-based payment system. 
One health system has a novel plan to train providers in a value-based network. California-based 
Kaiser Permanente is planning to open a medical school in the fall of 2019 (Dietsche 2015; 
Masunaga 2016a; Kaiser Permanente 2017). The ethos of Kaiser’s health system is based on pri-
mary care providers as the center of healthcare delivery and the medical school is expected to build 
on their model. If Kaiser’s gamble to start a medical school works, it could lead to a new way of 
teaching the next generation of doctors.

Shifting the Balance of Power
Due to rising healthcare costs, the United States has been trying alternative provider and health 
system models for years. Though first tested in a 2005 pilot program, ACOs are now gaining trac-
tion as some high-profile health systems find success with the paradigm and the number of ACOs 
continues to rise (Blackstone and Fuhr 2016). A 2016 release of data from CMS found approxi-
mately 29% of participating ACOs earned shared savings in 2015, though experts disagree if the 
model is truly successful (Introcaso 2016). Currently, private payers hold much of the power in 
healthcare systems, as they determine coverage policies (i.e., whether or not they will cover a par-
ticular treatment or procedure) and what their reimbursement level will be for medical care that 
falls outside of ACA-mandated essential care. And while providers (health systems and individual 
clinicians) can negotiate reimbursement, patients are left out of the discussion entirely.

The rise of high deductible health plans is steadily increasing the amount patients have to con-
tribute toward their healthcare, as described in Chapter 6. Generally, patients have little incentive 
to select low-cost providers and often conflate low cost with low quality (deBrantes and Delbanco 
2016). This can put patient demands for the newest technology or unnecessary testing at odds 
with value-based care. In addition, consolidations between insurers or provider networks can leave 
patients unable to choose healthcare alternatives, and outside of self-insured and not-for-profit 
health systems, patients may end up paying more with no market checks to limit price increases 
(Blackstone and Fuhr 2016).

The growing number of mergers and acquisitions of hospitals and health systems has many 
experts and regulators concerned. As noted in the beginning of the chapter, a proposed merger 
of Chicago-area Advocate Health and NorthShore University HealthSystem was blocked by the 
Federal Trade Commission (FTC) because “the combined entity would operate a majority of the 
hospitals in the area and control more than 50% of the general acute care inpatient hospital ser-
vices” (Federal Trade Commission 2017). In an article for the NEJM Catalyst, David Balan of the 
FTC notes that mergers often have negative outcomes for patients in the form of higher prices and 
reduced quality when the firms that are merging are close competitors (Balan 2016). Even cross-
market (distinct geographic area) mergers can lead to price increases of 7%–10% or lower quality 
care (Dafny, Ho, and Lee 2016).

Hospital mergers can also create efficiencies, reducing costs for the merging firms that can 
lower prices or improve quality. For example, mergers may decrease the number of different 
EHRs used by patients’ providers, which can lead to improved data sharing and care coordination 
between providers and reduce redundant procedures (Birkmeyer 2016).

But when these systems become so large as to limit provider choice, the outcome is a lack of a 
“true market,” noted by Elisabeth Rosenthal, medical doctor and senior writer at the New York Times 
in her new book, The American Sickness: How Healthcare Became Big Business and How You Can 
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Take It Back. In a recent interview with RadioBoston, she says that patients aren’t always in a posi-
tion to shop for healthcare, which means they rely on providers for advice (Bruzek and Chakraparti 
2017). Patients who are unable to really “shop” for the best value care on their own thus need to 
work with their providers to do this. Sometimes the providers will have incentives to actually direct 
their patients to higher-cost facilities. For example, a provider based at a certain hospital may send a 
patient to that facility’s lab. That makes sense practically, but is not always cost effective.

Primary Care Revival?
In primary care, innovation is spurring competition where previously there was none. Primary 
care has long been one of the fields of medicine with among the lowest reimbursement rates: hence 
the infamous 15-minutes-or-less consultations and huge patient loads, which are often cited as 
reasons young doctors are increasingly shying away from this field (Kavilanz 2009). Long ago, 
PCPs were regarded as the “gatekeepers” in medicine. They were the patient’s first contact with 
the medical system, and the doctors who made sure that only the most appropriate care was deliv-
ered. This identity as “gatekeeper” is unfortunate, as it impedes patient (and sometimes specialist) 
acceptance of the PCP as an integrated part of patient care (Krieger 1996). Over time, however, 
specialists gained more control as they were able to offer more advanced treatments and insurance 
companies began letting patients see specialists—even without a PCP’s referral.

But some PCPs are now offering patients alternative practice models.
Concierge services are where patients pay a flat monthly rate for access to the doctor whenever 

they need it (Metz 2017). Typically, such services have a relatively high annual fee (more than 
$1,000 per year), and patients are given virtually unlimited contact with their primary care doc-
tors. There are often other “frills” added in, such as more comprehensive preventive and wellness 
care, to make the high-fee subscription attractive. But the patient also needs additional compre-
hensive insurance, such as Medicare or a private policy, since the service only covers primary care. 
Massachusetts General Hospital and the Mayo Clinic are just two renowned facilities that offer a 
concierge service (Massachusetts General Hospital 2017a; Mayo Clinic 2017b).

In addition to existing medical centers, numerous start-ups are entering the concierge medi-
cine market, leading to an estimated 12,000 physicians now offering concierge services (Colwell 
2016). Though primary care is the focus of most concierge medical groups, Prime Surgeons, a 
Los Angeles–based group is even piloting the model for certain types of surgeries (Masunaga 
2016b). Some, like Silicon Valley–backed Forward and One Medical are putting an emphasis on 
connected devices and smartphone apps as ways to keep tabs on their patients and help manage 
outcomes like weight and blood sugar (Tansey 2015; Coren 2017).

Direct primary care is another new model slowly being introduced. It also involves a subscrip-
tion service, but in this case the monthly fees are usually much lower than for concierge practices, 
and the emphasis is on cutting unnecessary costs by more closely managing a patient’s ongoing 
health and overseeing where and when they go for specialty care (Huff 2015).

Iora Health (formerly Renaissance Health) is a company that sprang from groundbreaking 
work with Boeing and others to develop an “intensified chronic care program” to improve 
patients’ health and reduce costs (Milstein et al. 2009). Results from the Boeing pilot program 
(Iora) showed lower costs and substantially better health outcomes. Iora now operates in eight 
states and has raised more than $100 million in the past 2 years, adding new investors that support 
its business model (Pai 2015; Bartlett 2016). Iora’s model is to partner with groups such as unions, 
employers (e.g., Hartford Healthcare), and even health insurance companies like Humana, which 
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have a great interest in lowering health costs (Iora Health 2017). In April 2017, Iora partnered with 
the state of Massachusetts’ Government Insurance Commission to “…provide specialized health-
care to around 2,000 people in an attempt to save the state money” (Bartlett 2017).

Both patients who are dissatisfied with rushed office visits and physicians who are frustrated 
with large caseloads and insurance requirements might find concierge-style medical services an 
alluring option (Doherty 2015). Don Sommers, a retired chemical engineer, credits this type of 
service with saving his leg, after several surgeries failed to remove a clot and doctors had no further 
treatments to recommend. Sommers turned to San Francisco–based Grand Rounds, a company 
that works with patients and employers to match patients to top physicians for either primary care 
or second opinions. Sommers received a second opinion from a doctor who was able to remove the 
clot, saving Sommers from a potential amputation (Hernandez 2014).

Whether either of these are economically sustainable business models is still unclear, particu-
larly as competition increases from more traditional physician networks. Even financial backing 
from heavyweights like the Mayo Clinic and the Social+Capital fund weren’t enough to prevent 
concierge start-up Better from failing in 2015, something former CEO Geoff Clapp ascribes to 
“failing to find an appropriate product market and fundamental misalignment with the investors 
and strategic partners” (Mack 2016). Turntable Health, a direct primary care service using Iora 
Health started by a Stanford-trained Zubin Damania and Tony Hsieh, CEO of online shoe store, 
Zappos, closed after a few years due to “economic challenges of the Las Vegas market,” according 
to Damania (Comstock 2017c; Ventura 2017).

More recently, Seattle-based Qliance also ceased operations, citing a healthcare system that 
resisted their care delivery model, making “it harder and harder to survive” (Comstock 2017c; 
Qliance 2017). However, the closing of these alternative care delivery options doesn’t mean the 
direct care model is going away. Samir Qamar, CEO of MedLion, another direct primary care 
business, said they chose not to rely entirely on venture capital from the beginning and “has found 
great success in slowly peeling away layers of various markets over several years” (Comstock 2017c).

If the direct primary care model proves unsustainable over time, there are alternatives for 
patients. Pharmacies, and even grocery stores, are adding additional health services, such as vac-
cinations and school physicals, to their offerings (see the sidebar Achieving a New Value-Based 
Model of Healthcare Delivery), giving patients some measure of choice. Hospitals need to be aware 
of that and respond.

SIDEBAR:  ACHIEVING A NEW VALUE-BASED 
MODEL OF HEALTHCARE DELIVERY
Glenn D. Steele, MD, PhD
Chairman, xG Health Solutions

Getting to true value-based care is going to require a profound change in culture, 
according to Glenn Steele, chairman of start-up xG Health Solutions, which is a spin-
off of Geisinger Health Systems. xG is taking a set of proprietary innovative approaches 
developed at Geisinger, scaling them, and putting them to work for other groups, includ-
ing the Health Transformation Alliance and EHR vendors, such as Epic and Cerner.

He likes to point to a pivotal project Geisinger carried out while he was leading the 
system, and which helped them see the potential for a new approach. “About 10 years 
ago, we set about to manage the health of 30,000 patients with type 2 diabetes in a 
different way,” he explains (Steele 2017). “We decided we would enable our community 
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practitioners and endocrinologists to work together and manage these patients in a more 
optimal way. The key things we asked were: What are the dozen or so things that should 
happen to manage these patients in the optimal way? How do we transmit that informa-
tion to the clinicians? And what are the metrics that will gauge success?”

The first set of metrics, Steele advises, should always be related to performance—what 
are the providers doing? The second should be functional outcome metrics—how are 
the patients doing in response? The Geisinger diabetes program also embedded nurses 
who acted as “concierge care managers” in some of the practices. They could personal-
ize the treatment plan according to the patient’s specific needs.

The results were remarkable. “In only 3 years, we dramatically improved the percent-
age of patients who received best practice level treatment. With that, we saw a signifi-
cant decrease in the probability of heart attack, stroke, and eye disease [among diabetic 
patients],” Steele says. The health system is now trying to replicate that approach with 
more diseases, including COPD, congestive heart failure, and reactive depression.

One of the key things in Geisinger’s favor is that this company has an unusual struc-
ture, because it combines a health system with a health insurance company. About half of 
Geisinger’s patients are also members of the company’s health plan. As a result, if the health 
system improves quality or efficiency, the company as a whole benefits. Most hospitals don’t 
reap rewards from improvements in their processes. Rather, the insurance companies they 
contract from profit from those gains. That makes it difficult to make efficiencies a top priority.

Whatever the provider’s structure is, the shift from a fee-for-service (i.e., getting paid more 
for doing more) to a value-based system (i.e., getting paid for outcomes) involves a shift in 
culture, Steele emphasizes. “To achieve that you need to have strategic aims that resonate 
with the people providing the care,” he says. “We went through that process starting almost 
20 years ago. Everyone at Geisinger now knows the company is putting aside anything that 
hurts patient outcomes, and prioritizing the things that optimize outcomes.”

Another key advantage for Geisinger is that they moved to EHRs in the mid-1990s, 
long before many of their competitors. And since Geisinger has both the clinical and 
claims data on at least half their patients, they can track utilization and outcomes better 
than most other hospital systems.

xG Health Solutions is now working to help other health systems achieve this new 
model of healthcare delivery. “I see tremendous shifts taking place,” says Steele. “We are 
in an era of value re-engineering, where costs have to come down and where companies 
like CVS and Walmart are looking for new opportunities, and starting to compete with 
traditional health systems. We need to respond to that new competition now.”

Having good data, Steele thinks, will make a big difference for any organization. “The 
more you use the data, the more the process improves,” he says. “It is never perfect, and 
we are always modifying it, but at Geisinger, it’s already a vastly improved system than it 
was before.” Others, he believes, can achieve the same types of results.

Building the Health System of the Future
So, what does the health system of the future look like? Will hospitals become more like “air traffic 
control centers” where people sit “in a room full of screens and phones,” like Toby Cosgrove, head 
of the Cleveland Clinic, has said? (The Economist 2017) Will the vast quantities of data that are 
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now being collected and analyzed really help health systems achieve the “Triple Aim?” How will 
the relationships between stakeholders change? Below, we have made some predictions.

Hospitals will put an emphasis on improving efficiency and consolidating. As costs are increas-
ingly shifted to the government and consumers, price sensitivity is becoming an issue and there is 
a growing emphasis on paying for quality care and good outcomes rather than paying per service 
rendered (i.e., “fee-for-service”).

These trends are putting pressure on hospital budgets. One result of this is that hospital 
administrators are scrambling to do what other industries have been doing for years—optimize 
their operations. That means measuring things so they know what they need to improve and 
where they are not getting sufficient return on their investment. It’s the Six Sigma* moment for 
healthcare. With quality measures, outcomes, and population health becoming more important, 
hospitals will also be looking for ways to show that they are providing optimal care, and improving 
the health of the communities they serve.

Achieving that requires a keen focus on process improvement. You cannot improve what you 
cannot measure, so healthcare providers are investing in software, databases, and systems that 
will give them the data required to determine where they need to make cuts and where they 
should invest. Hospitals are even looking outside the healthcare industry for direction, such as 
the automotive industry’s Toyota Production System, which focuses on continuous improvement, 
standardization, and measurement to deliver high-value vehicles (Toyota 2017). Look for changes 
across the hospital operations landscape. Administrators will be scrutinizing everything from 
office processes to surgeries to identify high-value practices. As a result, it’s inevitable that job roles 
will evolve and staffing needs will change. Employees, including providers, will need to learn new 
skills to stay relevant in a data-driven environment.

Hospitals also have to be willing to let the data drive process change, sometimes leading them 
in unexpected or new directions, rather than trying to force insights to fit within existing frame-
works. For example, Virginia Mason Medical Center redesigned their care delivery process for 
patients with lower back pain in response to potential exclusion from an Aetna provider network. 
The hospital used Aetna-provided claims data to analyze provider practices and identify low-
value services, ultimately creating a patient-centric care delivery model (described in Chapter 7) 
for lower back pain that increased productivity while reducing unnecessary treatments (Pham 
et al. 2007). Non-emergency medical assets are another area of substantial inefficiency and waste. 
Cohealo cofounder and CEO Mark Slaughter has said, “Everyone ends up owning the exact same 
things.” The Boston-based company aims to fix that by letting hospitals within geographic regions 
share high-cost, low-use equipment (Verel 2014).

