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With high-throughput genome sequencing technologies maturing and human genetic data
accumulating at an ever-increasing pace, burgeoning advances in human genomics research enrich our weapons in the arsenal against diseases. One of the most revolutionary breakthroughs
is genomic medicine (i.e, personalized medicine or precision medicine), which relies on a deep
understanding of the genetic architecture of diseases to provide eﬀective preventive and therapeutic strategies (Cohn, Henderson and Appelbaum, 2017).1 While applauding the health beneﬁts
brought by the proliferation of genomic medicine and treatments,2 a growing chorus of voices
is calling attention to the distributive justice in the translation of scientiﬁc advances to human
health (Beavis, Gravitt and Rositch, 2017; Singh, Kogan and Slifkin, 2017). The lack of ancestral diversity in biomedical science and clinical trials is gradually being recognized as a crucial
hidden driver of the widening disparities, especially in the era of genomic medicine (Bonham,
Callier and Royal, 2016; Manrai et al., 2016; Landry et al., 2018; Martin et al., 2019).
Genomics research has witnessed persistent incongruities between disease burden and ancestral representation.3 The lack of ﬁnancial support for projects on minority population could
be a major contributor to the sluggish growth in diversity, apart from barriers such as cultural
and linguistic obstacles, and lack of access to information on research for the minority community.4 Against this background, this paper aims to examine the role of public funding policy in
addressing the missing ancestral diversity in genomics research and its consequential eﬀects on
scientiﬁc advances.
In 1993, the Revitalization Act was signed into law to direct the National Institutes of
Health (NIH) to require federally funded clinical research to prioritize the inclusion of women and
minorities. Decades after its implementation, there still exists a considerable funding disparity
1 Genomic medicine are therapeutic products that are developed regarding speciﬁc biomarkers or genetic markers.
Twenty-ﬁve of the 59 new molecular entities approved by the FDA in 2018 are personalized medicines, accounting for
up to 42% of the FDA approvals, while only 5% in 2005 (Urban and Naylor, 2018; PMC, 2019).
2 Taking Ivacaftor (brand name Kalydeco) as an example, it is the ﬁrst cystic ﬁbrosis transmembrane conductance
regulator (CFTR) modulator, targeting patients six years old and older with a G551D CFTR gene variant. It is estimated
that overall and cystic ﬁbrosis-related inpatient admissions dropped by 55% and 81%, respectively, among patients initiating
Ivacaftor therapy (Feng et al., 2018).
3 Chen Jr et al. (2014) ﬁnds that between 1993 and 2013, less than 2% of the cancer clinical trials funded by the National
Cancer Institute primarily focus on minority populations. Similar ﬁndings have been see in Loree et al. (2019). Burchard
et al. (2015) ﬁnds that among the NIH-funded pulmonary diseases-related studies published during 1993 and 2013, only
4.4% reported the inclusion of minority groups.
4 George, Duran and Norris (2014) provides a systematic review of the barriers which impede the participation of minority
communities.
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(Reardon, 2014; Hoppe et al., 2019; D
– oàn et al., 2019). For NIH R01 applications from 2011 to
2015, proposals from white Principal Investigators (PI) were 1.7 times more likely to be funded
than those from African American PIs (Hoppe et al., 2019) and the gap persists even after
matching a variety of characteristics of the proposals (Erosheva et al., 2020). In a survey by
Jimenez et al. (2019), over 80% of the faculty respondents list insuﬃcient funding as a barrier to
engaging in diversity and inclusion activities. Inadequate funding support (Carnethon, Kershaw
and Kandula, 2020; Taﬀe and Gilpin, 2021) and sizable recruitment cost of minority participants
(Oh et al., 2015) hinder the minority health research.
There is consensus that certain fundamental changes, for example, in the funding mechanisms and peer review process, are required to promote the diversity and inclusion (Popejoy and
Fullerton, 2016; Carnethon, Kershaw and Kandula, 2020). However, most of the discussions on
tackling the missing diversity to date have been descriptive. Our study expands their appeal
by quantifying the eﬀects of grant opportunities on promoting diversity in science. Quantitative
analyses are critical to funding agencies when designing policies to cultivate research on the
underrepresented populations.
