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INTRODUCTION 

From screening chemical compounds to optimizing clinical trials to 
improving post-market surveillance of drugs, the increased use of data 
and better analytical tools such as artificial intelligence (AI) hold the 
potential to transform drug development, leading to new treatments, 
improved patient outcomes, and lower costs. However, achieving the full 
promise of data-driven drug development will require the U.S. federal 
government to address a number of obstacles. This should be a priority 
for policymakers for two main reasons. First, enabling data-driven drug 
development will accelerate access to more effective and affordable 
treatments. Second, the competitiveness of the U.S. biopharmaceutical 
industry is at risk so long as these obstacles exist. As other nations, 
particularly China, pursue data-driven innovation, especially greater use  
of AI, foreign life sciences firms could become more competitive at  
drug development. 

Policymakers should recognize that the potential of data-driven drug 
development is crucial to the well-being of Americans as well as U.S. 
competitiveness, and develop policies to accelerate this transformation.  
To that end, policymakers should prioritize data-driven drug development. 
Overall, policymakers’ highest priority should be to dramatically increase 
the availability of data for drug development—and the most effective way to 
do that would be to support the creation of a National Health Research 
Data Exchange to prioritize the collection and sharing of patient medical 
data for research purposes.  

Policymakers should take other steps, including: 

▪ Implementing a unique patient identifier to improve data integrity
throughout the health care system;

Overall, policymakers’ 
highest priority should 
be to dramatically 
increase the 
availability of data for 
drug development. 



 
 

  
 

CENTER FOR DATA INNOVATION 2 

▪ Better enforcing the publication of data from clinical trial results by 
being diligent about penalizing noncompliance; 

▪ Developing guidance for the use of new kinds of data sources in 
the drug development lifecycle; 

▪ Developing mechanisms to facilitate data sharing by 
biopharmaceutical stakeholders by establishing data trusts that 
protect sensitive and proprietary data while still making it available 
to researchers; 

▪ Requiring and funding the Food and Drug Administration (FDA) to 
improve the reliability of data used in drug development outside 
the United States; 

▪ Developing best practices for data collection in health care to 
ensure equitable outcomes, such as strategies to increase 
coverage of underrepresented populations; 

▪ Fully funding the U.S. National Institutes of Health (NIH) to 
accelerate the development of the All of Us Research Program’s 
million-person research cohort; and 

▪ Increasing the number of workers—including high-skilled foreign-
born workers—with AI skills and computer science education at  
all levels. 

THE ROLE OF DATA IN THE DRUG DEVELOPMENT 
LIFECYCLE  
There is a wide variety of benefits data can offer for every stage of the drug 
development lifecycle. This lifecycle can be divided into four distinct 
stages: discovery, clinical research, FDA review, and FDA post-market 
safety monitoring.1 More data, better data, and the increased ability to use 
data with new technologies such as AI are not only enabling the 
development of new and more-effective drugs, but are making it easier and 
more cost-effective do so than ever before.  

DISCOVERY 
Advances in computing, and large amounts of data, have transformed the 
field of pharmacology, which in the past primarily relied on the analysis of 
existing remedies and serendipitous discovery. It has since advanced to 
primarily using vast reference libraries of molecules and their chemical 
properties to enable target-based drug discovery, in which researchers 
engineer drugs based on high-throughput screening (HTS) of molecules 
known to be involved in a disease process and observing their effects on 
specific proteins.2 Thus, as pharmacology is already a data-driven field, the 
future of pharmacology, which will see access to larger amounts of data 
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and more powerful analytical techniques—particularly those made possible 
with AI—should likely entail significant improvement and refinement of 
existing techniques, rather than a fundamental transformation in how drug 
discovery is performed.  

Academic researchers, pharmaceutical companies, and government 
agencies have invested huge amounts of time and resources into 
establishing robust datasets of chemical properties, genetic information, 
and analytics techniques to enable and improve target-based discovery.3 
These methods have enabled the development of 78 of the 113 first-in-
class drugs (drugs that use novel methods of action, or specific 
biochemical interactions, rather than modified methods of existing 
therapies) approved by the FDA from 1999 to 2013.4  

Access to greater computational power and more advanced algorithms has 
also led to a resurgence in phenotypic screening, which uses the same 
approach as target-based discovery, but instead observes the effects of a 
compound in cells, tissues, or even whole organisms, rather than just a 
protein.5 Phenotypic screening was the default approach to pharmacology 
for decades, but did not lend itself well to HTS due to the level of 
complication involved in the analysis.6 AI is well suited for this task, and 
has enabled the large-scale application of HTS to phenotypic screening. For 
example, a common phenotypic screening method involves using imaging 
tools to record the fluorescent readout of cell-based assays, in which 
fluorescent molecules are injected into a sample, and their distribution in a 
sample can indicate changes in cell function or reaction to a new 
molecule.7 However, even automated analysis of these readouts can be a 
time- and labor-intensive process that still requires manual input and is 
prone to errors due to the complexity of the analysis involved.8 
Furthermore, performing a new assay requires adjusting and tuning an 
existing image analysis program, which can take days. A company called 
Genedata Imagence has developed a deep learning system that can not 
only substantially reduce the time and effort involved in this fluorescence 
analysis, but also translate knowledge obtained from one assay to another 
without human intervention in just minutes.9 Developing machine learning 
approaches for this kind of image-based profiling is an active field  
of research.10 

Nonetheless, even with the integration of AI, drug discovery is, as one 
medical researcher noted, still a “lengthy, expensive, difficult and 
inefficient process with [a] low rate of successful therapeutic discovery.”11 
Cost in particular is a major barrier to drug discovery. According to a 2014 
study from Tufts University, developing a new drug costs $2.56 billion.12    

Data-driven technologies have the potential to reduce obstacles to 
discovery. Automation, involving robotics, sensors, and analytics software, 
is particularly valuable in HTS due to the large amounts of analysis 
required to identify potential drug candidates. For example, researchers at 
Pennsylvania State University used automated screening techniques to 
analyze over 500,000 chemical compounds to identify a molecule that 
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could treat or prevent malaria, successfully identifying 631 promising 
compounds that could potentially be developed into an effective 
antimalarial drug.13 However, this screening process still took two years 
and required the researchers to perform additional analysis to weed  
out compounds that were toxic before they could identify those  
631 candidates.  