The Mayo Clinic has used data to cut costs within its health system and maintain and improve 
patient outcomes. Mayo, already considered one of the top hospitals in the world, is proof that 
even high-performing institutions can find new insights from data. For example, before becoming 
CEO, neurologist John Noseworthy led an investigation to identify areas that Mayo needed to 
overhaul to remain competitive in the future. As a result, in the past several years, the hospital has 
revamped care delivery for children with complex breathing and swallowing problems, expanded 
the role of nurses in the management of patients with epilepsy, and reconfigured cardiac surgical 
care for patients by standardizing equipment and procedures (Winslow 2017).

Due to ever-increasing financial pressures on hospitals and health systems, it is almost cer-
tain that the pace of mergers, acquisitions, and partnerships will not slow in the foreseeable 

*	 Six Sigma is a business approach that encourages meticulous measurement and evaluation of processes to 
achieve optimal efficiency (http://www.isixsigma.com/new-to-six-sigma/getting-started/what-six-sigma/).

http://www.isixsigma.com
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future. There is simply too much potential cost savings and ability to increase market share 
for health systems not to consider mergers and acquisitions of competitors. Here is where the 
push to value-based care becomes much more important. But proposals will be under scrutiny 
from regulators and will have to demonstrate patients will not suffer from higher prices or 
lower quality.

Payers also need to reinvent themselves. As the growth of the healthcare expenditures slows, com-
petitors, such as hospitals and insurance companies, will start to cannibalize each other. Hospitals, 
which are burdened by reduced payments, penalties from quality improvement programs and 
other federal initiatives, and continued increases in healthcare costs, can find it difficult to achieve 
value-based outcomes when any financial benefit for doing so goes to a third party. Consequently, 
self-insured health systems, such as Pennsylvania’s Geisinger Health, are the biggest competitor 
to traditional payers today, because they reap the benefits of innovative programs, keeping cost 
savings within the system where they can be reinvested.

Already hospitals, including Boston’s Partners Healthcare, Northern Virginia’s Innova Health 
Systems, Geisinger Health, and Northern California’s Sutter Health, are offering their own health 
plans (i.e., insurance). For Sutter the move allows the hospital to “develop closer more direct 
partnerships with employers and patients,” the new plan’s CEO Steve Nolte said in a press release 
(Sutter Health 2013). It gives them more data and more control. And as discussed earlier in this 
chapter, IDNs can better align the financial incentives for keeping patients healthy by focusing on 
value-based care and innovations that support that goal. By keeping the financial profits of such 
initiatives within the health system, hospitals can reinvest in further innovation.

The entire stand-alone insurance industry is in a state of change. Mergers and acquisitions 
of other insurers are ongoing. Others have started to buy up hospitals systems. Highmark, for 
example, acquired the five-hospital West Penn Allegheny Health System (Mathews 2011), with 
plans to establish one of the largest integrated delivery systems in the country. Data will be crucial 
for them to both run these facilities and provide optimal care.

Aetna’s CEO, meanwhile, has described his organization as a “health IT company with an 
insurance component” (Chase 2012). Because they have the claims data, he argues, insurance 
companies can figure out what a health system really needs to look like to fit a particular com-
munity’s needs. Aetna International is doing just that for China’s Binhai region, which aims to 
be that country’s Silicon Valley. Aetna has helped to build the healthcare infrastructure and the 
technology platform there (Aetna 2014a). More recently, the CMO of insurer Humana said he 
does not think his company as much as an insurer as “an IT company who is helping us with the 
data that we need in order to deal with our population heath tools” (Sweeney 2017a).

Employers will try harder to reduce their health costs, or shift out of providing healthcare coverage 
entirely. While the growth in health costs has slowed, the trend is still unsustainable. Developed as 
a way to attract workers in the face of wage controls, U.S. businesses are now viewing health costs 
associated with employer-based insurance plans as a major burden. This puts them at a disadvan-
tage globally, since we have the highest health costs in the developed world. Health costs are also 
unpredictable and hard to manage; CEOs wait with dread to find out what the next year’s health 
costs will be. Small companies suffer even more than large ones. The prices for their policies are 
usually higher, and costs are even more difficult for them to manage.

The clearest trend here has been the shift to greater cost sharing for employees with work-based 
health plans. High deductible health plans are increasingly common and will continue to be. But 
we also expect to see many more businesses shift to a defined contribution model for health plans: 
the company will pay a set amount toward premiums, and employees who want expensive plans 
will pay the difference themselves.
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There’s also been a noticeable shift to private insurance exchanges, where employers provide a 
fixed contribution to the costs of premiums, but employees shop for their own care. An Accenture 
Consulting report predicts that by 2018, more than 40 million people will get their insurance 
through private exchanges (Kalish 2014).

Further, we expect that businesses will start looking at healthcare much more strategically. 
A greater number of them will offer plans with narrow networks, or even start contracting directly 
with specific hospital systems for certain common and high cost procedures (e.g., transplants and 
hip replacements). This approach, often referred to as “Centers of Excellence,” can help businesses 
control costs, since they can set fee limits up front. Concierge medical service companies, like 
Grand Rounds, that help match patients with high-quality providers can also help employers 
point their employees in the direction of value-based care.

We may begin to see more big businesses actually move their offices to communities with more 
affordable health systems—or help to create them in their current environment. Boeing, Costco, 
and Starbucks have pressured health systems to improve their care delivery processes and reduce 
the costs of healthcare, using business strategies, such as Six Sigma or other continuous improve-
ment frameworks (Levey 2014). What data employers and patients use and how they use it will 
be critical however. For example, providing price data without quality data is not that useful. And 
quality data are difficult to arrive at. Is the best surgeon the one who does the most procedures? 
Some experts believe “over diagnosis” is actually a big problem in the U.S., and that the best 
measure is doctors who correctly diagnose their patients most of the time, and who seldom need 
to repeat procedures. Compiling that kind of data will be more challenging, but essential, and 
successes at places such as Geisinger, Kaiser, Virginia Mason, and others demonstrate that it can 
be done.

But for all the benefits of employer-based healthcare plans, they may have outlived their utility. 
Analysts have concluded that these benefits help to keep wages relatively stagnant even in the face 
of shifting more of the costs onto workers (Herman and Livingston 2016). A single-payer system 
could benefit both employers and workers, as suggested by Warren Buffet’s comments support-
ing a single-payer system at a Berkshire Hathaway shareholder meeting (Olen 2017). Employees 
would find they have increased mobility and could change jobs without consideration of their 
health insurance and wages would rise. This in turn could further spur increased innovation, as 
workers don’t feel tied to a job because of health insurance. Employers would also benefit from a 
single-payer system. Though their tax benefits are substantial, rising healthcare costs are a major 
pain point and employees are finding it difficult to bear higher deductibles. Getting out of the 
healthcare business would free up revenue for other projects or employee wages.

Patients will become price-sensitive and more engaged in own care. In the past, patients equated 
high prices with higher value. After all, a higher-priced procedure must be better, right? And if 
someone else is paying the entire bill, why not just go with that provider? But now with high 
deductible plans, narrow networks, more quality data being released, and an explosion in care pro-
vided in alternative settings (such as urgent care clinics, or via telemedicine), patients are starting 
to be more price sensitive. Today, purchasing insurance with an unaffordable deductible or going 
to an out-of-network hospital can bankrupt someone.

Patients on health insurance exchanges and those choosing Medicare Advantage plans are 
finding their choices diminished as payers pull out due to higher than expected costs. Wellmark 
Blue Cross Blue Shield pointed to $12 million annual costs for a single member and financial losses 
as the reason for leaving Iowa’s marketplace (Small 2017). Wellmark’s departure from the Iowa 
exchanges left Minnesota-based Medica with monopolies in the Iowa and Nebraska exchanges, 
reducing consumer choice and price competition (Snowbeck 2017). One potential solution is the 
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formation of a “virtual high-risk pool” that could work across state lines to minimize the impacts 
of members that require expensive treatments, an idea supported by Medica (Snowbeck 2017). 
However, analysis performed by the Kaiser Family Foundation about the impacts of pre-ACA, 
state-run, high-risk pools and the temporary federal high-risk pool (Pre-Existing Condition 
Insurance Program) for people with preexisting conditions found the subsidies to cover the deficit 
between premiums and claims substantial (Pollitz 2017), so it’s uncertain that a new high-risk 
pool program would attain desired healthcare savings in this population.

Substantial change is needed in how care is delivered. Concierge health services and direct pri-
mary care services have the potential to become a significant player, at least for primary healthcare, 
as they can compete with traditional provider networks on quality, service, and price transpar-
ency. However, their services are relatively limited and patients typically still need another form of 
insurance, which will be barriers to more widespread adoption.

Data about provider prices are also starting to trickle out. But it’s still difficult to determine 
what the real cost is, since insurers negotiate prices with each provider. And, the crucial data 
patients are missing is about the quality of care. Despite the rapid migration to HDHPs, which 
was supposed to encourage shopping for healthcare, patients still have little access to quality data.

Many new companies are also forming around the idea of engaging patients in their care. 
Wellness coaches and care coordinators are helping patients to address social, practical and behav-
ioral problems that are keeping them from getting optimal outcomes. If a patient can’t get to the 
clinic, for example, their health will suffer. And someone with asthma can’t get better if their home 
is full of mold and contaminants. Just having someone on staff (but not a doctor) that can arrange 
for that ride or find a better living situation can improve outcomes.

Wearable devices and digital health could significantly change how providers monitor, treat, and 
engage with patients. There has also been a significant uptick in the number of mobile and wear-
able devices available that will let patients monitor their health more closely, from fitness trackers 
to more medically relevant devices like connected blood pressure cuffs or ECGs. Until now, most 
of these devices and their corresponding apps were only useful to consumers themselves and not 
generally adopted into clinical care, but as we will describe in the next chapter, better integration 
of digital health data into EHRs will start to change how providers measure how their patients 
are doing.

The healthcare system is in a state of flux from ever-increasing costs, price, and quality opacity, 
and penalties from federal quality initiatives are leaving hospitals and providers bearing the brunt 
of these pressures. This upheaval is driving innovation in every aspect of the industry in ways 
that these institutions and providers can take advantage of—if they choose. How far the system 
can be transformed will rely on the willingness of the stakeholders to move toward a value-based 
system and engage in continuous improvement and measurement initiatives. It won’t be sufficient 
to simply measure a process or an outcome—real change will arise from the transformation that 
arises as health systems use those data to develop new ways, value-based methods, of delivering 
care. If most of this innovation and change happens, we’ll have a completely different healthcare 
system within 5–10 years. For that to occur, we’ll need to keep pressing for greater transparency 
(especially more public data), better means of measuring quality, better processes to ensure care 
standards are optimal and are transferred to other institutions. If all that continues to happen, we 
can reduce costs, improve quality and make sure that more patients are receiving optimal care at 
a reasonable price.
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Chapter 10

Digital Health: Moving 
from Sci-Fi Fantasy to a 
New Healthcare Reality

These extraordinary accomplishments, from dissecting and defining DNA to creating 
such pervasive electronic technologies that immediately and intimately connect most 
individuals around the world, have unwittingly set up a profound digital disruption 
of medicine.

Eric Topol, MD
The Creative Destruction of Medicine, Basic Books, 2012

Working at a “nondescript office in Palo Alto,” a secret team of Apple employees are toiling on a 
noninvasive, continuous blood glucose monitor to help people with diabetes better control their 
disease (Farr 2017a). Apparently, this was a project Steve Jobs himself came up with, and it could 
thrust the tech giant deeper into the healthcare field. Already there are indications that the com-
pany has hired consultants to navigate the FDA approval process and claims that “clinical sites” 
are trialing the device in the San Francisco Bay area (Cooper 2017). But Apple isn’t alone. Dozens 
of companies, both traditional healthcare businesses and nontraditional start-ups, are now looking 
at digital health as an entry into the profitable healthcare market.

The sci-fi fantasies of yesterday are starting to be realized and health systems are embracing 
digital technology in ways never before seen—all of which is leading to a dramatic transforma-
tion of healthcare. Connected devices, such as scales or blood pressure cuffs, which help moni-
tor patients remotely, are now targeting the profitable consumer market. And provider-oriented 
devices are getting smaller and smarter: the Qualcomm XPrize contest recently announced the 
winning team that developed a Star Trek–like tricorder, able to diagnose multiple health condi-
tions, such as diabetes, sleep apnea, pneumonia, and a urinary tract infection (Diguilio 2017) with 
a palm-sized device. Start-ups are exploring new ways to improve outcomes and help providers 
care for patients using a growing number of digital health devices, smartphone-enabled apps, and 
technologies like artificial intelligence.
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Digital health is transforming how patients and employers shop for healthcare, how providers and 
medical systems market themselves, and how payers are tackling rising healthcare costs. It’s a market 
already worth over $80 billion and expected to reach more than $379 billion by 2024 (Global Market 
Insights 2016). A record number of digital health start-ups emerged in 2016, and while total funding 
was down, investors were still bullish on the field: more than 500 digital health companies grabbed 
$8 billion in funding (Tecco 2017). And the global cognitive computing market value is expected to 
grow from an estimated $738.5 million in 2014 to nearly $2.5 billion by 2022 (Grand View Research 
2016b). As a result, interest and innovation in these areas are still growing, with many ripe opportuni-
ties including interoperability, wearables, and AI, as described in this chapter.

Dawn of Digital Health
More than 15 years ago, the article “Digital Health Care—The Convergence of Health Care 
and the Internet” was published in the Journal of Ambulatory Care Management by Seth Frank, 
formerly a vice president at A.G. Edwards and currently vice president at Allscripts Healthcare 
Solutions. In the article, Frank categorized digital health companies into three main areas: com-
merce, connectivity, and content, and envisioned digital health solutions that would help con-
sumers make informed decisions, provide information, and ultimately lower health costs by 
empowering consumers. He also saw digital health opportunities as a way to develop a sense of 
community amongst patients and to promote health and well-being (Frank 2000).

Since that article was published, others have followed Frank’s lead, expanding and clarifying 
what (and what does not) constitute digital health. Rock Health, a venture fund dedicated to 
healthcare and digital technologies, describes this field as the “intersection between healthcare and 
technology; and not solely in medicine, but across healthcare, including wellness and administra-
tion” (Gandhi 2017). For the purposes of this chapter, we’ll also use a broader definition of digital 
health, because as we’ve presented in examples throughout this book, digital health and Big Data 
are already transforming every aspect of healthcare, for all stakeholders.

It’s no secret that the amount of healthcare data are increasing annually. With data driving 
everything from precision medicine and drug development, to price transparency and value-based 
reimbursement, it’s easy to get caught up in the idea that all of healthcare’s problems could be 
solved if we just had more data.

But having data by itself isn’t sufficient to enable the kinds of changes we’ve described in pre-
vious chapters, and several experts have cautioned about the hype surrounding Big Data and its 
limitations. Indeed, “Big data are worthless in a vacuum. Its potential value is unlocked only when 
leveraged to drive decision making” (Gandomi and Haider 2015). For example, “A lot of data 
has been gathered by sequencing cancer genomes, but it is not properly aggregated yet,” says Eric 
Topol. “The holdup isn’t necessarily the analytics, it’s the willingness of different centers to work 
together and administrative hurdles such as Institutional Review Boards, privacy, etc.”