Our empirical context is set in Genome-Wide Association Studies (GWAS), which seeks to
identify disease-associated genetic variants. GWAS has been burgeoning since the ﬁrst GWAS
paper came out in 2005. A typical GWAS project is usually a case-control study and is designed
to unearth the genetic architecture of diseases using genotype data from both normal individuals
and patients. GWAS projects require signiﬁcant inter-institutional collaboration and resources
as genome sequencing or genotyping of large-scale subjects is essentially needed to detect the
very subtle but meaningful association between a single genetic variant and a disease.
The grant expansion at the NIH due to the American Recovery and Reinvestment Act
of 2009 (hereafter ARRA-NIH grant expansion) provides an ideal context for our study. To
stimulate the economy through the advancement of science, NIH was appropriated a total of
approximately $10 billion for two years on top of its regular funding budget, from February 2009
through September 2010. This expansion signiﬁcantly raised NIH total funding level from $38.4
billion in 2008 to over $44.5 billion in both 2009 and 2010.
The ARRA-NIH grant expansion, by and large, greatly helped lessen two major barriers to
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minority health research – the shortage of minority scientists within the academic community,5
and the inadequacy of ﬁnancial support. Over 80% of the ARRA-NIH funding was allocated to
support extramural scientiﬁc projects in all NIH-aﬃliated research institutes. It also ﬁnancially
supported the training of scientists from underrepresented populations, provided start-up packages, and set up new funding mechanisms. The unprecedented increase in grant opportunity, and
a more transparent and expedited review process opened more access to funding for researchers
to conduct GWAS projects focusing on minority ancestries, which are usually more costly in
searching and recruiting participants than studies on European whites.
We construct a unique data set combining multiple data sources – the GWAS Catalog,
PubMed portal, NIH RePORTER, and Medical Expenditure Panel Study (MEPS). For each
study, we curate subjects’ ancestral information from textual records in the GWAS Catalog and
scrape a complete and ordered list of authors and funding information from PubMed Portal.
Our ﬁnal curated data consist of 2,706 GWAS studies from 27 broad disease categories between
2005 and 2016, and contain information on disease studied, study sample size, the ancestral
background of subjects, the ancestral background of authors, and grant information for each
GWAS study.
It is challenging to causally quantify the impact of the ARRA-NIH grant expansion on
ancestral diversity in genomics research. Simply regressing the diversity measure on the amount
of funding received is not plausible for a causal interpretation. The source of endogeneity is
twofold. First, reverse causality is a potential obstacle. As the NIH Revitalization Act of 1993
mandated the inclusion of minority and female subjects in clinical research, disease research
involving a large pre-existing share of minority subjects may have a higher chance of obtaining
an ARRA-NIH grant. In this situation, we might overestimate the impact of ARRA-NIH grant
expansion. Besides, some unobserved confounding factors may also contaminate the estimate.
One example is the grant reviewers’ taste. Though the ARRA initiative did not explicitly
prioritize certain disease research, the NIH study session committees, which are responsible for

5 On the one hand, scientists from minority backgrounds have incentives to perform studies beneﬁting their communities
(Bentley, Callier and Rotimi, 2017). On the other hand, they have cultural connections with the minority communities they
are from, thus are able to mitigate mistrust and facilitate communications between the communities and the research teams
(George, Duran and Norris, 2014; Hindorﬀ et al., 2018).
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the grant proposal review, may have particular preferences (Li and Agha, 2015; Li, 2017; Pier
et al., 2018). For example, Burchard (2014) observes that NIH grant reviewers for genomics
research tend to prefer proposals studying European white ancestry to proposals focusing on
minority ancestries, as they believe that the former is more genetically homogeneous and the
sample size for minority health research is too small to conclude convincing ﬁndings as the
recruitment of the minority subjects are often more challenging. It is diﬃcult to fully control
for unobserved confounding factors like the taste of the study session committee in the empirical
exercise. This raises a concern that omitting those factors may lead to the impact of ARRA-NIH
grant expansion being underestimated.