An even more cost- and time-saving approach to HTS would be to reduce 
the amount of screening needed to identify drug candidates. Applying AI at 
various stages of the screening process can enable researchers to make 
more informed hypotheses about what molecules to screen, enabling HTS 
to produce more useful results with less screening. For example, a team of 
researchers led by North Carolina-based Collaborations Pharmaceuticals 
used machine learning to search through libraries of over 200,000 
molecules to identify compounds with desired characteristics for the 
treatment of tuberculosis.14 The researchers were able to virtually weed 
out molecules based on data about their bioactivity and cytotoxicity without 
ever having to physically screen them, allowing them to screen just 110 
molecules in order to identify 2 candidate compounds that can now be the 
focus of additional research and potentially become new drugs.15 Such in 
silico approaches to HTS are increasingly common and can make HTS 
substantially more productive. A typical HTS process has a “hit rate” of 
identifying candidate molecules of less than 0.05 percent, whereas HTS 
using only compounds prescreened in silico often have hit rates between 
10 and 15 percent.16  

In the future, automation and AI can further reduce the resource demands 
of drug screening by automating parts of the drug discovery process. In 
June 2018, the U.K. government announced plans for an automated drug 
discovery process facility to reduce the time it takes to discover new drugs. 
The goal of the initiative is to increase the productivity of drug discovery by 
5 to 10 times, in part through developing both automated systems that can 
screen hundreds of thousands of candidate molecules at a time and new, 
high-resolution imaging technology.17  

Advances in genetic sequencing, described later in this report, have 
enabled new techniques for making HTS more cost-effective. Traditional 
HTS approaches involve discrete analysis of potentially millions of 
compounds in a reference library to determine whether they affect the 
function of a target protein. Though analytics-based approaches have 
made HTS more efficient than in the past, this process can still take large 
amounts of time and money to complete. In recent years, 
biopharmaceutical researchers have increasingly relied on DNA-encoded 
libraries (DELs) to dramatically improve the efficiency of screening. DELs 
consist of potentially trillions of compounds, each bound to unique DNA 
strands and stored in several milliliters of solution.18 Rather than 
performing thousands or millions of discrete assays, screening with DELs 
involves simply repeatedly combining this mixture with target proteins and 
enzymes that wash away any compounds that did not bind with a target. 
The unique DNA strands on each compound effectively serve as a barcode, 
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so after an assay is performed, DNA analysis can rapidly identify which 
compounds successfully bonded with target protein, and then conduct 
further research on these compounds. DELs have considerable benefits. 
For example, Danish pharmaceutical company Neuvolution announced in 
2017 that it had created a DEL with 40 trillion compounds that is stored in 
just a couple drops of solution, whereas a traditional HTS reference library 
of the same size would require vast amounts of space.19 Additionally, 
according to pharmaceutical research and development (R&D) company 
Pharmaron, assembling and screening a library of 1 million compounds 
costs between $400 million and $2 billion, or approximately $1,100 per 
compound, whereas a DEL of 800 million compounds costs just $150,000 
to assemble and screen.20 This can make it significantly more cost 
effective for large firms and start-ups alike to screen compounds that could 
potentially lead to new drugs. 

Advanced computational techniques are also enabling entirely new 
methods for analyzing the effect of candidate compounds. For example, 
though proteins are constantly in motion and changing shape, candidate 
molecule screening often assumes a target protein is in its default state, 
despite the fact different shapes can alter protein function. A Cambridge, 
Massachusetts, company called Relay Therapeutics has developed 
visualization and AI techniques that can analyze this protein motion and 
screen molecules that can stabilize a protein into its “normal” shape,  
which could lead to the creation of drugs that are more selective and  
more effective.21  

CLINICAL RESEARCH 
As with drug screening, a major barrier to developing new treatments is the 
cost of evaluating candidate drugs for safety and efficacy. As of 2018, the 
average cost of an individual clinical trial was $19 million.22 This is 
consistent with a 2014 study from the Department of Health and Human 
Services (HHS) that estimated the total costs of Phase I, II, III, and IV trials 
for a drug to be between $44 million and $115.3 million.23 Improved use 
of data and analytics can significantly reduce the costs of clinical trials.  

One of the most promising ways to achieve this is the improved use of data 
and AI in clinical-trial design, particularly to increase patient recruitment 
and engagement. Selecting a site to perform a clinical trial can be a 
significant financial commitment, made especially risky due to there being 
no guarantees patients will actually show up. To minimize this risk, 
companies such as Trials.ai and Vitrana have developed AI systems that 
can guide site-selection decisions by analyzing factors such as historical 
site-performance data and study requirements.24 A number of companies 
are using AI to improve patient recruitment directly. For example, Deep 6 AI 
analyzes structured and unstructured clinical data to better identify 
patients that match trial criteria, allowing trial organizers to conduct more 
targeted recruitment.25 London-based company Antidote uses machine 
learning for similar purposes, which the company claims enabled it to refer 
8,000 patients for a clinical trial relating to Alzheimer’s diseases in under 
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two months—and these referrals were seven times more likely to follow 
through with the recruitment process than those from other sources.26  

Even when a trial has enough recruits, to be successful, these recruits 
must participate in the full trial. However, failure to engage participants 
properly can cause them to drop out or not adhere to trial rules, thereby 
reducing the trial’s effectiveness. Palo Alto start-up Brite Health has 
developed a smartphone app that uses machine learning to improve and 
maintain patent engagement in order to reduce this risk. The app provides 
users with notifications and nudges them to perform required tasks and 
site visits. The app also utilizes a chatbot that can make trial information 
more accessible to patients, while algorithms identify and flag indicators of 
patient disengagement for trial organizers.27  

In some cases, patients may end their participation in a trial due to the 
negative side effects of a treatment. Here, too, AI can help. Researchers 
have developed machine learning algorithms that can identify the fewest 
and smallest doses of a chemotherapy regimen that can still shrink brain 
tumors, thus reducing the toxicity of the treatment.28 In a simulated trial, 
the researchers’ machine learning model was able to reduce treatment 
potency by between 25 and 50 percent of all doses without reducing 
effectiveness.29 By minimizing the risk of side effects, researchers can 
more reliably ensure patient adherence to a clinical trial.30  