Certainly, the kind of complex analytics being used today in these pursuits require amounts 
of data that would have been almost incomprehensible even a decade ago. But to gain meaning-
ful insights from the data deluge necessitates the information be structured in a way that allows 
analysis. Even more importantly, the data being collected should be the right data for the situa-
tion, and they must also be in the right format or structure to enable the kinds of outcomes-based 
analyses needed for adoption of new technologies/procedures. Otherwise, the value of the data 
are lost (Beckers 2017; Wang, Azad, and Rajan 2017). Data needed to bring price transparency to 
hospital procedures for patients isn’t the same kind of information needed by clinicians to predict 
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which patients are at risk for cardiovascular disease. Digital health, cloud, and AI solutions make 
generating, structuring, and aggregating the data into useable formats feasible (Beckers 2017).

Embracing the Cloud
Another big driver of digital health is “the cloud.” Cloud-based computing has taken off in the 
past few years as a means to maximize the computing power needed for advanced analytics and 
data storage that healthcare systems, hospitals, and researchers need. In fact, according to a 2016 
HIMSS Analytics survey of healthcare IT executives, 84% reported using cloud-based solutions 
as part of their IT operations (HIMSS Analytics 2016a).

So what exactly is “the cloud”?
According to technology pioneer IBM, cloud computing is “the delivery of on-demand comput-

ing resources—everything from applications to data centers—over the internet on a pay-for-use 
basis” (IBM 2016). Companies can host their own private clouds or use a public or hybrid cloud to 
manage data and application. Benefits of cloud computing are that it facilitates data sharing and is 
secure. On-demand use of specialized staff, routinely updated software and platforms to fight against 
cyber-attacks, and data centralization are key benefits of cloud services. Furthermore, cloud services 
are easily scalable (up or down, depending on the needs of the company) and this, in turn, can reduce 
the financial burden for companies since they only pay for the services/storage they use and don’t pay 
for the upfront costs or maintenance of creating their own IT infrastructure (IBM 2016).

These benefits are behind a growing number of healthcare organizations moving their IT 
operations to the cloud, leading to a market forecast for healthcare cloud services of $9.5 billion 
by 2020 (McCarthy 2015). For instance, the USMD Health System, created after the merger of 
three Texas-based health systems in 2012, has been moving their IT operations to Amazon’s cloud 
in order to consolidate and centralize IT functions (Butler 2016). And researchers at Mount Sinai 
Icahn School of Medicine studying breast and ovarian cancer can analyze more than 100 terabytes 
of data using a cloud-based platform—a feat that wouldn’t be possible without the cloud-based 
service, according to one of the researchers (Ratchinsky 2016).

But for all the benefits of the cloud, security is one area of concern, due to the need to keep 
identifying patient information and sensitive health information private to comply with HIPAA 
regulations. A 2015 cyber-attack on an Indiana-based medical software company and its cloud 
service shot ripples through the healthcare system as patient names, addresses, Social Security 
numbers, and personal health records were compromised (Guccione 2015) and cyber-attacks on 
healthcare records skyrocketed in 2016 to 93 major attacks, up from 57 in 2015 (Sheridan 2016). 
In a high-profile case, Emory Healthcare’s Brain Health Center fell victim to a ransomware attack 
in 2016, after a third-party database was compromised (Dietsche 2017). But many of the attacks 
are a consequence of failing “to adopt basic safeguards like anti-malware tools, firewalls, and 
encryption,” according to a 2016 HIMSS Cyber Security report (HIMSS Analytics 2016b), so 
moving to cloud-based services, where these security measures are applied and routinely updated, 
may actually result in stronger security for healthcare systems.

Improving Clinical Workflow
Digital health is contributing an ever-increasing amount of information that can straddle many 
healthcare domains and be useful to stakeholders with very different goals. Companies such as 
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Philips are pushing the boundaries of technology for healthcare with imaging and patient monitoring 
systems. As microprocessors and sensors shrink in size and improve their abilities to capture data accu-
rately, digital health data from both commercial and consumer-oriented devices will become more 
widely accepted and integrated within healthcare systems. Digital health is starting to change how 
existing data are collected and interpreted, making the process more user friendly and reducing costs.

Incorporating massive amounts of data into a physician’s clinical workflow is not an easy task. 
Systems that automate the process and help the provider interpret the information will become 
ever more valuable. As described in Chapters 2 and 3, radiology is at the forefront of this data-
driven revolution, in part thanks to advances in cognitive computing solutions that can scan 
through thousands of images faster than humans, and sometimes with better accuracy. Pathology 
is another field that could be transformed by digital technologies (see the sidebar Paving the Way 
for Digital Pathology), but there are substantial regulatory and infrastructure barriers that will have 
to be addressed before we see widespread adoption.

SIDEBAR:  PAVING THE WAY FOR DIGITAL PATHOLOGY
Mark Boguski, MD, PhD
Chief Medical Officer for Precision Medicine, Inspirata, Inc.

Pathologists have always provided and helped interpret the test results that their clini-
cal counterparts in clinical care rely upon to optimally manage their patients. So it’s not 
surprising that pathologists need to be at the forefront of data-driven medicine. The key 
question is, how to best achieve this?

“Approximately 500 clinical laboratory tests are currently in use,” says Mark Boguski, 
Chief Medical Officer for Precision Medicine at Inspirata, Inc. (Boguski 2017). Many of 
these tests have been in use for decades. However, some big leaps have occurred in 
specific areas, particularly cancer diagnosis.

One challenge is reproducibility. “We can measure all these different analytes on a 
single chip, but is the result reliable enough to trigger a serious clinical action?” he asks. 
For many of the newer tests, he says, “We are still in the proof of concept stage.”

Even genotyping, which is now extremely common, is still not being used to its maxi-
mum advantage. “I had myself genotyped and my own primary care doctor said ‘Great, 
but what should I do with that?’” Boguski says. In 2009, he pioneered an educational 
program that teaches pathology residents at hospitals about genomics. The doctors-in-
training were all genotyped and then learned about interpreting the results. The pro-
gram, which is now called Training Residents in Genomics, included experts in medical 
education, molecular pathology, and clinical genetics, who develop teaching tools, and 
promote genomic pathology education.

Now, Boguski is focused on Inspirata, which aims to bring pathology for cancer diag-
nosis into the digital age. Inspirata makes anatomic and molecular pathology workflows 
faster and more efficient, the company also facilitates whole slide imaging, image analyt-
ics, prognostic and predictive assays, remote consultations, and tumor boards—a process 
by which multiple experts access a particular malignancy.

“Pathology has been doing things the old fashioned way for a long time,” he says. 
“We carefully examine tissue and then painstakingly analyze it through a microscope.” 
But if those images were all digitized, pathologists and researchers could get a lot more 
use out of them and would herald the age of computational pathology.
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“It will relieve tedious aspects of routine pathologic diagnosis, lead to better repro-
ducibility and consistency, and allow us to apply new algorithms to exploit big data,” 
Boguski says. In some ways, the task ahead is daunting. “Any cancer center will be gen-
erating petabytes of data once they commit to the analog-to-digital shift in pathology,” 
he adds.

Boguski sees three key barriers to the dawn of digital pathology. The first is regulatory. 
The microscope, he points out, was “grandfathered” into the FDA approval process since 
it had already been around for so long. Digital imaging requires a separate approval 
process. But that barrier is already being broken, when Philips received FDA approval 
in April 2017 to market its IntelliSite Pathology Solution for diagnostic use. This is the 
first whole slide imaging (WSI) system to receive such clearance, and was approved via 
De Novo classification, a regulatory pathway for devices of a new type with low- to 
moderate-risk that are not substantially equivalent to an already legally marketed device 
(U.S. Food & Drug Administration 2017a).

A second barrier is cost. “It is already expensive to retrofit your lab,” he explains. “You 
need to get scanners and some other new equipment.” But likely, it will be a big com-
petitive advantage once a group has made that transition.

Finally, there is the age-old problem of change management. “People are not used to 
seeing millions of data points,” he says, “but new algorithms and software tools we’re 
developing will not only empower them, but also make them more efficient. Change will 
come once these advantages are experienced.”

As a result, he sees big changes coming to the field of pathology. “The software will 
be so good that most pathologists still won’t need to be techno-savvy,” he says. “But 
there will be tremendous opportunities, both in the clinic and in research, for those who 
are.”

Getting the right data, at the right time, for the right problem is the goal. For physicians 
and researchers, that will increasingly mean new software and other tools to help them analyze 
patient data, such as radiology images and lab results, using predictive and real-time analytics 
so that the information can have the greatest impact on patients. In the meantime, patients are 
adopting fitness trackers and other wearable technologies that generate incredible amounts of 
data at a rapid pace.

Digital Biomarkers: Wearables and Wireless for Tracking Patients
According to the NIH, a biomarker is “a characteristic that is objectively measured and evaluated 
as an indicator of normal biological processes, pathogenic processes, or pharmacologic responses 
to a therapeutic intervention” (Biomarkers Definitions Working Group 2001). Typical biomarkers 
include sex, gender, age, and lab results, such as a blood calcium level. With the rise of genomic 
testing, genetic variants and protein expression levels are also considered biomarkers. However, 
considering other types of data that can be indicators, but that fall outside of traditional thinking, 
it is more precise to use the term “digital biomarker” for “consumer-generated physiological and 
behavioral measures collected through connected digital tools that can be used to explain, influ-
ence and/or predict health-related outcomes” while excluding some types of patient-reported data, 
like those collected through surveys (Wang, Azad, and Rajan 2017).
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Digital biomarkers are what make the fourth “P” in 4P medicine possible (see the sidebar 
Applying Systems Medicine to Wellness and Disease) and are changing disease management in the 
process. They enable patients to be more participatory in their healthcare and in clinical research 
by collecting information that can be used in much the same way as traditional biomarkers. For 
example, Novartis has suggested adding remote patient monitoring of vital signs (e.g., weight) 
for patients taking certain heart medications, potentially allowing doctors to monitor more com-
pletely whether a medication is working or not, and giving them a chance to intervene before more 
serious complications arise (Roland 2015). And several digital health companies have entered the 
diabetes space, with smartphone-based apps that provide coaching as well as glucose monitoring 
(Baum 2017a; Comstock 2017a). A recently published study finds that adolescents, in particular, 
are receptive to mHealth interventions that monitor their disease control and inform treatment 
decisions (Kitsiou et al. 2017). Digital biomarkers face considerable barriers to be seen as useful 
by providers and payers for healthcare, but they can play a substantial role in a systems medicine 
approach to healthcare, as described by Leroy Hood.

SIDEBAR:  APPLYING SYSTEMS MEDICINE TO WELLNESS AND DISEASE
Leroy Hood, MD, PhD
President and Cofounder, Institute for Systems Biology

“What we need is a systems medicine way of thinking,” says Leroy Hood, President and 
Cofounder of the Institute for Systems Biology (Hood 2017). “You need the genome, the 
proteome, the transcriptome and more.” The genome, Hood points out, may be the blue-
print, but it is the proteins that execute functions in the body. Understanding the relationships 
between the genome and the proteome, and everything in between, is therefore crucial.

“I think the new medicine will be predictive, preventive, personalized and participa-
tory (P4 medicine). All of this depends on the applications and technologies of systems 
medicine and the explosion of big data and its analytics,” Hood says. P4 medicine 
leads to the realization that healthcare has two major thrusts—wellness and disease, he 
adds. His group has recently carried out a year-long experiment with 108 individuals to 
employ “dense, dynamic, personal data clouds to identify the actionable possibilities that 
allow individuals to either optimize their wellness or avoid disease.” They have termed 
this approach the quantification of “scientific wellness.”

He also believes there is a crucial need to bring an understanding of P4 medicine and 
scientific wellness to consumers. “Many physicians are conservative and reluctant to 
adopt new ideas,” he says. “It is patients, at least in part, who will need to drive the real 
change catalyzed by scientific wellness.” This trend is already evident in the quantified-
self movement. Some patients are using multiple digital gadgets to gather information 
about dozens of parameters. In many cases they don’t know when these gadgets should 
be talking them. Often, the patients are pushing their doctors to keep up with them.

In 10 years, Hood predicts, every patient will be surrounded by a virtual cloud of bil-
lions of data points. These will include molecular, clinical, and social network data, but 
also expand to predict things such as cellular interactions and even social networks. The 
key will be how to integrate all of these types of data into models that make predictions 
for each individual about how to optimize their health and wellness.

A key challenge is that there is an enormous signal-to-noise problem with big datasets. 
“You cannot solve that problem just by getting more data and using machine learning. 
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Data space in biology is infinite, hence one must employ biological domain expertise to 
deal with the noise and identify the probable regions of signal,” Hood says.

One dramatic example is the search for blood biomarkers. Millions of dollars have 
been spent on this search, but most of those biomarkers have never been successfully 
moved to clinical practice. About 95% are simply noise, and not relevant to diagnosis 
or treatment of disease. “I believe it will take a systems approach to find the ones that 
are relevant,” Hood says. “So we are pioneering at Integrated Diagnostics—a company I 
cofounded about 10 years ago, a systems strategy, to find useful markers.”

Integrated Diagnostics (Indi) developed the Xpresys Lung marker, which helps physi-
cians distinguish benign from neoplastic pulmonary lung nodules and thus avoid unnec-
essary surgeries that cost the healthcare system billions of dollars a year. This is a protein 
expression test using 13 blood biomarkers that can distinguish whether a nodule is malig-
nant or benign. “We looked at more than 350 potential blood markers to identify this set. 
This will not only help patients avoid unnecessary biopsies, which are painful and can 
have serious side effects, but will also help reduce healthcare costs by avoiding unneces-
sary tests and surgical treatments,” Hood says.

While this is just one small step forward, Hood is optimistic about the field. “I think 
proteomics will create the next wave of diagnostic and predictive tests,” he says. “There 
is still a lot of skepticism, but we are making real progress and I believe it will become a 
leading edge of diagnostic biomedicine.”

Rock Health, the digital health-focused venture firm mentioned earlier, developed a classifi-
cation system for digital biomarkers based on the novelty of both measurement and insight. For 
example, as described in a recent report, continuous blood pressure monitoring (a novel measure-
ment) could be used to predict the risk of a heart attack (a known insight) or to predict depression 
(a novel insight). Similarly, discrete blood pressure data (a known measurement) could be used to 
predict the risk of heart attack or predict depression (Wang, Azad, and Rajan 2017).

While much of today’s healthcare research focuses on the use of known measurements for 
both novel and known insights, digital biomarkers, which fall into the “novel” measurement 
category, are only just now beginning to be considered accurate or valuable enough to inform 
patient management or clinical research. For example, researchers at the University of Southern 
California are testing the use of wearable devices to fill in the time between provider visits for 
cancer patients in one study, part of the Cancer Moonshot program (Vuong 2016). Study co-lead 
researcher Peter Kuhn said in an interview for the University’s newspaper, “The more than 30,000 
minutes between visits are a missed opportunity. Technology can be leveraged to fill this gap and 
provide a comprehensive picture” (Vuong 2016).