New technologies also make it possible to conduct decentralized and 
virtual clinical trials, which can both make it easier to recruit patients from 
a wide area and reduce overhead costs. In October 2017, life sciences 
company AOBiome Therapeutics completed a 12-week clinical trial of an 
acne drug that proved to be safe and effective.31 Unlike a traditional 
clinical trial, however, participants completed the trial at home. AOBiome 
mailed participants either the drug or a placebo, along with an iPhone that 
came pre-loaded with an app for participants to take and share regular 
selfies of their acne, as well as communicate with study organizers 
throughout the trial.32 This approach enabled an effective clinical trial with 
no in-person screening or site visits, which substantially reduced both costs 
and barriers to participation. Pharmaceutical companies have been 
actively exploring the potential to replace or augment traditional in-person 
trials with data technologies. For example, French pharmaceutical 
company Sanofi extended a clinical trial that had previously required 
participants to regularly visit the trial site in order for organizers to collect 
data regarding participants’ weight, blood pressure, and blood glucose, by 
giving them connected sensors and wireless technology to record and 
share this data from their homes.33 GlaxoSmithKline sponsored a study to 
demonstrate the feasibility of using a smartphone and app to record survey 
data from rheumatoid arthritis patients, as well as using the phone’s 
accelerometer to record wrist-motion exercises, finding the accelerometer 
data could be much more accurate than motion-evaluation exercises 
performed in-person with a physician.34 And Novartis has partnered with 
Apple to use Apple’s ResearchKit, which helps researchers develop apps to 
collect and share medically relevant data, such as biometric sensor data 
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and user-inputted information, from smart devices to improve clinical trial 
recruitment and administration.35    

Given site visits can cost between $3,000 and $7,000 per patient, and 
studies can involve dozens of visits and hundreds of patients, the potential 
for remote data collection could dramatically reduce the cost of conducting 
a clinical trial.36   

New technologies such as the Internet of Things (IoT) provide opportunities 
to collect large amounts of data outside of a traditional health care context, 
known as real-world data (RWD), potentially providing valuable evidence to 
help inform drug evaluation, known as real-world evidence (RWE).37 In 
December 2018, the FDA published the framework for its Real-World 
Evidence Program, which provides guidance about how to incorporate RWD 
into clinical trials in order to create meaningful RWE.38  

FDA REVIEW 
The FDA review process consists of evaluating data from clinical research 
to determine a drug’s safety and efficacy. This data can be extensive, 
consisting of reports on all studies, and analysis from clinical and 
preclinical research.39 Just as pharmaceutical researchers are using data 
to improve drug development and discovery, the FDA is leveraging data to 
help bring drugs to market faster.  

In particular, the FDA has begun to conduct real-time analysis of clinical 
research data as soon as it becomes available, enabling it to approve or 
reject a drug much more quickly.40 The FDA conducts this real-time 
analysis as part of its Real-Time Oncology Review (RTOR) pilot program, 
which focuses on bringing cancer drugs to market, and more quickly 
approving existing drugs for new applications.41 In September 2018, the 
FDA’s RTOR program approved an expanded use of the breast cancer drug 
Kisqali just one month after the drug’s submission date.42 This was a 
dramatic reduction in turnaround time, as the FDA’s review process for 
new drugs can take anywhere from six months to two years.43 Though the 
FDA’s plans to use real-time analysis are so far limited to the RTOR pilot, 
which has a narrow scope, this approach could be adopted more broadly 
throughout the agency as it develops the model.  

FDA POST-MARKET SAFETY MONITORING 
Despite rigorous testing and evaluation in the prior two stages of the drug 
lifecycle, it is impossible to gain a complete understanding of a drug’s 
safety and efficacy at the time of approval.44 This is why, in 2007, the FDA 
launched its Sentinel Initiative to helped monitor the safety of drugs after 
they have reached the market.45 The initiative analyzes large amounts of 
data from electronic health records (EHRs), insurance claims, and partners 
to create a post-market risk-identification system, and led to the 2016 
launch of the full-scale Sentinel System that covers hundreds of millions of 
patients.46 Historically, the Sentinel Initiative’s goal has been to keep 
unsafe drugs off the market. However, in the FDA’s Sentinel System Five 
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Year Strategy 2019–2023, the agency stated one of its goals for the future 
of the Sentinel System is to “explore the utility of real-world data as a tool 
to support drug development and assess medical product performance.”47 
Specifically, the FDA intends the Sentinel System to help the agency define, 
test, and shape regulatory-grade data, methods, and analytical standards 
for the drug development process.48 In effect, this would allow the FDA to 
adjust the program’s mission to help better develop safer drugs with the 
help of data, rather than just police drug safety. For example, while the 
Sentinel System could help link disease registries that have longitudinal 
data about patient populations with other RWD sources, the registries 
could become more effective at engaging patients for clinical trials.49  

WHY DATA-DRIVEN DRUG DEVELOPMENT IS  
HAPPENING NOW 
Data has always had a role in drug development, but there are several 
reasons the opportunity for data-driven drug development is greater  
than ever. 

ELECTRONIC HEALTH RECORDS 
Over the past decade, the health care sector has undergone a digital 
transformation with the adoption of EHR systems. As of 2017, 96 percent 
of hospitals had adopted EHR systems certified by the Office of the 
National Coordinator for Health Information Technology (ONC)—as have 80 
percent of physicians.50 Widespread EHR use has substantially increased 
the quantity and quality of health data available to biomedical researchers, 
which in turn delivers crucial benefits at key stages of the drug 
development lifecycle. 

NEW DATA SOURCES 
Better data collection and analysis technologies are making it  
increasingly possible to take advantage of genetic data in the drug 
development lifecycle.  

Historically, medical treatment was dictated by what worked for the 
average person, thereby making it rely on a general, one-size-fits-all 
approach.51 But increasingly, researchers are finding that human 
differences play a key role in the effectiveness of treatments. The 
incorporation of genetic data to guide drug development allows for 
treatments tailored to be effective for particular groups, and  
even individuals.  