Filling the data gap for clinical trials is just one of many problems digital biomarkers can solve. 
Another is improving the quality and utility of data collected for trials. For example, a study might 
currently have participants fill out a food diary, to keep a record of the quantity of food consumed 
daily. But this type of data can be prone to error from over- and underestimation. Instead of the food 
diary, researchers might find incorporating a smartphone app that takes a picture of a meal and cal-
culates the number of likely calories is more accurate. Alternatively, a wearable tracker like Healbe’s 
GoBe2, that measures calorie intake using an impedance sensor, could provide valuable data.

A team of researchers from the University of California Davis are testing the GoBe2 device 
over the next 5 years. Sara Schaefer, associate director of children’s health at the Foods for Health 
Institute at UC Davis told a reporter for the online news site MobiHealthNews, “We know it’s 
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actually a consumer device, not a scientific research device, so we are interested in using it to 
see how it could be applied to scientific research” (Mack 2017b). The accuracy of the data com-
ing from wearable devices is something that impedes their use in research and the clinic. But as 
Christine Lemke of Evidation Health told us, it may not be necessary to have the data for an indi-
vidual data point be accurate if it can reliably capture trends in the overall data.

California-based Evidation Health partners with academic researchers and healthcare compa-
nies to assess digital biomarkers for clinical research and development (Evidation Health 2017). 
They are unusual among digital health companies in that they actively publish and present their 
work at scientific conferences and in peer-reviewed journals. The company also works with stake-
holders across the healthcare industry, including pharma and payers.

Using a digital platform that aggregates users’ fitness activities, Evidation found users who were 
the most adherent to food tracking lost an additional 0.63% of their body weight over a 2-year period 
than those users who logged their food with low frequency (Pourzanjani, Quisel, and Foschini 2016). 
When the researchers looked at patient-level data, the results became even more impressive, with 
+2.74% body weight lost per month during the times patients consistently tracked their weight. The 
authors suggest adherence to exercise, weight, and food tracking could be leveraged for “large-scale, 
personalized intervention strategies” (Pourzanjani, Quisel, and Foschini 2016). In a study presented at 
the 2016 Neural Information Processing Systems meeting, Evidation researchers found that day-level 
activity and minute-level sleep data from fitness trackers improved the predictive performance of clas-
sification of patients with mental health or nervous system disorders (Quisel 2016).

Research such as the studies described above could have significant clinical importance in the 
future, if the system continues to improve its predictive abilities to identify patients who have 
chronic disorders with the addition of other digital biomarkers, such as heart rate or blood pressure, 
captured by activity trackers. For example, physicians could use this information to target interven-
tions, for example, counseling or medication, to patients when the composite data indicates they 
have become depressed or have developed sleep apnea. Even more useful would be if patients could 
upload their fitness and health tracker data into their electronic health record (EHR) that used a 
clinical decision support system: if the system alerts the doctor to a condition, they could reach out 
to the patient even before the patient might think there is a potential problem.

Evidation is also working with researchers at Harvard Medical School and Brigham and 
Women’s Hospital to develop a mobile app to improve patient adherence with blood pressure 
medication. The MediSAFE-BP trial will prospectively study more than 400 patients and evaluate 
the impact of the mobile app on blood pressure and medication adherence (Morawski et al. 2017). 
Studies like this are essential to demonstrate digital health devices and software have clinical util-
ity and are the first step in gathering the necessary data to support reimbursement from payers.

Previously, we noted that digital health devices have the potential to transform clinical trials, 
but uncertainties about their accuracy and off-target data contributing to statistical “noise” are 
significant limitations (see Chapter 2). Verily (previously Google Life Sciences) recently launched 
Study Watch, a smartwatch developed specifically for use in clinical trials that may address some 
of these concerns. With a simple user interface and long battery life, the device is meant to unob-
trusively collect a wide variety of physiological and environmental data that can be shared with 
researchers with minimal input from the user. Verily will be using the Study Watch in the Baseline 
Study, a 10,000-person observational study designed to capture data that can help researchers 
better understand the transition from a healthy state to disease (Mack 2017c; Reuters Editorial 
2017). In addition to the Baseline Study, Verily is using the Study Watch on the Personalized 
Parkinson’s Project with researchers in the Netherlands to track the symptoms of the disease 
(Donders Institute 2016).
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Furthermore, Apple continues to work with researchers with its ResearchKit and CareKit 
frameworks. These platforms offer developers an opportunity to create innovative mobile apps for 
the iPhone and Apple Watch that support both medical research and clinical studies (ResearchKit) 
as well as personal health (CareKit) (Apple 2017).

In the few years that ResearchKit has been available, researchers at major medical centers like 
the University of Rochester, Duke University, and Johns Hopkins University have created mobile 
apps for Parkinson’s disease, autism, and epilepsy, respectively. For Parkinson’s patients, an iPhone 
app can monitor disease progression in between twice-yearly doctor visits, giving the physician a 
more comprehensive look at how the patient is faring (Farr 2016). Other institutions are targeting 
postpartum depression, melanoma, diabetes, postsurgical care, and chronic disease management 
with ResearchKit and CareKit (Apple 2017). And by creating a standardized technological plat-
form, Apple can maintain some measure of interoperability between the apps and other aspects of 
the operating system.

Barriers for Digital Biomarkers
As noted in Chapter 8, patient recruitment for clinical trials is low. But patient participation in 
research studies for digital biomarkers isn’t likely to be similar. Companies, such as Transparency 
Life Sciences (TLS), help to increase patient engagement in clinical trials by incorporating their 
opinions in study design, so that pharma studies assess outcomes that matter to the patients. 
Clinical trials run by TLS use digital devices to capture patient information which is then shared 
with researchers in a HIPAA-compliant manner (Transparency Life Sciences 2017). According to 
a Rock Health survey about digital health adoption by consumers, the vast majority of respon-
dents indicated a willingness to share their data if it meant receiving better care from their pro-
vider and nearly 60% indicated they would be willing to contribute to medical research (Gandhi 
and Wang 2015). This is an improvement over the REMOTE study, a phase 4 trial of a drug for 
overactive bladder (Orri et al. 2014). In REMOTE, more than 5,000 patients registered via a 
website, but only 18 were randomized to treatment after satisfactorily passing medical screening 
and other inclusion criteria.

Interest in alternative recruitment methods continues to increase with awareness that tradi-
tional patient recruitment strategies may not be as effective for a growing, digitally savvy popula-
tion. Importantly, virtual recruitment methods aren’t constrained by geography and can lead to a 
more diverse study population. Apple’s ResearchKit (described in Chapter 1) is used by a variety 
of digital health companies to perform research studies using Apple products (Research Kit 2017). 
In 7 months, MyHeart Counts smartphone app recruited nearly 49,000 patients from all 50 U.S. 
states for a study about cardiovascular disease risk (McConnell et al. 2017). ResearchKit recruit-
ment has been valuable for rare disease research, too. Sarcoidosis is a rare, inflammatory disease 
that can affect multiple organs. Investigators from Penn Medicine launched a smartphone app 
using ResearchKit in January 2017. Within 2 months, more than 700 patients had downloaded 
the app and more than half were participating in the study (Research Kit 2017).

While digital biomarkers will have a growing impact on clinical research in the upcoming 
years, how patients and their doctors respond to the data may be of greater importance. Research 
from One Drop found patients who used their smartphone app lowered their A1c level, an impor-
tant measure of overall glucose control in patients with type 2 diabetes, nearly 0.7% during a 
usage period of 2–12 months (Dachis 2017). As mentioned previously, importing digital bio-
marker data into EHR systems could enable clinicians to tailor patient recommendations based 
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on the information. A patient with type 2 diabetes whose blood sugar isn’t under control might 
be counseled to increase their exercise and improve nutrition. If the patient is already doing those 
things and has uploaded their exercise and nutrition information for the provider to view, the doc-
tor might instead determine a change in medication dose is more appropriate.

However, until digital biomarkers can be easily merged with EHRs or other stakeholder’s data 
systems (e.g., payers’ claims data) and there are robust methods to interpret the data and thus, make 
reimbursement decisions, policy recommendations, or clinical decisions with the information, 
patients are the ones most likely to benefit from the consumer-oriented devices and smartphone apps.

Another barrier is likely to come from regulators as they will want to see comparisons between 
digital biomarkers and existing measurements. As the Rock Health report notes, “Before regula-
tory approval, the digital biomarker will need to be supported by evidence that demonstrates its 
specificity, sensitivity, and positive and negative predictive values.” Comparisons to existing stan-
dards will be needed, but Rock Health cautions that the current “gold standard” may not be an 
appropriate comparison for digital biomarkers (Wang, Azad, and Rajan 2017).

This last point will be a difficult one to overcome for digital biomarkers, despite evidence that 
“gold standard” tests for some conditions have low positive predictive values and are marked by 
variability in performance. An anecdote relayed by David Shaywitz, Chief Medical Officer of 
DNAnexus, highlights in a Forbes blog post the difficulty a molecular diagnostics company had 
with a new genetic test for thyroid nodules (Shaywitz 2014).

Thyroid nodules are fairly common, but the vast majority are benign. However, to rule out 
malignancy, the American Thyroid Association recommends fine needle aspiration (FNA) of the 
nodule; however, there are several known limitations, including substantial variability between 
clinicians for nodules classified as “indeterminate” or ambiguous, the potential that the biopsy 
may miss the area with cancer, and the inability to collect enough cells for analysis (Zhang and 
Lin 2016). This was the problem the new test sought to address: reducing the number of repeat 
biopsies from ambiguous lesions.

Shaywitz writes, “While the performance characteristics of the new diagnostic test were closely 
scrutinized, as you’d expect (and hope), the so-called gold standard in the field against which they 
were compared turned out to be anything but” (Shaywitz 2014).

As technology continues to improve, many newly developed tests are likely to face the challenge 
of being compared to an older, less accurate test that’s considered the “gold standard.” However, 
digital biomarkers, particularly those which are derived from consumer-oriented devices, are likely to 
face the most difficulty, given their perception as nonclinically relevant. Furthermore, unlike many 
diagnostics that can obtain FDA clearance though the 510(k) pathway by demonstrating a new 
test is essentially equivalent to an existing one on the market, digital biomarker devices are likely to 
require individual approval due to inconsistencies between devices (Cadmus-Bertram et al. 2017), 
even in the same category (like wrist-worn fitness trackers) (Wang, Azad, and Rajan 2017). Thus, 
devices that capture digital biomarkers and digital health apps would be wise to consider early in 
their development process what type of evidence would demonstrate the usefulness of their product.

The need for companies to consider the utility of their biomarker-based product is not 
unlike the situation for developers of in vitro diagnostics (IVDs). As I described in my book, 
Commercializing Novel IVDs: A Comprehensive Manual for Success, health technology assessments 
are an essential component for manufacturers seeking positive payer coverage decisions (Glorikian 
2017). From the beginning stages of design ideation, it’s important that IVD developers consider 
how clinical trials will need to be structured to provide necessary analytical and clinical validity 
and clinical utility data. This type of evidence is exactly what digital health companies should be 
thinking about for their products.
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Commerce: Putting the Data Together to Enable Business
Over the past several years, numerous entrepreneurs have formed start-ups that focus on aggregat-
ing data in a way that facilitates the commercial aspects of healthcare in this data-driven reality. 
For example, Healthcare Bluebook and PokitDok, described in Chapter 2, were created to pro-
vide price and quality information to consumers and employers so that they could make better-
informed decisions about where to obtain healthcare services. Incorporating patient-contributed 
data to these and similar websites/mobile platforms, including ZocDoc and HealthGrades, will 
further refine their data and increase its utility.

According to Paul Sonnier, who tracks this field, social media is a key component to digital 
health and is essential to engaging the patient in healthcare behavior (Sonnier 2017). A recent 
report from the Manhattan Institute, a think tank focused on market forces in a variety of public 
and private sectors like healthcare and education, found reviews posted on Yelp correlated with 
objective quality measurements for New York State hospitals. Generally, hospitals with good Yelp 
reviews were found to have fewer preventable readmissions. The report’s authors make recom-
mendations for the continued use of crowdsourcing or “hackathons” to find additional ways social 
media patient reviews/scores could be used for non-English speaking or vulnerable populations.

Incorporating social media reviews into existing price/quality databases may be technically 
challenging or involve complex partnerships, particularly when a mix of for-profit and not-for-
profit entities are involved. Ultimately though, doing so would be beneficial to the consumer/
patient. Collaborations between diverse companies will depend on their willingness to share data 
and the interoperability of their systems to do so.

Most connected devices, particularly those targeted at the consumer market like fitness 
trackers, are typically out-of-pocket expenses. A key deficit in the digital health market is getting 
buy-in from payers for reimbursement. Emerging evidence suggests they can have real impacts 
on users’ healthcare-related outcomes, including weight loss (Pourzanjani, Quisel, and Foschini 
2016) and medication adherence (Propeller Health 2016; Smits 2016). There have also been sev-
eral widely publicized cases of a fitness tracker alerting the user to dangerous heart rate anomalies 
(see Chapter 2). But aside from case reports and company white papers, gathering the pertinent 
data and performing the necessary analysis to demonstrate the impact on patient outcomes has 
been lacking in the past and remains a barrier for reimbursement.

So far, few digital health start-ups are presenting evidence for their products. One Drop offers 
a subscription-based service for patients with type 2 diabetes to help them manage their glucose 
levels using mobile apps and a connected glucose monitor. They presented data at a recent confer-
ence on improved glucose control of patients using their system (Dachis 2017). But most digital 
health companies aren’t following in Evidation’s and One Drop’s footsteps with publishing their 
data. This is a necessary step for companies desiring positive coverage determination and reim-
bursement from insurers.

Insurers are also exploring the use of digital health. Aetna has taken the lead by subsidizing 
the cost of Apple Watches for some of its insured members. In addition, the insurance giant will 
be developing apps that help members with medication use and insurance planning (King 2016). 
Presumably, the data collected through the apps will allow Aetna to better target members with 
products that will help keep them healthy.

Digital health commerce also relies on the literal bringing together of data. In fact, data inter
operability and import/export capabilities are essential to making digital health ventures successful. 
As with banking, security is also a critical component to healthcare data sharing. Several compa-
nies, such as Rosetta Health, have formed to help companies and medical centers navigate this 
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challenge. Rosetta is an organization that offers cloud-based IT solutions that help connect every 
part of the healthcare continuum, to provide a seamless transition for all healthcare data while 
keeping patients’ data secure. This is a tall order, in a field that puts such a priority on privacy and 
has many proprietary data sources as healthcare, so Rosetta worked with the Office of the National 
Coordinator to ensure their products met legislated and industry standards (Rosetta Health 2017).

Key issues, specifically for digital biomarkers, but more generally for both healthcare and IT, 
are getting the systems to talk to each other and breaking down existing data silos (Wang, Azad, 
and Rajan 2017). Existing data infrastructure is designed with each end user and data type in 
mind, with no regard for how other stakeholders might value this information.

For example, payers focus on claims data, while providers use clinical data such as lab results 
and imaging, and pharmaceutical companies are interested in data from clinical trials. Separate 
from each of those is the growing digital footprint of consumers, something that could be valuable 
for all stakeholders. How to make these diverse data types interoperable is an ongoing challenge 
in the absence of cross-system data standards. According to Buff Colchagoff, CEO of Rosetta 
Health, many digital health start-ups fail because of data issues (HIT Consultant 2017). If the 
data from a start-up’s mobile app can’t integrate with the existing software its customers use, it’s 
unlikely the start-up will be very successful, unless it has sufficient financial backing to maintain 
solvency while it works to solve the data problem.

Even large, well-established organizations can find themselves with data interoperability problems. 
MD Anderson Cancer Center, in Texas, recently made headlines for its announcement that it was 
stopping a highly publicized program to bring IBM Watson technology to the center (Herper 2017a). 
During the development of the Watson project, MD Anderson switched to a new EHR system. An 
audit of the project found “the Watson product doesn’t work with the new Epic system, and must be 
revamped in order to be re-tested” (Herper 2017b). As we’ll describe below, blockchain technology, 
the technology underlying Bitcoin currency, may solve some of the data interoperability and IT issues 
in healthcare (see the section Blockchain: Straddling the Gap between Commerce and Connectivity).

AI and Cognitive Computing: Generating 
Novel Insights through Analytics
Although consumers are becoming more comfortable with the idea of AI delivering healthcare 
information to them on demand (when they perceive a benefit), it’s unclear if they will respond as 
positively when the technology identifies them as high risk for a disease like diabetes and suggests 
a weight-loss regimen or dietary changes. And patients aren’t the only ones that may find them-
selves at odds with the new technology.

Artificial intelligence (AI) and cognitive computing are technical terms now being used to 
describe a wide variety of software and methods for analyzing complex data. Kris Hammond, a 
professor of Computer Science at Northwestern University and cofounder and Chief Scientist at 
Narrative Science, notes that even people working in the field argue about what AI is and what it 
is not (Hammond 2016).

According to the Turing Archive for the History of Computing, AI is “the science of making 
computers do things that require intelligence when done by humans” and has focused on five 
main aspects of intelligence: “learning, reasoning, problem-solving, perception, and language-
understanding” (Copeland 2000). So while AI has long been the stuff of science fiction, the reality 
is that using this broad definition, the technology takes many forms and is already starting to be 
used in diverse applications like Netflix recommendations, Amazon’s Alexa, and Google Photos 
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(Evans 2017). Taken to its fullest capabilities, we define AI as control over other computers without 
any intervention or action by humans. Cognitive computing, deep learning, are components of, 
but not always synonymous with, AI.

Cognitive computing, which is how IBM describes its Watson solution, is probably most 
aligned to what the general public thinks of as AI. But according to VDC Research analyst Steve 
Hoffenberg, cognitive computing and AI differ in how they would approach a task, such as sift-
ing through medical records and published data to determine the best therapy. “In an artificial 
intelligence system, the system would have told the doctor which course of action to take based on 
its analysis. In cognitive computing, the system provides information to help the doctor decide” 
(Evans 2017). In this book, cognitive computing describes techniques that require some level of 
human input and is not prescriptive in its output, meaning the result of a problem approached 
with cognitive computing methods would be suggestive and not definitive.

Together with others in the field, Kris Hammond developed a “Periodic Table of AI” that 
identifies the technologies that fall under this broad “AI” definition. From top-to-bottom and left-
to-right in the table, the technologies become more complex, ending at “control,” defined as “The 
intelligent control of other machines that doesn’t require any manipulation or action in the physi-
cal world (e.g., automated trading).” But other technologies included in the Periodic Table of AI 
are less complex and include speech and facial recognition, decision making, and text extraction, 
which rely on machine learning to identify patterns (Hammond 2016).

As Hammond and others have noted, what specifically constitutes AI is still debatable 
(Hammond 2016; Shaywitz 2017) and some have argued that the term is now virtually meaning-
less (Bogost 2017). As a result, AI’s relative success or failure, to date and in the future, is thus 
based upon what is included in its definition.

Standardizing Clinical Guidelines
Clinical guidelines are typically a blend of both scientific evidence and expert opinion. Consequently, 
there’s potential for guidelines to be inherently biased (Huston 2017). The discrepancy between the 
evidence-based guidelines of the United States Preventive Services Task Force (USPSTF) and the 
practices of gynecologists and internal medicine doctors for screening mammography for breast can-
cer is a case in point. Although the USPSTF recommends mammography beginning at age 50, the 
majority of providers in a recent survey screened patients at age 40 (Corbelli et al. 2014).

As clinical decision support systems become more sophisticated, incorporating AI and cogni-
tive computing technologies, they will be able to make finer distinctions among diagnoses and 
treatment plans for patients. Here, the difference between AI and cognitive computing, at least as 
defined by Steve Hoffenberg, would be noticeable: a cognitive computing decision support system 
would provide the physician with the evidence supporting mammography at age 50 and reference 
the guidelines. An AI decision support system might not allow a physician to enter the orders for a 
mammogram that fall outside of the recommended guidelines without being overridden.

Identifying differences in potential patient management between providers and AI-derived 
decisions has the potential to improve patient outcomes and contribute to value-based care. For 
example, a provider is likely to base a patient’s risk for cardiovascular events according to mul-
tiple risk factors. In fact, patient management guidelines developed by the American College of 
Cardiology (ACC)/American Heart Association (AHA) take into account eight risk factors, like 
smoking or having diabetes, when determining a patient’s risk for having a cardiovascular event 
in the next 10 years.
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A test of four different machine learning algorithms (random forest, logistic regression, gradi-
ent boosting, and neural networks) compared to the ACC/AHA guidelines found the compu-
tational strategies better predicted cardiovascular events with fewer false positives. Of note, the 
algorithms included severe mental illness and taking oral corticosteroids as risk factors, but not 
diabetes, which is included in the ACC/AHA guidelines (Huston 2017). Confirming additional 
risk factors could lead to a change in the existing guidelines that could save patient lives by iden-
tifying who is likely to develop a cardiovascular event.

Some companies are betting that making AI/cognitive computing systems seem more personal 
or human can make it easier for patients to share personal information or follow their provider’s 
instructions. Following a hospitalization, having patients adhere to medication or other regimens 
can keep readmission rates down. Sensely, a healthcare technology company, has developed an AI 
virtual nurse, “Molly,” that providers can customize to give patients recommendations for a vari-
ety of chronic conditions like diabetes and congestive heart failure (Sensely 2017). The company 
has developed a platform that follows patients from hospital discharge through the convalescence 
period, sending clinicians alerts if the patient’s risk of readmission or other adverse event increases 
or fails to decrease over time. The provider can then connect with the patient via telemedicine 
(video calls) or by having them come to the office for an unscheduled visit (Sensely 2017).

AI/cognitive computing can also be used where a large amount of data needs to be analyzed 
to obtain a composite score and make recommendations. EnsoData, a digital health company, 
received FDA clearance for its EnsoSleep sleep analysis software. Using advanced analytics, 
EnsoSleep interprets sleep data with algorithms, automatically scoring data from sleep monitoring 
devices. With this software, clinicians who study sleep disorders can perform sleep studies more 
efficiently, decreasing the amount of time needed to interpret patient results, ultimately leading to 
lower costs and a better patient experience (Mack 2017a).

Although we’ve described several examples of AI/cognitive computing being used in health-
care today, there are some who feel the technology hasn’t quite reached prime time (Shaywitz 
2017). This may be a fair assessment, if you define AI very narrowly. And some analysts have 
suggested the evidence is lacking to show that AI/cognitive computing solutions can perform 
better than humans at certain tasks, like assessing radiology images (Mack 2017a). In addition, 
some of the applications straddle the line between research and clinical, something noted in 
our interview with Keith Elliston in Chapter 2, which challenges us (and others) to consistently 
identify solutions that have a clinical focus but may be currently implemented as research or pilot 
clinical studies.

Regardless of how AI and cognitive computing are defined, there is no doubt that the technol-
ogy is attracting interest from diverse stakeholders for a widely variety of healthcare problems. 
There is clearly room for growth in the field which can serve to improve the quality of applications 
through competition. The FDA recently announced that it is creating a digital health unit that 
may help to clarify and address some of the challenges facing these technologies.

Blockchain: Straddling the Gap between 
Commerce and Connectivity
One of the key challenges in digitizing healthcare is linking together data from disparate sources. 
Blockchain is an encryption method that the healthcare industry is starting to embrace. It’s an 
electronic database, but with special features that make it very secure and ideal for data-sharing 
situations (Crowe 2016). That’s key for healthcare, which suffers from interoperability woes and a 
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lack of data sharing. As Micah Winkelspecht, founder and CEO of blockchain start-up Gem, has 
said of patient medical records, “There is a major push toward a patient-centric focus in healthcare, 
yet your data is stored all over the place in kind of a Frankenstein concoction of records with very 
little interoperability of file formats between systems” (Raths 2016).

In the financial industry, blockchain technology supports Bitcoin, a type of “cryptocurrency,” 
and is expected to dramatically change the way and how quickly financial transactions can be 
settled, leading to significant cost savings and reduced employee requirements (Crowe 2016). But 
blockchain is not the same thing as Bitcoin—it might be easier to think of blockchain as Bitcoin’s 
“operating system.” Just as an operating system lets a computer do different tasks, blockchain can 
be used for more than just financial transactions like Bitcoin.

As described above, blockchain is like an electronic database that is “distributed and immu-
table” (Das 2017). This means that each record is written only once and then becomes read-only, 
ensuring that the interaction can’t be edited or deleted. Consider a hospital’s EHR system. It is 
also a database (or likely many databases) that contains patient-identifying information, insurance 
and claims data, laboratory results, and provider notes from patient encounters. A single patient’s 
record needs to be accessed by a variety of individuals, each of whom might add something to the 
record. Each time someone accesses the record, there’s opportunity for something to go wrong or 
for misuse, so hospitals limit who has access (and what they can access) to EHR systems.

In a blockchain system, each time someone interacts with the EHR, a permanent record is 
made of that information and it builds on the previous interaction (creating a “chain”). Because 
each interaction is linked to the one before it, the system is very secure and there’s a measure of 
transparency to the process. Each interaction is recorded and because the data are spread out over 
all of the records in the chain, it takes a concerted effort (and a lot of computational resources) by 
a large percentage of users (~1/3) to hack the system (Lin 2017).

So how can blockchain transform healthcare? The opportunities touch on nearly every aspect 
of the field: EHRs can be made more secure, genomic data can be kept private, claims and billing 
can be made more efficient (Lin 2017). With so much potential, it’s unsurprising that the federal 
government is looking at ways blockchain can be used for healthcare. A 2016 competition by 
the Department of Health and Human Services’ Office of the National Coordinator for Health 
Information Technology yielded 15 winning entries and many more submissions on this topic 
(CCC Innovation Center 2017). A few of the proposed applications for sharing medical records, 
improving the medical claims process, making population health research less expensive and more 
efficient, and reducing healthcare fraud are described below.

Some of the entries described blockchain frameworks or solutions to interoperability prob-
lems and data-sharing issues between EHRs and other systems. Here, barriers to data-sharing 
could be reduced and patients could have any and all interactions with healthcare providers 
chronologically tracked in a single, but widely distributed, database (Brodersen 2016; Conn 
2016; Shrier 2016). Importantly, while the overall database might contain all of a patient’s data, 
access to particular components could be assigned as needed. Brodersen and colleagues described 
a situation where a patient might want to keep the information from a visit with a specialist 
withheld from their primary physician, even though the patient and both providers are all on the 
same chain (Brodersen 2016).

The implications of a blockchain system enabling such a system are profound, but not novel. In 
2008, Google launched Google Health, a central repository for patients’ health information (Rao 
2011). Prescriptions, family and personal medical histories, and medical records could be uploaded 
to the platform, giving each person complete control over (at least some of) their health informa-
tion and allowing them to share the data with providers. In today’s increasingly patient-centric 
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environment, this type of data access and control is desired by many, but in 2012, Google closed 
down Google Health, citing an inability to “translate that limited usage into widespread adoption 
in the daily health routines of millions of people” (Google 2011).

The current fractured healthcare system means most patients are likely to have multiple EHRs 
with limited data-sharing between them. Blockchain solutions could enable a universal, single 
record for every patient. New providers could be added to the chain when a person moved or 
changed providers and existing data access permissions for old providers could be removed. This 
type of system wouldn’t replace existing EHRs, but could work with them to “enable seamless 
access to historic and real-time patient data” (Das 2017).

In related submissions, multiple researchers proposed blockchain solutions to enable clini-
cal research (Ekblaw 2016; Linn 2016). Though replete with clinical data, using EHRs to per-
form clinical research is difficult, in part because of their inability to “manage multi-institutional, 
life time medical records” (Ekblaw 2016). As with the white papers from Brodersen and Shrier, 
researchers see blockchain as a way to address current system interoperability problems (Ekblaw 
2016; Linn 2016). These proposed solutions could be used for population health research by con-
necting patients to health data from all provider encounters, even across multiple health systems, 
even adding data from fitness trackers and other patient-generated health data. The researchers 
envision the systems reducing the resources (i.e., time, financial, human) needed to recruit large 
populations for long-term clinical and observational studies (Ekblaw 2016; Linn 2016).

Other entries to the competition involved the use of blockchain to minimize security problems 
and fraud (Brodersen 2016; Culver 2016; Shrier 2016). It’s been estimated that healthcare fraud 
costs the United States between $68 billion and $230 billion annually (Blue Cross Blue Shield of 
Michigan 2017). One way to reduce healthcare fraud is to ensure patient identification is accurate. 
By setting up a trusted identification method, like a PIN (personal identification number) that is 
required every time a healthcare “transaction” takes place, it “adds to the chain as a form of con-
tinuous identity authentication” (Brodersen 2016) and improves data integrity (Krawiec 2016). 
Different encryption infrastructures may further improve the security of blockchain technology 
(Shrier 2016). Here, the financial industry’s experience with blockchain security might provide 
valuable insights for the healthcare field.

The claims process is fundamentally at the center of healthcare transactions, connecting pro-
viders, health plans, the government and others with the healthcare system (Culver 2016; Yip 
2016). But this process is notoriously slow, and patients and providers alike express frustration 
and mistrust over the speed and accuracy at which claims are processed (Culver 2016). Using 
blockchain, Culver envisions a process that could adjudicate claims in near real time, as patient 
eligibility information, pertinent health data, and payer requirements could be placed on the same 
chain (Culver 2016). This is analogous to using blockchain technologies in the financial sector to 
speed up transactions (Stafford 2016). As with this application for financial purposes, in addition 
to the stated purpose of improving the accuracy and efficiency of the claims process, blockchain 
systems could reduce potential fraud and misuse.