The largest contributing factor to the feasibility of using genetic data is the 
increasing utility and cost-effectiveness of genetic-sequencing 
technologies. The Human Genome Project (HGP), a $2.7 billion initiative, 
created the first reference sequence of the human genome in June 2000 
after 13 years of work. HGP researchers have estimated the first genome 
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sequencing cost between $500 million and $1 billion.52 Since 2000, 
genome sequencing has become cheaper and faster by orders of 
magnitude, in part because of improvements in computing power. Today, 
modern sequencing machines can sequence a whole human genome in 
under an hour, for under $1,000—and the cost is expected to fall even 
further in coming years.53 Genome sequencing has become so accessible 
governments have launched major initiatives to compile massive troves of 
human genetic data to accelerate medical research. In December 2018, 
the U.K.’s National Health Service hit its genome-sequencing target for its 
100,000 Genomes Project, which is making data available to researchers 
developing treatments for cancers and rare diseases.54  

Importantly, genomics can benefit drug development in more ways than by 
simply incorporating patient genetic data. Researchers are increasingly 
sequencing the genetic information of pathogens, including viruses, 
bacteria, fungi, and parasites.55 For example, researchers recently 
sequenced the DNA of over 20,000 pneumonia strains from infected 
individuals in 51 countries.56 This data revealed 621 new strains of the 
bacteria, and enabled researchers to identify how the bacteria population 
responded to various vaccines, which in turn will allow others to better 
develop new versions of pneumococcal vaccines.57     

The use of genetic data is particularly promising for the development of 
treatments for “rare diseases”—those that affect fewer than 200,000 
people.58 While rare disease affects between 25 and 30 million Americans 
overall, there are approximately 7,000 rare diseases, thus making each 
disease’s affected population potentially quite small.59 Given the high cost 
of drug development, and such small patient populations, pharmaceutical 
companies have often viewed developing new drugs for rare diseases as 
not cost-effective. However, 80 percent of rare diseases are genetic, 
meaning advances in genome sequencing and analysis have made it more 
feasible than ever to spot the genetic marker of these diseases in order to 
help inform the development of new treatments.60 For example, genomics 
company FDNA specializes in compiling genetic data, symptoms, and other 
information about rare diseases to make this information more easily 
available to researchers.61 

Importantly, the maturation of genomics has accompanied somewhat 
related disciplines that could have similarly large potential impacts on drug 
development. Many of the technologies and techniques developed in 
pursuit of sequencing the human genome have spurred the development 
of the “omics” revolution, which includes advancements in fields such as 
proteomics (the study of proteomes, which are sets of proteins produced 
by an organism); transcriptomics (the study of an organism’s RNA 
transcripts, which are responsible for the expression of genes); and 
metabolomics (the study of an organism’s metabolites).62 These 
advancements can make a previously untapped wealth of data available to 
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biopharmaceutical researchers to help them better understand human 
biology and guide drug development.  

Additionally, new kinds of data from nontraditional sources are increasingly 
available to aid the drug development process. Biometric, lifestyle, and 
environmental data—the collection of which is made possible by the 
proliferation of low-cost IoT devices such as fitness trackers and air-quality 
monitors—are rich troves of valuable information that help researchers and 
regulators better evaluate a new drug’s effectiveness.   

The increased availability of data from a variety of sources—and the 
technology with which to process it—makes it feasible to pursue precision 
medicine, defined as “an emerging approach for disease treatment and 
prevention that takes into account individual variability in genes, 
environment, and lifestyle for each person.”63 

Combining genetic, EHR, and such nontraditional data sources as fitness 
trackers can enable insights that would be previously unobtainable, such 
as understanding how lifestyle and environmental factors influence 
disease risk and treatment. For example, as of July 2019, NIH lists 68 
studies it funds involving the use of fitness-tracker data to study disease, 
such as how exercise may reduce the cardio-toxic effects of a breast 
cancer drug in newly diagnosed women, which could better inform 
evaluation of the drug’s safety.64 This is why, in 2016, NIH launched its 
Precision Medicine Initiative and established its All of Us Research 
Program, which aims to establish a cohort of 1 million people who donate 
data about their genetics, medical histories, lifestyles, and other factors in 
order to accelerate precision medicine research.65  

ARTIFICIAL INTELLIGENCE 
AI—the field of computer science devoted to creating computing-machines 
systems that perform operations analogous to human learning and 
decision-making—is a major driver of innovation in data-driven drug 
development. One of the most promising areas, applications of AI are 
interpreting unstructured data, which is information that is not organized in 
a predefined manner. Computer systems have been used to process 
structured data in health care for decades, and much of the data found in 
EHRs can be considered structured data, such as patient demographics 
and lab results. However, unstructured data is far more plentiful, 
constituting 80 percent of all clinical data in the United States.66 
Unstructured data in health care includes medical scans and imagery, 
handwritten doctors’ notes, adverse event descriptions, and more. This 
data can contain valuable information for guiding drug development. 
Historically however, computer systems have not been able to easily 
process this information, making providers rely on humans to make sense 
of it, such as a radiologist interpreting an X-ray to evaluate whether a drug 
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is effective at shrinking a tumor, or a researcher reviewing a doctor’s notes 
in a patient’s health record to determine whether if they are a good 
candidate for a clinical trial. This abundance of unstructured data makes it 
difficult for providers to quickly distill large amounts of potentially useful 
medical information, thereby limiting its utility. For example, many EHR 
systems at clinical trial sites can only make use of structured data, causing 
trial operators to either use humans to convert unstructured data into 
structured data, which is resource-intensive and error prone, or omit it, 
which could waste useful data.67  

Machine learning—a branch of AI that focuses on designing algorithms that 
can automatically and iteratively build analytical models from new data 
without explicitly programming the solution—is well-suited to analyzing 
unstructured data, unlocking this vast resource for a wide variety of new 
and valuable applications to improve drug development. Already, AI 
systems are matching or exceeding human-level performance in analyzing 
unstructured medical data, often in dramatically shorter amounts of time. 
For example, researchers at the University of Massachusetts have 
developed an AI system that can sift through unstructured EHR data and 
detect adverse drug events with 65.9 percent accuracy, outperforming 
traditional detection methods, which could help inform the post-market 
safety-monitoring stage of the drug development lifecycle.68 And 
researchers at Google have developed a machine learning system that can, 
with 89 percent accuracy, identify in medical scans when breast cancer 
has metastasized, compared with a human accuracy rate of 73 percent—
an approach that could improve analysis of a drug’s effectiveness.69 
Similar examples of AI systems analyzing unstructured data to provide key 
medical insights are increasingly common, and show the potential for AI to 
give researchers more accurate and useful data faster than ever before.  

AI already plays a prominent role in many aspects of data-driven drug 
development—and this role will only increase as the technology matures. 

ACCELERATING DATA-DRIVEN DRUG DEVELOPMENT: 
CREATING A NATIONAL HEALTH RESEARCH  
DATA EXCHANGE 
Progress in data-driven drug development will stagnate unless drug 
researchers gain access to more patient data. The broad sharing of patient 
data is beneficial to data-driven drug development in several key ways. 
First, participant-level data can be used to understand the results of trials, 
enabling researchers to better explicate the relationship between 
treatments and outcomes.70 Second, researchers can use shared data to 
verify studies and identify cases of data fraud and research misconduct in 
the medical community.71 Third, shared data can be combined and 
supplemented to support new studies and discoveries.72  
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Unfortunately, while patients are often willing to share their data to 
advance medical research, few are given the option of doing so. For 
example, a 2018 Stanford University study found that 93 percent of 
medical trial participants in the United States were willing to share their 
medical data with university scientists, and 82 percent with scientists at 
for-profit companies.73 Additionally, overall, 53 percent of Americans were 
willing to share their health data with health care researchers, and younger 
Americans were significantly more likely to be willing to share their  
health data.74  

However, the majority of regulations surrounding medical data focus on 
individuals’ ability to restrict the use of their medical data, with scant 
attention paid to supporting the ability to share personal data for the 
common good. Because of this, researchers, research funders, and 
regulators have struggled to establish norms and practices for sharing 
health data.  

At present, there is no simple way for patients to contribute their personal 
data for broad use in medical research. Individuals can consent to specific 
uses of specific portions of their medical data, such as sharing records 
associated with participation in a particular clinical trial. However, this 
consent does not extend to the entirety of an individual’s medical data or 
enable the reuse of this data for similarly beneficial research. 

Policymakers should address this problem by substantially expanding and 
increasing funding for NIH’s Precision Medicine Initiative to launch a new 
National Health Research Data Exchange that would allow patients to 
quickly and easily share their data for the purpose of advancing medical 
research. The result would be any researcher or institution that qualifies for 
access to this data being able to use it for research purposes, including 
drug development.  

Health-data registries, sometimes called patient registries, clinical data 
registries, or disease registries, are already a common resource in health 
care research and provide a significant precedent for the National Health 
Research Data Exchange.75 For example, registries exist for Alopecia 
Areata, colon cancer, lupus, preeclampsia, sarcoidosis, some rare 
diseases, and many others.76 These registries can vary in utility and 
provide services such as granting partnered researchers with registry 
participants’ clinical data to advance research into understanding disease, 
develop new treatments, and help researchers recruit for clinical trials.77 
While these registries have enabled large amounts of valuable research, 
they require patients to proactively seek them out in order to participate, 
only focus on specific conditions, may not accumulate large enough 
datasets to be useful, and may not collect data in standardized formats, 
among other limitations.78  

A National Health Research Data Exchange would deliver the benefits of 
these registries on a massive scale while eliminating many of their 
shortcomings. Unlike registries that compile participants’ health data into a 
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centralized database, the National Health Research Data Exchange could 
instead rely on a decentralized architecture with a standardized application 
programming interface (API), which are protocols that enable access to the 
data of an application, database, or other service, to provide access to 
data within EHR systems. This would ensure these records are longitudinal 
and always up to date, rather than just a snapshot of a patient’s records. 
EHR systems that meet ONC’s meaningful use criteria are already required 
to have API capabilities to provide patients access to their data. Creating 
APIs for research would have the key benefit of ensuring qualified 
researchers can always access longitudinal, up-to-date patient data 
regardless of where it is housed.  

While developing the National Health Research Data Exchange would be a 
significant initiative, creating such a national platform for health data could 
deliver massive benefits for drug development, health care research, and 
public health. As a first step, Congress should direct NIH, the Centers for 
Medicare and Medicaid Services (CMS), ONC, the Centers for Disease 
Control, the FDA, and other relevant health care agencies to develop a 
roadmap for the establishment of the Exchange.  

EHR Integration 
Encouraging adoption of the National Health Research Data Exchange API 
into EHR systems would be no small task, however the mechanism to 
accomplish this already exists. CMS’s and ONC’s Meaningful Use program 
from 2010 to 2017 implemented progressively higher standards for EHR 
systems to be eligible to be certified for use with patients covered by 
Medicare and Medicaid.79 The final stage of Meaningful Use standards 
includes certification criteria for APIs, recognizing their utility in facilitating 
the sharing of health data.80 To support this initiative, CMS developed an 
incentive payment program for eligible health care providers to encourage 
broader adoption of certified EHR technologies.81 The Meaningful Use and 
incentive programs have since been renamed the Promoting 
Interoperability programs, which continue to encourage the development 
and adoption of EHR systems that emphasize the exchange of health data 
between health care stakeholders.82  

Policymakers should direct CMS and ONC to require the integration of the 
National Health Research Data Exchange API for an EHR system to be 
eligible for certification and incentive payments through the Promoting 
Interoperability programs. Establishing the original Meaningful Use 
standards involved extensive deliberation with stakeholders such as 
hospitals and EHR developers. While expanding the program to include a 
specific API integration for research purposes would be a significantly 
smaller task by comparison, CMS and ONC should nonetheless engage 
with these stakeholders and carefully determine the best way to implement 
this requirement in order to maximize the effectiveness of the National 
Health Research Data Exchange.  
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Patient Participation 
The National Health Research Data Exchange should be an opt-out system, 
whereby patients are enrolled in it automatically unless they choose to not 
participate. There are multiple reasons to make it opt-out. First, as noted, 
past research has shown that patients are generally willing to share their 
health data for research.83 Second, opt-out nudges people to share their 
data, which is a socially beneficial behavior. In contrast, the rates of 
enrollment with an affirmative opt-in requirement would likely be much 
lower. Third, opt-out allows those who do not want to participate the option 
to not do so. 

However, while patients should have the ability to opt out of the National 
Health Research Data Exchange, there should also be incentives to 
participate. First, patients should receive financial incentives. There are 
many options for doing this. For example, it could come in the form of 
modestly reduced Medicare tax payments to participants, to be offset by 
increased Medicare taxes for nonparticipants. Second, patients should 
receive nonfinancial incentives, such as prioritization over nonparticipants 
for inclusion in relevant clinical trials. Given the enormous boon the 
National Health Research Data Exchange would be to drug development, 
and thus future treatments for all patients, such compelling incentives are 
entirely justifiable. Some may consider this differential treatment of 
individuals to be unfair, but such an argument ignores the notion that it is 
more unfair for individuals to opt out of sharing their data for research 
purposes yet expect to benefit from data-driven drug development made 
possible by others’ willingness to share their data.  

Importantly, participants should also be able to have their data donated to 
the National Health Research Data Exchange after their death so it 
remains available to researchers as a permanent resource. A donation 
option would provide a valuable opportunity to incentivize participation 
from individuals who might prefer to opt out of sharing their health data 
with the National Health Research Data Exchange while they are alive but 
are comfortable with sharing their data after death.  