Blockchain technology presents tremendous opportunity for existing tech companies and for 
start-ups alike. PokitDok created a blockchain platform (DokChain) for its customers. PokitDok 
CEO Ted Tanner said, “Telehealth could be the killer app on blockchain” (Conn 2016). Technology 
companies are using their prowess to move into the healthcare space. IBM Watson is working with 
the FDA to explore ways in which blockchain can be used to share healthcare data from a variety 
of sources, from EHRs and genomic data to real-world evidence collected by wearable devices to 
support public health research (Mearian 2017). Alphabet’s (formerly Google) DeepMind group 
will use technology such as blockchain to build “Verifiable Data Audit,” a tool that will enable 
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medical centers to see exactly who accesses healthcare records and for what purpose (Condliffe 
2017). With pilot programs ongoing in England, the company hopes to find ways to deal with 
the problem of fragmented medical records, a goal that will demonstrate DeepMind’s ability to 
securely aggregate data across multiple databases and structures (Condliffe 2017).

Start-ups Gem and Hashed Health are among the growing number of emerging companies 
focusing on the application of blockchain for healthcare. California-based Gem initially focused 
on developing an application program interface for Bitcoin, but turned its attention on healthcare 
in 2016 with a proof-of-concept project with Capital One for claims management and is now 
partnering with Philips Blockchain Lab (Raths 2016; Das 2017). The company closed more than 
$7 million in Series A funding in 2016 (Business Wire 2016b). Nashville start-up Hashed Health 
raised $1.8 million in funding for its technology consortium to explore blockchain-based health-
care projects (Pennic 2017).

Despite the enormous potential for blockchain technology to transform both the commer-
cial aspects of healthcare and how patients, providers, payers, and others interact with increasing 
amounts of health data, there are notable limitations that remain. Regulatory and legal barriers, 
such as mandatory reporting and HIPAA compliance, are among these challenges (Brodersen 
2016; Krawiec 2016). Potential scalability issues affect computational requirements and speed, 
and maintaining security of the technological infrastructure is no small matter (Brodersen 2016; 
Krawiec 2016; Linn 2016). Furthermore, the costs associated with implementing blockchain may 
be substantial and without incentives from the NIH or clear financial benefits to do so, participa-
tion may be lacking or slow to start (Krawiec 2016).

Digital Healthcare of Tomorrow
So, what do we anticipate will happen in the next several years? How do we see digital health 
evolving?

As AI continues to mature, expect more healthcare uses to pop up. Initially, there will likely 
be many AI failures, but once AI processes are optimized and costs decline, innovation will fol-
low (Hosanagar and Saxena 2017). Jeroen Tas of Philips thinks AI will eventually save patient 
lives (Tas 2017). We’re on the cusp of this now with oncology-focused uses of IBM Watson and 
Alphabet’s DeepMind, but the potential of this technology extends far beyond saving individual 
cancer patients.

Wearable technology and the data it generates will integrate with EHR systems easily, giving 
providers a more comprehensive look at how their patient is doing 365 days a year, not just when 
they are in the office. AI and cognitive computing algorithms will use this and other health data 
to alert doctors when a patient is at risk for developing a disease and recommendations for patient 
management will be based on these data.

Digital health solutions will augment and replace traditional pharmaceuticals, such as online 
clinic Virta’s goal to use telemedicine, texting, AI, and connected devices to reduce type 2 diabetes 
(Sweeney 2017b). Companies such as Propeller Health are already inking deals with pharma, but 
expect to see more of this as payers and providers find value in digital health solutions and begin 
to pay for them (Farr 2017b).

Patient participation in clinical trials and medical research will increase because wearable 
devices and virtual visits can reduce the need to go into an office frequently. Clinical trials will 
be more likely to go to completion and after-market launch serious problems will be reduced, as 
patient eligibility will depend on molecular and digital data (Satell 2017). How trials are structured 
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will change as the current “gold standard” of randomized controlled trials are pushed aside for 
newer study designs that take into account patient-generated data and real world evidence (Wang, 
Azad, and Rajan 2017).

Blockchain and similar technologies will facilitate data-sharing, improve interoperability, and 
maintain privacy and security for health and financial data. Patients will find their EHRs can fol-
low them when they move between health systems, across the country or just across town.

As in every other aspect of our lives, digital technologies are becoming much more common 
in healthcare. Will they revolutionize the field? The question is open. Some see great potential for 
these technologies, broadly; others see them as having very specific uses, such as helping patients 
with serious chronic diseases avoid hospitalizations, or keeping track of medical appointments. In 
healthcare, a key issue with digital technologies is often patient engagement. If the patient isn’t 
responsive, no amount of beeps or alerts will help. People tire of online games fairly quickly; it’s 
not surprising if they tire of healthcare gadgets too. Still, the momentum of this field is unques-
tionable, and many new opportunities for breakthroughs and new businesses are likely.
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Conclusion: 
The Next-Generation 
Healthcare Landscape

The new healthcare business paradigm is to measure → optimize → transform.

Harry Glorikian and Malorye Allison Branca

Before Michael Lewis published Moneyball, the idea that analyzing massive amounts of data could 
help pick a better baseball team than the wisdom of experts seemed laughable. Well, until the 
2002 Oakland Athletics (A’s) did just that and finished in first place in the American League West 
division after winning a startling 20 consecutive games (Bahr 2015). Notably, the A’s success came 
while the owners spent a fraction of the amount on team salaries as their competitors, fielding 
more “no-name” free agents after they lost some big stars (Lewis 2004).

We’re now seeing the same basic idea Lewis described (use data and statistical analysis to get 
higher value results) applied to diverse industries, from employment to sales, even agriculture 
(Horowitz 2013).

With healthcare costs spiraling out of control, the healthcare industry is beginning to take 
advantage of Moneyball techniques, too. Global trends, such as the growing epidemic of chronic 
diseases, a demographic shift to an older population, and increasing life expectancies are just some 
of the drivers behind the increased costs and demand for healthcare services.

Additionally, in the United States, the healthcare insurance market has undergone dramatic 
transformation in the past decade. The Affordable Care Act (ACA) increased the number of 
patients with health insurance and specified essential coverage (at least temporarily), further grow-
ing demand for healthcare services. A majority of the population has seen their healthcare plans 
evolve to become high-deductible plans, shifting even more of the financial burden of care onto 
the patient. That seems like a trend that will continue. This has all occurred in an opaque sys-
tem, where patients struggle to understand their health insurance plans and can’t consistently (or 
adequately) shop for healthcare at the lowest cost and highest quality.

Meanwhile, providers and health systems are under pressure to improve patient outcomes, all 
while reducing costs, serving a greater number of patients, and integrating growing amounts of data 
into clinical practice. Pharmaceutical companies are finding traditional processes of drug develop-
ment, clinical trials, and sales/marketing have to change in today’s increasingly more price-sensitive 
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market. And entrepreneurs are developing potentially disruptive innovative, consumer-facing 
devices, but can be stymied by a lack of reimbursement by payers and slow uptake by providers.

This environment is where Moneyball Medicine can, and is starting to, make a difference. From 
payers to providers to patients, pharmaceutical companies to tech start-ups, we’ve attempted to 
highlight current challenges facing these stakeholders, present some ways Moneyball Medicine can 
help, point to ways entrepreneurs are turning these challenges into opportunities, and describe how 
roles may change in this evolving landscape.

In Chapter 6, we described how data are enabling price and quality comparisons for providers, 
hospitals, and even lab tests, drugs, and medical devices. The federal government was a key player in 
early efforts to release this type of data, which caused journalists and healthcare analysts to call out 
startling cost differences between hospitals, even in the same cities. In addition to the government, a 
growing cadre of entrepreneurs have been developing unique programs and software to make shop-
ping for healthcare easier for patients and for employers that offer insurance plans to their employees.

As we noted previously, patients will often conflate price with quality. Though it can be dif-
ficult to quantify “quality,” the federal government and physicians’ societies have been attempting 
to do that through a variety of quality improvement programs and rating systems. Websites that 
bring both metrics together can, and should, do more to highlight high-value providers and hospi-
tals. Bringing price and quality transparency to lab tests, drugs, and medical devices will undoubt-
edly be just as challenging, since manufacturers strike individual contracts with medical centers 
and labs, similar to the way doctors do with hospitals, and those data are rarely made publicly 
available. Resistance also comes from hospitals and providers, unwilling to publicize the contracts 
they have negotiated with payers and who challenge the feasibility of giving patients upfront pric-
ing.  But maintaining secrecy around price and quality for these items will reach a point where it 
is no longer a competitive advantage to do so.

Value is a difficult concept for people to understand, particularly when it comes to healthcare. 
If you were to ask someone to compare the value of one car to that of another, the individual would 
probably consider the purchase prices of the cars, the annual fuel costs and other costs of owner-
ship over a period of time, and the expected lifetimes of the vehicles. If two vehicles had the same 
purchase price and expected lifetimes, but one had an annual cost of ownership that was double 
that of the other, it would be easy to say which car is a better value.

But ascribing value to healthcare services and products isn’t as simple. What if you didn’t 
even need the service that was recommended? Should you pay many times more for service from 
a hospital that is “highly rated,” if you don’t understand the rating systems? What if the hospital 
is “highly rated,” but also has high rates of errors or hospital-acquired infections? These types 
of questions have made moving from a “fee-for-service” payment model to one based on value 
incredibly challenging. You can’t just choose healthcare based on the lowest cost and highest qual-
ity measurements. Quality measurements are currently just beginning to be used, and are highly 
contested. Patient outcomes are rarely quantified, let alone taken into account.

Still, data and innovative thinking can lead to better processes, as other industries have dem-
onstrated. The Toyota Production System, used by the auto maker to standardize processes and 
increase efficiency, is one model (Toyota 2017). We presented such an example in Chapter 7, 
describing how Mayo Clinic was able to eliminate the need for repeat breast cancer surgeries 
approximately 96% of the time by pausing in the middle of the operation to wait for pathology 
results before finishing the surgery (Boughey et al. 2014). Though the additional time in the OR 
can make for a more slightly more expensive upfront surgery, there is tremendous value to the 
patient (less likely to need a repeat surgery days or weeks later) and to the hospital (able to see a 
greater number of patients for primary surgery because there are fewer repeat ones).
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Patient outcomes can be an integral part of determining when procedures or treatments are 
unnecessary. A recent study (Siemieniuk et al. 2017) found that the world’s most common ortho-
pedic procedure (knee arthroscopy, sometimes referred to as “keyhole” surgery) “is frequently a 
waste of time and money and should almost never be performed on patients with degenerative 
knee disease” (Ross 2017). Performed more than 2 million times each year, the study’s lead author 
said “Clinical trials have shown that keyhole surgery doesn’t help people suffering from arthritis 
of the knees any more than mild painkillers, physical therapy or weight loss” (Thompson 2017).

Not many payers, or patients for that matter, will want to pay thousands of dollars for a painful 
surgery that has been deemed ineffective. But how many patients would second-guess a doctor who 
prescribed such surgery? Even assuming patients can effectively shop for the best quality surgeon at 
the least expensive cost for keyhole surgery, it wouldn’t be value-based if it was unnecessary in the first 
place, and the same end result could have been obtained with nonsurgical methods. More such studies 
are likely to come out spurring more data collection and more pushback against waste, inefficiency, 
and high prices. But the business case can be made for value-based care and its emphasis on measur-
able patient outcomes. In addition to avoiding penalties from failing to meet federal quality metrics, 
health systems that take the initiative in these early stages of transition may find financial benefit and 
the increased market share from innovative programs, such as Geisinger’s money-back guarantee. 
After all, if Geisinger can confidently offer patients such a program, why can’t other health systems?

Moving to a value-based care model has meant hospitals and providers are looking more 
closely at preventive care—how can they do something now for a patient that will keep the patient 
healthier in the long run? This means better communication and collaboration between primary 
care providers and specialists and new organizational structures such as integrated delivery net-
works and accountable care organizations. It can also mean developing unusual alliances between 
health systems and other groups or considering non-medical interventions. Some physicians are 
even promoting the idea of “prescribing” subsidized housing or vegetables for certain patients with 
chronic conditions (Brody 2014; Moses and Davis 2015).

Hospitals are doing more analysis of their clinical workflows and providers, using these data to help 
them restructure departments, reduce errors, and become more efficient. In Chapter 7, we described 
how Virginia Mason restructured their spine clinic with the result that patients can be seen and a 
multidisciplinary care team can begin treatment the same day the patient calls for an appointment. 
One consequence of this patient-centered clinic? The hospital can see more patients yearly with the 
same physician staffing and space constraints because efficiency has increased (Porter and Lee 2013).

The practice of medicine has long been individualized, as doctors treat patients based on their 
own knowledge and experiences. Clinical guidelines developed largely by physician organiza-
tions or government entities have attempted to standardize some practices, with varying degrees 
of success. But hospitals and medical practices are beginning to act more like businesses in other 
industries by using self-measurement to continually optimize their processes. We’ve described it 
as the “Six Sigma moment” of healthcare, in reference to the Six Sigma technique. Programs such 
as the National Surgical Quality Improvement Program (NSQIP) and similar specialty-specific 
programs, described in earlier chapters, are one way of getting hospitals to collect data for quality 
improvement and to identify providers who aren’t performing adequately. Here, robust IT infra-
structure will give health systems an edge, since those systems will have the ability to collect the 
necessary data to determine what programs reduce costs and improve patient outcomes.

One big question is whether the federal government will continue to push value-based care. 
Currently a variety of programs with incentives and penalties exist, but value-based care has yet to 
reach a critical mass nationally beyond those initiatives. Continued data collection on patient out-
comes under such initiatives that clearly demonstrates value-based care can both lower healthcare 
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costs and improve patient outcomes will make it easier for stakeholders to demand more providers 
and hospitals move to this structure. It could be the government, insurance companies, or even 
patients who drive this demand (and will likely be a combination of all three), but experts agree 
that this single trend—value-based care—could be the biggest disruptor in healthcare for decades 
and one way to attain lower healthcare costs without sacrificing patient outcomes.

At the patient level, Big Data, analytics, and related technologies are having big impact.
Advances in technology have reduced the costs of genetic sequencing so that the price of 

whole exome sequencing and whole genome sequencing are nearing $1,000. Sequencing pioneer 
Illumina claims it will soon have the capability to bring that cost down to $100 (Keshavan 2017). 
That’s a far cry from the almost $3 billion it took to sequence the first human genome for the 
Human Genome Project in 2003 (National Human Genome Research Institute 2016). The sharp 
cost reductions in sequencing has led to explosive growth in the genetic testing industry, and as the 
technology has continued to improve, innovative methods such as liquid biopsy are shaping what 
cancer care, in particular, will look like in the years to come. But the success of precision medicine 
for this and other diseases relies on the continued discovery and sharing of variant information. 
For Big Data to really work in precision medicine, researchers must establish clear links between 
variants and clinical outcomes, for diagnostics and for drugs.

Several leading academic medical centers are using genetic and genomic data to choose which 
medication to give a patient, to avoid adverse effects of some drugs (pharmacogenetics), and to predict 
a patient’s likelihood of developing cancer, which allows the patient to take prophylactic measures, such 
as having a double mastectomy to avoid breast cancer. This last point is important and ties into our 
earlier observation about the value of preventive care. If a test can predict, to a high degree, the likeli-
hood of a given cancer (or other disorder) developing, and an intervention can be given, the value of that 
test is substantial. In the increasingly competitive and financially driven diagnostics landscape, manu-
facturers will be under tremendous pressure in the upcoming years to produce evidence of value and 
clinical utility. Here, in particular, is where continued clinical research that can demonstrate improved 
outcomes and reduced costs will be essential to sway insurance companies to pay for more of these tests.