Data Access 
Access to patient data through the National Health Research Data 
Exchange should be governed by a contractual model to guard against 
misuse. NIH’s All of Us Research Program is currently developing a 
research protocol to ensure broad access to its data in ways that meet 
researchers’ needs while still protecting privacy and security.84 This model 
could likely be easily adapted for researchers wishing to access data 
through the National Health Research Data Exchange.  

Furthermore, all data accessed through the National Health Research Data 
Exchange would be subject to the Health Insurance Portability and 
Accountability Act (HIPAA). Any participating organization that manages 
data from the National health Research Data Exchange in a way that 
violates HIPAA would be subject to penalties described in HIPAA and would 
also face additional penalties related to their access to the exchange, such 
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as a temporary or permanent ban from participation, depending on the 
severity of the violation.  

Ensuring Data Integrity Through a Unique Patient Identifier  
A major obstacle to the utility of a National Health Research Data Exchange 
is inaccurate data. Though EHR usage is commonplace, healthcare 
providers do not have an accurate and efficient method of matching 
patients’ records across different systems. Most EHRs use a technique 
called statistical matching to identify patient records based on attributes, 
such as name, date of birth, and gender, although the exact set of 
attributes used varies by system. However, statistical matching is 
unreliable and prone to error.85 Patients may be misidentified if other 
patients share the same attributes, or their records may not be found if 
different systems store data in different formats, or certain data is 
missing.86 Even when statistical-matching algorithms use existing 
identifiers, such as Social Security numbers, they still generate errors 
because many individuals do not have these identifiers, have more than 
one, or do not want to disclose them.87 Because of this, it is only possible 
to link 90 to 95 percent of patient records uniquely between different 
datasets, resulting in duplicated and fragmented records.88 A National 
Health Research Data Exchange built around statistical matching would 
not only pull in erroneous data, but would also risk incorporating data from 
misidentified patients that did not consent to sharing their data.  

Two decades ago, HHS cited an “urgent and critical” need to create a 
standardized system of unique patient identifiers for health care.89 Using 
unique patient identifiers would allow health-care providers to consistently 
and accurately link electronic health records across different systems.90 
Indeed, the original language of HIPAA called for the creation of a national 
universal patient-identifier system, but subsequent legislation blocked 
funding for implementing such a program.91 

Congress should direct HHS to implement a unique patient identifier, as 
originally intended by HIPAA. This would have far-reaching benefits for the 
entire health care sector.92 For the purposes of a National Health Research 
Data Exchange, unique patient identifiers would improve data accuracy in 
EHRs and ensure qualified researchers have complete access to records 
from enrolled patients.      

Addressing Privacy Concerns 
Policymakers would undoubtedly receive pushback on a National Health 
Research Data Exchange from people and advocacy organizations 
concerned about its implications for patient privacy. However, policymakers 
should recognize that HIPAA protections still apply and are no different 
than when providers use patient data for research today—the main 
difference would be much more data available for research. 
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Pharmaceutical companies, insurance companies, and other corporate 
entities privacy activists may believe could exploit this patient data for 
discriminatory or otherwise nefarious purposes already operate in a highly 
regulated sector and therefore already prioritize legal compliance. Given 
access to data through the National Health Research Data Exchange would 
be granted on a contractual basis to qualified researchers, misusing this 
data would constitute a breach of contract and potentially a breach of 
HIPAA, and result in significant penalties, which in addition to severe fines 
could include a permanent ban on access to future data, thus serving as a 
strong deterrent against nefarious use.  

The concept of a National Health Research Data Exchange may also 
receive pushback from people who view it as unfair for patients to donate 
their data to advance drug development research that may have 
commercial and cost-saving applications while their health care costs 
remain unchanged. This concern is understandable but shortsighted, as 
benefits from sharing health data would come in many forms. For example, 
patients and their descendants would eventually benefit from new 
treatments that previously were impossible to create without their data. 
And more generally, donors and non-donors alike would benefit indirectly 
from corresponding lower health care costs and living in a country with 
healthier individuals. More broadly, donating personal data to advance 
medical research creates an enormously valuable social benefit with 
potentially life-saving implications for the entire population. Should 
policymakers decide to implement additional incentives for patient 
participation in the National Health Research Data Exchange, such 
incentives could be viewed as compensation for sharing data. Additionally, 
it is important to keep in mind this data is non-rivalrous, meaning sharing 
data with the National Health Research Data Exchange would not preclude 
patients from doing anything else with their data, including monetizing it in 
other capacities.  

ADDITIONAL WAYS TO ACCELERATE DATA-DRIVEN  
DRUG DEVELOPMENT 
Data-driven technologies are already improving drug development. 
However, this transformation can and should happen faster and more 
deeply. While stakeholders have strong incentives to accelerate the 
development and deployment of these technologies, additional barriers 
impede progress. These include issues related to developing AI skills, the 
availability of institutional and nontraditional data, outdated regulatory 
processes, and equity considerations. While there are many policies the 
United States should implement to increase its competitiveness in AI, there 
are specific actions policymakers can take to support AI as it relates to 
data-driven drug development.93 
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INCREASING THE AVAILABILITY OF INSTITUTIONAL AND 
NONTRADITIONAL DATA 
As data becomes more important for drug development, policymakers 
should recognize where barriers to data sharing exist. In some cases, 
regulatory obstacles are to blame. For example, as Jessica Jardine Wilkes 
has noted in the BYU Law Review, due to HIPAA’s complexity and the 
severe penalties for noncompliance, “many covered entities … ‘have 
implemented business practices in the name of privacy and security that 
have no basis in law’” in order to hedge their risk of potentially running 
afoul of HIPAA, resulting in widespread reluctance to share health data.94 
In others, cultural issues are the culprit. For example, researchers 
themselves have a proprietary interest in data they produce, while 
academic researchers seeking to maximize publications may guard data.95 
Despite broad recognition from funding bodies, policymakers and 
researchers that data sharing would be beneficial, academic researchers 
rarely make their data available for others. The NIH, for example, requires a 
data-sharing plan for big-ticket funding, but recognizes that proprietary 
interests may impede that sharing.96 

Policymakers should pursue an array of opportunities to increase the 
sharing of data by institutions traditionally involved in drug development as 
well as from nontraditional sources.  

Expanding Access to Institutional Data 
Institutions involved in the drug development lifecycle that rely on patient 
data, such as pharmaceutical companies, research institutes, and 
government agencies, aggregate this information and use it to conduct 
research, improve clinical trials, and develop a wide variety of other 
valuable data products. Increasing the availability and sharing of 
institutional data is just as important as increasing the availability of 
patient data for accelerating data-driven drug discovery.  