Precision medicine is also getting a boost from advanced computer science techniques such as 
clinical decision support (CDS) systems and AI. CDS systems can be built into electronic health 
record (EHR) systems or can be stand-alone software. Older versions of CDS were not much bet-
ter than flow charts, giving providers a roadmap for managing patients. But many CDS systems 
today, particularly those that are built into EHR systems, use natural language processing and 
other advanced methods, and can alert physicians to potential drug interactions or adverse events, 
recommend treatment options, or identify patients for a particular intervention.

But for all the potential benefits of CDS systems, many health systems, hospitals, and providers still 
have only rudimentary EHRs that meet only the bare minimum for technical capabilities and interoper-
ability. Improving the IT infrastructure is an expensive undertaking that may be beyond the reach of 
some, leaving them at risk of falling behind competitors, but as patient demand for more personalized 
treatment, or precision medicine, grows, health systems and providers must find a way to keep up with 
IT advances. This is where the benefits of cloud computing (Chapter 10) can minimize the financial bur-
dens on an organization while providing a system that can grow and contract to meet its changing needs.

Other companies, such as Philips, are developing AI-based radiology systems that can scan 
patient images and alert physicians to which images, or areas of images, to focus their attention on. 
IBM Watson and Alphabet’s DeepMind are using AI and cognitive computing techniques to help 
doctors confirm patient diagnoses and tell the difference between cancerous and noncancerous 
skin lesions, respectively. These systems generally exist outside the EHR and integration with vari-
ous EHR platforms is currently highly variable. Interoperability will be key for further adoption 
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of these systems. Although there have been widely publicized examples in using these (and other 
AI-based methods) in patient care, such as to diagnose a patient’s rare form of cancer, AI in health-
care is still a young field, and there is much progress to be made before it becomes widely used.

Digital health technologies are proliferating, such as smartphone-based apps that collect digi-
tal biomarkers and transformative technologies, such as a TriCorder, that was developed for the 
XPrize and can diagnose a variety of diseases with a handheld device and a smartphone (Comstock 
2017b). But digital devices could face a slow climb to adoption, at least for clinical care, where 
reimbursement by insurers may be difficult to come by and providers are unsure of their accuracy. 
The most important task for companies in this industry is to clearly identify the value their prod-
uct provides by analyzing the data that comes from their use. Doing this, and publicizing it, will 
be essential to garner buy-in from health systems, providers, and payers.

Prenatal testing is another area that is in the midst of a transformation, brought on by noninvasive 
prenatal tests (NIPTs). “Over the last few years, non-invasive prenatal testing has evolved at a particularly 
explosive rate,” says Vance Vanier, a venture capitalist and former executive at a NIPT start-up (Chapter 4).

Once relegated to high-risk patients, NIPTs are now being offered to nearly all pregnant 
women, early in their pregnancies. Although NIPTs currently detect risk of only a few genetic 
disorders, patients who undergo assisted reproductive techniques like in vitro fertilization have 
the potential to test the embryo for many more genetic mutations before implantation. This 
means parents can find out about not only chromosomal abnormalities, but also whether or not 
the embryo carries a BRCA1 mutation, for example, and would be at high risk for developing 
breast and ovarian cancer later in life. Gene editing techniques, such as CRISPR, are being 
refined and tested. In the future, it may be possible to offer parents a choice to fix a mutation.

As with precision medicine and oncology, the prenatal testing industry relies on accurate inter-
pretation of the data these tests provide. As NIPT manufacturers build up their databases, they 
must compete in an increasingly crowded field. By touting the number of disorders they can screen 
for and the predictive values of their tests, companies can set themselves apart from the competition.

The rare disease community has largely embraced the benefits of data-sharing and technology. The 
maturation of the genomic sequencing industry and data analytics have helped researchers identify the 
causes of many previously unknown disorders, which in turn has led to targets for new and existing 
drugs. Social media allows researchers and patients to find others with similar disorders, impacting 
how quickly clinical studies can accrue subjects and fostering a sense of community for patients.

As we learned in Chapter 5, patients with rare diseases want to share their data for research, 
but also want to be viewed as partners and to maintain some control over research decisions, an 
observation that is equally pertinent for patients with more common disorders. Patient advocacy 
groups are increasingly helping to fund targeted, disease-specific research. Now, digital health 
devices and platforms are giving patients the opportunity to remain engaged in research and pro-
vide valuable data for researchers and physicians.

Data analysis and computational modeling are transforming drug development. Instead of the 
decade (or more) it takes to bring a drug to market, pharma is now performing virtual assays to 
narrow down potential compounds before beginning costly and time-consuming preclinical trials. 
But despite even such advances, drug development is still a very high risk venture, as shown by the 
example of the PCSK9 inhibitors (Chapter 8). The twin necessities of efficacy and safety must always 
be satisfied. But now, cost-effectiveness will also become a growing concern, so companies will have 
to consider the value their drugs provide much more carefully as they estimate the market potential.

This opens an opportunity for precision medicine to better identify patients who are more 
likely to benefit from a particular drug and reduce the potential for serious adverse events that 
could halt a study. Genomic testing will play an ever larger part in eligibility criteria in the future, 
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but precision medicine can also encompass environmental exposures, socioeconomic variables, or 
digital biomarkers that predict how a patient will respond to a treatment or whether they will be 
adherent to therapy. Identifying those variables will be nearly impossible without the ability to 
leverage clinical data from EHRs and other databases.

Future of Moneyball Medicine
So what do we anticipate will happen in the next several years? How will data analytics, emerging 
technologies, and novel business models come together to change the healthcare industry? The role 
of technology in healthcare will continue to increase, creating new opportunities for innovation, 
but also changing the landscape of care. Automation of processes will eliminate some positions 
while creating others, and numerous job functions are likely to change.

Probably the biggest observable shifts will be a greater emphasis on standards, whether they are 
related to quality or efficiency, and increasing integration of data scientists into the healthcare mix. 
As Christoph Wald, Lahey’s Chair of Radiology, told us, “We are now working closely with data 
scientists for the first time” (Chapter 9). Likewise, Flatiron Health’s cofounder Zach Weinberg 
says “a lot of our [software] engineers spend time consulting our oncologists, and the doctors also 
feel comfortable going to the engineers and saying ‘hey, could we do this?’” (Chapter 1).

Business models will continue to evolve due to market and regulatory pressures. Mergers, 
acquisitions, and strategic partnerships will become more commonplace as companies struggle to 
remain relevant, increase efficiency, and expand their markets. Most recently, there were rumors 
that Amazon would go into the pharmacy business (Weise 2017). Imagine how they might start 
using data to increase their sales in this area. Likely, a growing number of new healthcare deals 
will be between nontraditional partners, such as a digital device company partnering with a drug 
company to improve treatment adherence, or a genetic test manufacturer working with a health 
system to identify patients at risk for developing cancer.

Here are a few big-picture projections:

Value-Based Care Will Reach a Tipping Point

Particularly if federal and state governments continue to push for it, value-based care will become 
a major trend. It’s clear that the old way (i.e., fee-for-service) of doing things is unsustainable and 
finding an alternative is an economic imperative. The effects of rising healthcare costs have been 
most pronounced in the United States, where prices are higher and the cost of healthcare routinely 
rises faster than GDP. However, nations and employers worldwide are being pummeled by health 
costs. A 2017 survey found that medical insurers projected the cost of healthcare benefits would 
rise 7.8% globally this year, an increase from 7.3% in 2016. Larger cost increases were projected 
in nearly all regions around the world, with Latin America seeing the largest increases, but Africa 
and the Middle East also seeing big rises in benefits costs (HR Specialist 2017). Employers and 
government administrators alike all around the world are looking for solutions to this problem, 
from restricting patient care to putting price controls on new drugs.

So who will move first? Will buyers demand lower prices and higher quality service, or will agile 
enterprises offer such services before their competitors do? Complying with current mandates can be 
viewed as onerous, particularly for health systems that lag behind others in being able to measure the 
necessary quality metrics and for small systems with limited budgets. As a result, many healthcare facil-
ities are just biding their time, operating “business as usual” unless they have a juicy carrot or a big stick 
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above their heads. But others are looking at this as an opportunity to invest in homegrown solutions, 
try innovative and/or unconventional methods, or develop breakthrough new tools that truly improve 
quality, efficiency, and the patient experience. Hospitals that stand on the sidelines may find themselves 
unable to move quickly enough when they decide to transform their processes to remain competitive.

Even hospitals that are objectively performing well can benefit from adopting a continuous 
improvement mindset. The Mayo Clinic, arguably one of the top hospitals in the United States, 
saw payment reform, declining revenues, and other changes on the horizon in 2008, when it 
undertook an evaluation of its preparedness for the future. This endeavor, called the Mayo Clinic 
2020 Initiative, has involved more than 400 projects to find areas where workflows could be 
restructured. Some of the results have been remarkable, for example, in care for pediatric patients 
with complex feeding, breathing, and swallowing disorders. Providers were able to reduce the aver-
age time to diagnosis from 210 to 4 days (Winslow 2017).

The biggest barrier to value-based care lies squarely with the providers and health systems tasked 
with delivering care. Moving away from a fee-for-service model is a paradigm shift of immense 
proportions. Particularly for providers and health systems that have been successful under the old 
model, this new mindset can be threatening. This is an understandable concern when you have been 
well-paid by how much you can bill or by how many things you do for patients. The hesitation and 
backlash to value-based care by providers is compounded by a system that has been slow to deter-
mine the value that should be given to a procedure, device, or lab test. Even when a provider is fully 
on board with value-based care, how can they calculate the value from preventive care that prevents 
the need for more specialized, expensive care 6 months, 1 year, or even further into the future?

In addition, the benefits for making clinical practice and operational changes are not going sub-
stantially to the providers or health systems, but instead to the insurers who have less to reimburse. In 
a fiscally challenging environment where providers are still largely paid based on the number of proce-
dures they bill, it can be difficult to justify changing practice methods when it will reduce the number 
of billable procedures and thus, reimbursement from payers in the short-term. Hospital systems, such 
as Geisinger, that also have an insurance arm illustrate the dilemma and benefit to being self-insured.

As Lahey Health’s Howard Grant, formerly of Geisinger, told us (Chapter 9), “When Geisinger 
health plan expends fewer health care resources on those patients [who are also insured by Geisinger], 
by improving the management of their care, avoiding unnecessary expenses and lowering their total 
costs of care, the Geisinger system retains those unspent health insurance premium dollars and 
reinvests in the clinical enterprise. Typically, if hospitals, physician groups, or health systems lower 
healthcare costs, an outside insurer gets the reward. That makes it very difficult to justify invest-
ments in initiatives that are likely to lower total medical expenses” (Grant 2017).

These problems are not insurmountable. Some health systems, including Intermountain 
Health, Kaiser Permanente, and the Mayo Clinic have salary-based payment models for their 
physicians. Notably, these are considered some of the most reputable and efficient health systems 
in the country. But they are also rare outliers with respect to their compensation schemes. The 
vast majority of hospitals still reward doctors based on how much they do, and certain specialists 
make far more than others (Peckham 2016). Getting health systems (and providers) on board with 
salaries instead of billing-based compensation structures could be a key piece to the value-based 
care solution, but it will clearly be an uphill battle. The shift from getting paid more to do more, 
to getting paid for doing better, may not be an easy one for some. Finding innovative solutions to 
assign values to services that are not easily billable or are undervalued will be critical.

Continued release of price and quality data for providers and hospitals is another way to sup-
port value-based care. As we’ve described, making these data publicly available can help patients 
(and employers) better shop for healthcare services. But even providers and hospitals can benefit 
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from measuring what they charge for procedures. When the Mayo Clinic undertook their dramatic 
overhaul, described in a Wall Street Journal article, an internal report found substantial variation 
between surgeons’ average cost per case—nearly a twofold variation between some providers. Mayo 
used this information to help them standardize the brand of heart valve used in surgery, a key 
driver of the cost differential (Winslow 2017). The role of the government in this process would be 
essential. Federal and state authorities could require additional outcomes measurements be released 
publicly. Over time, this will also encourage competition by providers and hospitals for patients, 
and force providers to demonstrate their care leads to improved outcomes at lower costs.

Expansion of current alternative models, such as accountable care organizations (ACOs) and 
integrated delivery networks (IDNs), could continue to push value-based care under the current 
health insurance structure. These organizational structures can help to better align providers’ goals 
to value-based care. Self-insured health systems are another way this can be accomplished. As we 
described in Chapter 9, there are some important advantages to hospitals who have their own health 
plans: most importantly, they will directly reap the rewards of their efficiency, rather than just pass-
ing those dollars directly to the insurer. This keeps the financial benefits of value-based care within 
the health system, to be reinvested in new solutions and initiatives and for direct patient care.

Decentralization of health services through grocery store vaccinations, pharmacy urgent care 
clinics, and telehealth platforms can give patients essential value-based care and also serve as 
competition to traditional healthcare providers. Technology will play a substantial role in decen-
tralization of services. Meanwhile, concierge providers and direct primary care companies offer 
competition, but until more patients are enrolled in these programs, it could be difficult for these 
companies to expand beyond the perception they are “boutique” providers. However, we’re already 
seeing the start of health systems partnering with alternative healthcare providers. A recent part-
nership between pharmacy giant CVS and the Cleveland Clinic will bring the hospitals’ provid-
ers to CVS Minute Clinics via telemedicine (Siwicki 2016). We expect to see additional health 
systems collaborate with pharmacies and supermarkets to maintain market share and expand 
offerings to patients.

Though payers have joined the chorus to complain about the rise in healthcare costs, along 
with the government and employers, they can be the forces driving the transition to value-based 
care. But to make it happen, they will need to consider new forms of evidence, such as real-world 
evidence or digital biomarkers, to show how newer technologies, including digital health and 
genomic testing, can improve patient outcomes. When insurers fail to reimburse for new tech-
nologies, it is sometimes the fault of manufacturers that have largely kept any data pertaining to 
the use of their products private. There may also be institutional barriers that prevent doctors from 
ordering these tests and devices. But these stakeholders have an opportunity to turn this problem 
around, particularly if they work together to demonstrate improved outcomes in patient popula-
tions and publish their findings. Data sharing and interoperability would play a key role to making 
this happen.

Healthcare Will become More Participatory

Leroy Hood noted that the healthcare of tomorrow will be “4P Medicine,” not only predictive 
and focused on preventive care, but personalized and participatory (see Chapter 10). We’re already 
seeing patients become more active participants in their healthcare through the “quantified self” 
movement, as patients log their food consumption with apps such as MyFitnessPal and track their 
steps with fitness trackers like Fitbit or Apple Watch. Patients are already starting to embrace digi-
tal technology, such as smartphone apps for glucose monitoring that lower A1c levels in patients 
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with diabetes (Dachis 2017) and platforms like Apple’s ResearchKit is testing how digital bio-
markers can be used for clinical trials and patient care (Research Kit 2017). Though little of the 
data or digital biomarkers collected by these devices and programs is being integrated into the 
EHR currently and thus, is not being used to provide insight on the user’s health and wellness, 
we expect this will change in the upcoming years and digital health could be a driving force for 
patient participation.