In many cases, researchers, pharmaceutical companies, and health 
agencies may be willing to share data with each other to advance data-
driven drug development, but are unable to do so. These stakeholders 
could all benefit substantially from sharing data to develop new drugs, 
reduce costs, and gain insights, but lack mechanisms to do so in ways that 
respect the proprietary and sensitive nature of this data. The United 
Kingdom is working to address this challenge by developing a model for 
data trusts, which it defines as “not a legal entity or institution, but rather a 
set of relationships underpinned by a repeatable framework, compliant 
with parties’ obligations to share data in a fair, safe, and equitable way.”97 
Without a coordinating body such as a government agency specifically 
devoted to developing and supporting these models, organizations may be 
slow to develop them on their own. Indeed, while stakeholders have made 
some progress in developing data-sharing agreements to advance drug 
development, they typically involve only a handful of large pharmaceutical 
firms or focus on specific medical conditions.98  

https://grants.nih.gov/grants/policy/data_sharing/data_sharing_brochure.pdf
https://grants.nih.gov/grants/policy/data_sharing/data_sharing_brochure.pdf
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HHS should adapt and pilot this model for data trusts to facilitate data 
sharing among academia, businesses, and government institutions 
involved with data-driven drug development.  

Another key opportunity to increase the amount of institutional data 
available to guide drug development is to better enforce the publication of 
clinical trial results. This is particularly useful for increasing the 
transparency around the potential risks of drugs, as well as for allowing 
other stakeholders to learn what does not work so they can avoid 
redundant research. As Srini Ramanathan, vice president of development 
sciences at Horizon Pharma, put it, “A lot of companies have giant 
databanks of compounds that they’ve tested that worked and didn’t work 
… we learn by how we succeed and how we fail.”99 While some researchers 
share their clinical trial results in medical journals, a large share of this 
data is never publicized. A 2012 study found that between 25 and 50 
percent of all clinical trials are never published or are only published years 
after the fact.100 While it is understandable a company may want to avoid 
calling attention to its unsuccessful research, the study found that nearly 
half of all clinical trials funded by NIH went unpublished for 30 months 
after completion, and 32 percent were never published.101  

What makes this particularly concerning is Congress attempted to solve 
this problem with the FDA Amendments Act of 2007, requiring the public 
reporting of clinical trials, with some exceptions, with strict penalties for 
noncompliance.102 However, a 2015 investigation from medical-journalism 
publication STAT found that “Most research institutions—including leading 
universities and hospitals in addition to drug companies—routinely break a 
law that requires them to report the results of human studies of new 
treatments to the federal government's ClinicalTrials.gov database.”103 Of 
the 9,000 studies examined, 74 percent of industry trials were either 
reported late or not at all, while 90 percent of trials run by academic 
institutions were reported late or not at all.104 This violation was likely due 
to, at the time of the study, neither the FDA nor NIH ever having enforced a 
penalty for noncompliance, which could be as high as $10,000 for each 
day a trial goes unreported beyond the deadline.105  

Fortunately, clinical-trial reporting has increased substantially since 2015, 
likely due in large part to the STAT investigation: 72 percent of all trial 
results were disclosed as of September 2017, which the sharpest increase 
in adherence coming from academic and nonprofit research institutes.106 
However, shortcomings still remain, as 2 in 5 trials are reported after the 
deadline has passed, and certain institutions still have woefully inadequate 
reporting rates.107 The FDA’s finalized rule for penalizing noncompliance 
went into effect in January 2018, but neither the FDA nor NIH have 
expanded their enforcement staff.108 Congress should ensure these 
agencies have the necessary resources to fully enforce the reporting law, 
and direct the agencies to be more aggressive about penalizing 
noncompliance to ensure this valuable data is widely available.  
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Finally, policymakers should look for opportunities to increase data sharing 
with international partners to advance data-driven drug development. The 
FDA’s Center for Devices and Radiological Health, for example, has an 
information exchange program with other national regulators to exchange 
regulatory data of mutual interest, allowing them to share resources to 
make more informed decisions.109 However, any such partnerships should 
be based on mutual benefit and sharing, with the government only entering 
into partnerships with nations that engage in mutual levels of sharing and 
adequately protect biopharmaceutical intellectual property. 

Expanding Access to Nontraditional Data 
The FDA’s Real-World Evidence Program is encouraging as it signals that 
regulators are both aware of the value of new kinds of data sources for 
aiding drug evaluation and the potential challenges in using this data. 
However, the framework provides little guidance about newer, 
nontraditional data technologies, simply stating, “FDA will explore 
strategies for filling gaps in data that may be difficult to obtain from 
currently used EHRs and medical claims data, including exploring the use 
of mobile technologies, electronic patient reported outcome tools, 
wearables, and biosensors.”110 The FDA should prioritize the development 
of this guidance as quickly as possible, and update it regularly to account 
for new technologies.  

MODERNIZING REGULATORY PROCESSES 
Medicine is a highly regulated field, and as such, the ability for regulators 
to take advantage of data and respond to new data technologies will 
greatly influence the growth of data-driven drug development.  

The FDA’s Sentinel System shows great promise to transform the role of 
the regulatory review process for the better, and the FDA should be 
commended for it. Congress should ensure the FDA has the resources 
necessary to achieve this vision for the Sentinel System.  

Additionally, given the ability of new technologies to make it easier to share 
data and conduct more decentralized clinical trials, it is increasingly 
feasible, and sometimes desirable when considering participant diversity, 
to conduct global trials across national lines. Over the past several 
decades foreign clinical trials (FCTs) have become increasingly common 
due to factors such as lower costs, less difficulty in recruiting patients, and 
efforts from other countries to attract research and clinical trials.111 The 
FDA accepts FCT data, provided the trials were conducted in accordance 
with FDA standards. However, limited resources and the increase in FCTs 
mean the agency can only inspect a limited number of foreign sites. In 
2008, the FDA inspected just 0.7 percent of foreign clinical sites, 
compared with 1.9 percent of domestic sites.112 Given the potential value 
of this data for drug development, Congress should encourage the FDA and 
provide the resources necessary to increase FCT inspections, harmonize 
regulatory standards across national lines to meet the FDA’s satisfaction, 
and adopt risk-assessment analytics tools to prioritize inspections for high-
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risk sites.113 Again, such cooperation should only be granted to nations 
that extend similar cooperation to the United States. 