Interoperability and emerging standards, such as FHIR (fast healthcare interoperability 
resources), will continue to erode existing barriers to data sharing. That will make it easier for 
digital biomarkers to find their way into a patient’s clinical record and for patient records from 
different health systems to be shared. Again, the federal government can play a role in accelerating 
this process by mandating adoption of a single standard, but in the absence of such a rule, progress 
is certain to continue, albeit more slowly as industry tries to do this.

Patients with rare diseases can be particularly highly engaged and financially supportive of 
clinical research and drug development through patient advocacy groups, such as the Progeria 
Research Foundation and the Cystic Fibrosis Foundation. For these patients, the role of social 
media will be a driving force for continued identification of fellow sufferers of rare conditions. 
Growing their numbers is especially important, because it helps fuel research, awareness, and 
fundraising.

Increased patient participation will impact clinical trials design, broadly, and increase the 
amount of real-world evidence (RWE) available for an intervention after clinical trials are over. 
Already, groups such as PatientsLikeMe and Transparency Life Sciences are working with patients 
to gather insight on the outcomes that are clinically meaningful to them and to incorporate digital 
health data.

Participation in clinical trials for certain conditions, such as cancer, is often low, and for rare 
diseases, patients may be spread out across the country and the world. Pharmaceutical compa-
nies and device manufacturers that make it easier for patients to participate in trials through 
virtual recruitment methods (Kumar 2016) and telehealth or other remote monitoring meth-
ods may achieve improved enrollment and retention while also demonstrating the value of these 
techniques. Importantly, pharma and device manufacturers will need to account for longer-term 
impacts of their products on the patient population. Getting a product to launch will be the start 
of continued patient monitoring through digital health devices. This presents an opportunity for 
entrepreneurs to partner with drug and device manufacturers to create applications that capture 
important patient data such as adherence and other aspects of patient use that aren’t typically 
identified during a short-term clinical trial.

The value of market and business opportunities for digital health entrepreneurs will continue 
to grow. As more of these devices and programs are tested in clinical trials and observational stud-
ies and data analysis can correlate digital biomarkers with clinical outcomes, providers will be less 
hesitant to incorporate the data alongside more traditional measurements.

Expert Data Analysis Will Start Driving Healthcare

Data are becoming cheaper than ever to capture, and with that, the competitive advantages of 
keeping data proprietary are slowly eroding. As this trend continues, the biggest advantages will 
go to those who can capture and analyze data expertly themselves and who find the best collabora-
tors to work with. Existing data will be looked at in new ways, by different researchers, and novel 
insights will be made, driving the formation of new companies and nontraditional partnerships 
between companies.
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Researchers funded by certain federal grants are already required to deposit some data into 
publicly available databases (such as dbGAP for genetic and phenotypic data), but we anticipate 
industry will start to recognize the advantages of releasing their data, too. More shared databases 
will be developed, likely initiated by the government or by very large, well-known companies 
working together, since interoperability and data standards would have to be determined, and 
there are privacy and security issues for patient data.

But rather than limiting research, data sharing will spur innovation and competition, since 
everyone would have access to the same information. Consider the consequences of the federal 
government’s release of geographic information system (GIS) data: multiple companies developed 
apps to help drivers get from Point A to Point B, and social media platforms such as Yelp were 
created to help users find local restaurants (and other businesses). These in turn spurred further 
innovation, such as ride-sharing and food delivery businesses. The same can happen in healthcare, 
but it will take a data-sharing initiative on a massive scale to happen.

Winners and Losers
Who are the winners of the healthcare industry of tomorrow? Here are our predicted winners:

◾◾ Companies and providers that embrace methods such as Agile Transformation and Six 
Sigma to improve their business processes and patient care will best be able to respond to 
evolving market and scientific pressures.

◾◾ Entrepreneurs and innovative thought leaders who develop or use breakthrough digital 
health and emerging technologies, such as AI, or just novel business models to solve health-
care problems.

◾◾ Integrated delivery networks, self-insured health systems, and others that can take the lead 
on innovative programs or organizational structures that support value-based care.

◾◾ Technology companies that work to develop data standards that enable interoperability, 
from EHR companies to those involved in digital health.

There will also be losers in this new healthcare ecosystem. Some hospitals and other health 
facilities will collapse if they are unable to adapt to the changes we’ve outlined in this book. Others 
will lose out if they hold on too tight and too long to the fee-for-service payment model, or try 
to maintain their old workflows, even in the face of new insights and evidence to the contrary. 
Healthcare costs are growing more rapidly than the global economy and the old method of paying 
for care exacerbates the problem. Insights gathered from Big Data can change this.

Companies, including health systems, that continue to lag behind in adopting IT infrastruc-
ture and mechanisms to collect and analyze massive amounts of patient and operational data 
will find it increasingly difficult to compete in the future. The new healthcare business paradigm 
is measure → optimize → transform. If companies aren’t measuring how they are performing and 
how they compare to others, they can’t use the data to change practices. This holds true for provid-
ers as well as others, including large pharma companies and medical centers. Patients are begin-
ning to expect more personalized, precise, participatory clinical care—those who can’t deliver on 
that will be left behind by companies that can.

If most of this innovation and change happens, we’ll have a completely different healthcare 
system within 5–10 years. But for that to occur, we must keep pressing for greater transparency 
(especially more public data), better means of measuring quality, and better processes to ensure 
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interoperability. If these pieces fall in place, we can reduce costs, improve quality, and make sure 
that more patients are receiving optimal care at a reasonable price.

The key is that every professional should be constantly analyzing the data in their field, and 
asking questions such as:

◾◾ What data are relevant to my work now? Which is the most relevant data? What type of data 
will be most important tomorrow?

◾◾ How have the data in my field evolved? How much of it is being digitized? At what point of 
data maturity is my field?

◾◾ How can I add value to those data? Or, how can I use it to increase the value of the services 
I provide?

◾◾ How feasible is that? And what is the estimated return on investment for the effort required?

Moneyball Medicine is here and companies in the healthcare industry (and those that want to 
be) need to decide if they will embrace it or remain on the sidelines, finding themselves increasingly 
irrelevant. It’s just beginning, but moving fast. Once anything is digitized, it can be measured and 
analyzed, and the results can be astonishing—big new markets emerge, time to diagnoses are dra-
matically accelerated, previously unknown diseases are discovered, new cures are found, patients 
get breakthrough treatments that improve and extend six their lives. Some established companies 
thrive, some die, and brand new businesses are established. Those who keep up with the field’s 
evolution will be tomorrow’s healthcare leaders, forging a new landscape where quality, cost, and 
outcomes are transparent and change is data- and technology-fueled.
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Glossary

Accountable Care Organization (ACO): Groups of doctors, hospitals, and other healthcare pro-
viders, who joined together with the goal of providing coordinated high-quality care 
(Centers for Medicare & Medicaid Services 2017a).

Affordable Care Act (ACA): A comprehensive U.S. healthcare reform act that was passed in 2010 
by the Obama administration (HealthCare.gov 2017).

Algorithm: A step-by-step procedure for solving a problem or accomplishing some end, especially 
by a computer (Merriam-Webster 2017).

Artificial intelligence: The science of making computers do things that require intelligence when 
done by humans. This field has focused on five main aspects of intelligence: learning, 
reasoning, problem-solving, perception, and language-understanding (Copeland 2000).

Biobank: A collection of biological material and the associated data and information stored in 
an organized system, for a population or a large subset of a population (OECD Statistics 
Directorate 2007).

Bioinformatics: The collection, classification, storage, and analysis of biochemical and biological 
information using computers especially as applied to molecular genetics and genomics 
(Merriam-Webster 2017).

Big Data: A large volume of data, which can be either structured or unstructured.
Biomarker: Objective indications of a medical state that can be measured accurately and repro-

ducibly. These stand in contrast to medical symptoms, which are limited to those indica-
tions of health or illness perceived by patients themselves (Strimbu and Tavel 2010).

Biorepository: A facility that collects, catalogs, and stores samples of biological material, such 
as urine, blood, tissue, cells, DNA, RNA, and protein from humans, animals, or plants 
for laboratory research. If the samples are from people, medical information may also be 
stored along with a written consent to use the samples in laboratory studies (National 
Cancer Institute 2017b).

Blockchain: A way to structure data and the foundation of cryptocurrencies such as Bitcoin. It 
consists of concatenated transaction blocks and allows competitors to share a digital led-
ger across a network of computers without a central authority. No single party can tamper 
with the records (Hackett 2016).

Centers of Excellence: Medical facilities, typically hospitals, that provide verifiably high-quality 
care for specific procedures that are high cost (e.g., hip and knee replacements). The 
facilities offer a single “bundled” price for the procedure, and employers will pay for 
their employees to travel there and sometimes cover any additional copays or deductibles. 
The idea is that by getting “guaranteed” quality care, overall costs will be lower (Pacific 
Business Group on Health 2017).
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Chemogenomic screen: A chemogenomic library is a collection of selective small-molecule phar-
macological agents, and a hit from such a set in a phenotypic screen suggests that the 
annotated target or targets of that pharmacological agent may be involved in perturbing 
the observable phenotype (Jones and Bunnage 2017).

Clinical Decision Support (CDS): Provides healthcare providers and patients with guidance on 
the most appropriate care. Such tools include computerized alerts and reminders to care 
providers and patients, clinical guidelines, condition-specific order sets, focused patient 
data reports and summaries, documentation templates, diagnostic support, and contex-
tually relevant reference information, among other tools (HealthIT.gov 2013).

Cognitive computing: A term often used interchangeably with AI, describing computer software 
or systems that have the capability to adapt to changing inputs and learn.

Digital biomarker: Consumer-generated physiological and behavioral measures collected through 
connected digital tools that can be used to explain, influence and/or predict health-related 
outcomes, while excluding some types of patient-reported data, like those collected through 
surveys (Wang, Azad, and Rajan 2017).

Direct primary care: An alternative primary care model in which the patients, or their employers, 
pay a monthly fee to the doctor and there is no insurance involved. The patient receives 
the majority of their care from their primary care physician (PCP), and their associates, 
who may include health coaches. The PCP acts as a gatekeeper, providing the patient as 
much care as they can and trying to avoid unnecessary expensive services.

Evidence-based medicine: Evidence-based medicine is defined as the incorporation of system-
atic research into the provider’s clinical decision-making process (Sackett and Rosenberg 
1995).

Gene fusion: A mutation where chromosomes that have broken apart are reassembled incorrectly. 
The result is a “fused” gene, often affecting cell signaling, growth, or other critical aspects 
of cellular function (Mertens et al. 2015).

Genetic testing: Testing that seeks to identify mutations in a single gene or multiple genes.
Genomic testing: Testing that goes across an organism’s entire genome. Exome sequencing and 

whole genome sequencing are genomic tests.
High deductible health plan (HDPH): A plan with a higher deductible than a traditional insur-

ance plan. The monthly premium is usually lower, but patients pay more out-of-pocket 
(a deductible) before the insurance company starts to pay its share (HealthCare.gov 2017).

High-throughput screening: A drug discovery approach that tracks proteins and cell signaling. 
Many compounds can be simultaneously tested to see which ones have the desired effect.

HIPAA: The HIPAA Privacy Rule created national standards to protect individuals’ medical records 
and other personal health information. Individuals, organizations, and agencies that meet 
the definition of a covered entity under HIPAA must comply with the Rules’ requirements 
to protect the privacy and security of health information and must provide individuals 
with certain rights with respect to their health information (Department of Health & 
Human Services 2015).

HITECH: The Health Information Technology for Economic and Clinical Health Act, enacted 
as part of the American Recovery and Reinvestment Act of 2009, promotes the adoption 
and meaningful use of health information technology. Subtitle D of the HITECH Act 
addresses the privacy and security concerns associated with the electronic transmission of 
health information, in part, through several provisions that strengthen the civil and crim-
inal enforcement of the HIPAA rules (Department of Health & Human Services 2014).
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Integrated Delivery Network (IDN): Vertically integrated health services networks that include 
physicians, hospitals, and post-acute services that provide care across the continuum for 
patients in a targeted geographic region. Many IDNs (but not all) may be self-insured 
health systems, while others may contract with existing insurers (Xu 2015).

Interoperability: The ability to access a patient’s, or one’s own, healthcare information from dif-
ferent sources, ideally with little delay.

Machine learning: A method of data analysis that automates analytical model building. Using 
algorithms that iteratively learn from data, machine learning allows computers to pro-
gressively improve their analytical capabilities (SAS 2017).

MACRA (Medicare Access and CHIP Reauthorization Act): This new act replaces the old 
Medicare reimbursement schedule with a new pay-for-performance program that’s focused 
on quality, value, and accountability (Centers for Medicare & Medicaid Services 2016d).

Molecular profiling: Genetic or genomic testing that is performed on a cancer tumor and may 
include other biomarkers (Ness 2013).

Next-generation sequencing (NGS): NGS, massively parallel, or deep sequencing are related 
terms that describe a DNA sequencing technology which has revolutionized genomic 
research. Using NGS an entire human genome can be sequenced within a single day. 
In contrast, the previous Sanger sequencing technology, used to decipher the human 
genome, required over a decade to deliver the final draft (Behjati and Tarpey 2013).

Pharmacogenomics: The study of how genes affect a person’s response to drugs. This field com-
bines pharmacology (the science of drugs) and genomics (the study of genes and their 
functions) to develop effective, safe medications and doses that will be tailored to a per-
son’s genetic makeup (Genetics Home Reference 2017f).

Proteome/Proteomics: The proteome is the entire complement of proteins produced by an organ-
ism or a cellular system under particular circumstances. Proteomics is the study of a 
specific proteome, including information on protein abundances, their variations and 
modifications, along with their interacting partners and networks (National Cancer 
Institute 2017d).

Self-insured health systems: Health systems that create their own insurance plan, underwriting 
all of the financial risk to provide care to members. Many self-insured health systems are 
also IDNs.

Terabyte: 1024 gigabytes or 1,099,511,627,776 bytes; also: one trillion bytes. A byte is a unit of 
computer information or data-storage capacity that consists of a group of eight bits and 
that is used specially to represent an alphanumeric character (Merriam-Webster 2017).

Transcriptome: The study of the transcriptome—the complete set of RNA transcripts produced 
by the genome, under specific circumstances or in a specific cell—using high-throughput 
methods, such as microarray analysis. Comparison of transcriptomes allows identifica-
tion of genes differentially expressed in distinct cell populations, or in response to differ-
ent treatments (Nature.com 2017).

Variant (genetic variant): An alteration in the most common, or reference, DNA nucleotide 
sequence. In other words, a variant deviates from what is commonly found at that spot 
in the genome. The term variant can be used to describe an alteration that is benign, 
pathogenic, or of unknown significance. The term variant is increasingly being used in 
place of the term mutation.
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