PROMOTING EQUITY  
Despite the potential of data-driven drug development, its benefits mean 
less to people who are not represented in the data used to drive new 
discoveries and evaluate new treatments. This is a symptom of data 
poverty—the social and economic inequalities that arise from a lack of 
collection or use of data about individuals or communities.114 Data poverty 
is a particular challenge for data-driven medicine as a whole. Historically, 
racial and ethnic minorities, as well as women, have been 
underrepresented in clinical trials.115 For example, Hispanics represent 
approximately 16 percent of the U.S. population, but only 1 percent of 
clinical trial participants.116 When certain groups are underrepresented in 
the data, the decisions made about the safety and efficacy of treatments 
for patients may be biased. For example, women are more likely to have an 
adverse reaction to a drug and may respond differently to medical devices. 
Some drugs have even been taken off the market because of effects to 
women that were missed in clinical trials. Similarly, studies have  
found that various racial and ethnic groups respond differently to  
certain medications.117 

Data poverty is not just limited to clinical trials. The majority of participants 
in genomics research are of European descent, which limits the utility of 
precision-medicine treatments. As Jacquelyn Taylor, a health-equity 
researcher at New York University, explained, “It’s hard to tailor treatments 
for people’s unique needs, if the people who are suffering from those 
diseases aren’t included in the studies.”118 

Policymakers have options to help address these equity concerns. The FDA 
began investigating how well demographic subgroups are represented in 
clinical trials, and whether subgroup-specific safety and effectiveness data 
became available after the passage of the 2012 Food and Drug 
Administration Safety and Innovation Act.119 And in 2015, the agency 
began publishing “Drug Trial Snapshots” illustrating the diversity of clinical 
trial participants for new drugs.120 However, the FDA has not established 
diversity guidelines for clinical trials.121 There is some justification for this, 
as certain drugs are intended only for narrow demographic subgroups, 
which means there is little need to include participants for clinical trials 
that reflect the broader population. Though the FDA lacks authority to 
require specific levels of diversity in clinical trials, it does attempt to 
encourage diversity in other capacities, such as by developing educational 
materials for patients about clinical trial participation and best practices for 
recruiting women for trials.122 The FDA should expand on these efforts and 
engage with pharmaceutical companies to raise awareness of the 
importance of diversity.  

Additionally, NIH’s All of Us Research Program will go a long way toward 
increasing the diversity of genetic data available to researchers. 
Policymakers should nevertheless support expansion of the program.  
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The Obama administration budgeted $215 million for the Precision 
Medicine Initiative to develop its million-person research cohort at 
launch.123 By contrast, China launched its 15-year Precision Medicine 
Initiative in 2018 with $9.2 billion in funding with the goal of sequencing 
100 million genomes. 124  

Policymakers ensure the All of Us Research Program can continue to ramp 
up operations to begin developing its cohort, but also develop near- and 
long-term goals to grow the program, including expanding the cohort 
beyond 1 million people, with a focus on representation that accurately 
reflects the diversity of the United States. To help accomplish this, 
Congress should appropriate additional funding so NIH can hire the 
workforce and develop the infrastructure to steadily grow this program year 
after year.125  

Importantly, the National Health Research Data Exchange would go a long 
way toward promoting equity by providing an opportunity for every person 
in the United States to broadly share their health data for research, rather 
than just individuals who are particularly motivated to do so or are easy for 
researchers to target.   

DEVELOPING AI SKILLS 
AI is underlying many valuable developments in data-driven drug 
development. However, the United States is struggling to meet the demand 
for workers with AI skills, which limits progress in all applications of AI.126 AI 
could change the skills involved in drug discovery. For example, it can 
automate much of the HTS process, making the skills to do so manually 
less useful while increasing the demand for computational skills necessary 
to develop and use AI.127  

While some AI skills will be unique to the biopharmaceutical industry, many 
will not. And to the extent companies compete for scarce AI talent, that 
shortage will slow AI-driven drug development. There are a number of steps 
policymakers should take. State and federal lawmakers should promote 
data-science education, especially at and beyond high school, in order to 
raise the baseline computational skills of workers. This could include all 
states that allow computer science and statistics courses to count for math 
or science graduation requirements; prioritizing making computer science 
and statistics courses available in every high school; increasing the 
number of qualified computer science teachers; and doubling the number 
of science-, technology-, engineering-, and mathematics-focused  
charter schools.128  

At the higher-education level, policymakers should create compelling 
incentives for computer science education. The National Science 
Foundation should provide grants to schools for implementing programs to 
increase computer science enrollment and retention.129 The federal 
government should also require increased transparency as a prerequisite 
for certain educational funds. For example, schools should be required to 
monitor and disclose the number of computer science applicants, 
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prospective majors, and retention rates in order to be eligible for certain 
federal benefits.130  

Additionally, Congress should enable more foreign AI talent to live and work 
in the United States. While attracting foreign-born AI talent is useful for U.S. 
competitiveness in AI broadly, the pharmaceutical industry in particular 
relies heavily on foreign-born workers. A 2014 study found that while 
immigrants made up 13 percent of the U.S. population in 2011, they made 
up 17 percent of pharmaceutical industry workers.131 And by some 
estimates based on 2015 data, immigrants constitute 23 percent of the 
pharmaceutical workforce today.132 The importance of foreign-born talent 
in drug discovery in particular is even more evident, making up one-third of 
the research and development industry.133  

Policymakers should make it easier for foreign AI talent to help advance 
drug development in the United States in two ways. First, though the 
biopharmaceutical industry on average does not employ a large number of 
workers on high skilled, H-1B visas, policymakers should nonetheless 
increase the cap on H-1B visas to ensure U.S. pharmaceutical firms can 
more easily access AI. Additionally, policymakers should exempt 
international students with science, technology, engineering, and 
mathematics (STEM) degrees with job offers from Green Card caps that 
restrict how foreign born, U.S.-educated graduates from each country are 
permitted to work in the United States. A group of senators has recently 
introduced legislation to do this, titled the Keep STEM Talent Act  
of 2019.134   

CONCLUSION 
Data-driven innovation promises to be even more transformative in 
medicine than in many other sectors. Given the uniquely high stakes for 
data-driven drug development, and its potential to save lives and improve 
quality of life, policymakers need to push for policies to accelerate the 
development and deployment of data technologies, increase the 
accessibility of valuable data—particularly through the development of a 
National Health Research Data Exchange—modernize regulatory processes 
around the potential of data, and ensure the benefits of data-driven drug 
development flow to all.  
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