To address the concerns stated above, our empirical analysis employs a Diﬀerence-inDiﬀerences model (DID) that exploits the across-disease variations, prior to the ARRA-NIH
grant expansion, in the proportion of people with medical conditions among minorities relative
to whites, which is referred to as relative referral base (RRB) in this paper. RRB is calculated
as the ancestral diﬀerence (minority vs white) in the share of people with medical conditions in
the US in 2005 based on the nationally-representative summary estimates by MEPS. We use the
estimates in 2005 because that is the year when the ﬁrst GWAS study came out, so RRB is less
likely to be aﬀected by the rapid development of GWAS. Ideally, RRB should well characterize
how signiﬁcantly each GWAS disease research beneﬁts from the grant expansion. We provide
the rationale in the empirical model section.
Our empirical analysis proceeds in four steps. First, we justify that RRB distinguishes
which minority disease research would beneﬁt from the grant expansion more signiﬁcantly. Our
exercise shows that the GWAS on diseases with a higher RRB tends to have a higher chance for
being supported by an ARRA-NIH grant. The contribution of RRB to this likelihood quickly
climbs to a peak during the ARRA period (2009-2010) and then diminishes gradually afterwards,
which echoes the fact that the ARRA-NIH grant expansion is a two-year temporary stimulus.
We do not observe any notable increase in funding support from other countries during the
ARRA period.
Second, we investigate the impact of ARRA-NIH grant expansion on the diversity of GWAS
subjects, taking the share of minority subjects in a particular disease research in a given year as
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the primary dependent variable. The descriptive analysis shows that the entire GWAS ﬁeld has
been developing rapidly since 2009, with the total number of subjects in 2016 surpassing 6 million.
Minority subjects occupied approximately 8.4% of all subjects in 2016, which is better than its
3.4% in 2007, suggesting an improvement in diversity in the past decades. Nevertheless, minority
ancestries are still underrepresented. Our empirical analysis reveals that the ARRA-NIH grant
expansion contributes a sizable enrichment in ancestral diversity of the GWAS subjects. It is
noteworthy that the most pronounced enrichment is seen between 2009 and 2011, and the eﬀect
persists through 2016, though the ARRA-NIH initiative was terminated in 2010.
To explore what drives the long-lasting impact, we set our focus on the academic engagement of minority scientists. The inﬂow of minority researchers may raise the awareness of the
lack of diversity in genomics research and prompt more research eﬀorts on diseases prevalent
among the minority population (Jimenez et al., 2019). Meanwhile, investigators of concordant
ancestral background are helpful to facilitate communications, and build a mutual-trust partnership between the research teams and the minority communities (Burchard, 2014; Bentley,
Callier and Rotimi, 2017), thereby making the minority health research more feasible. In our
data, we observe that the share of minority authors gradually grew from 8% in 2008 to 11.1% in
2016 with a peak of 14.7% in 2014. Our DID estimates demonstrate that the ARRA-NIH grant
expansion substantially facilitates the academic engagements of minority scientists, as reﬂected
by increasing appearances of minority names in the author list. Moreover, the grant expansion
also shapes the scientiﬁc collaboration pattern: it signiﬁcantly increases the probability that a
minority author serves as the ﬁrst authors in a GWAS study, while having minimal impacts on
minority researchers serving as principal investigators or fundraisers.
The remainder of the paper proceeds as follows. Section II brieﬂy introduces background
of the ARRA legislation and GWAS. Section III describes the data and empirical approach in
the analysis. Section IV presents the primary results of ancestral diversity in GWAS subjects.
Sections V further explores the diversity in the academic workforce. Section VI discusses our
contributions, policy implications and concludes.
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I.
A.

Background

Genome-Wide Association Studies (GWAS)

The completions of the Human Genome Project in 2003 and the International HapMap
Project in 2005 initiated the genome era. In the new arsenal for geneticists, GWAS, the approach
to compare genetic variation diﬀerences between aﬀected and unaﬀected individuals using highthrough genotyping technologies on large-scale samples, is one of the most powerful weapons.
Since the ﬁrst GWAS article came out in 2005, this approach has been widely employed to explore
the genetic variations associated with diseases like diabetes, Alzheimer’s Disease, asthma, heart
disease, and so on.6 For simplicity in this paper, we use the term “GWAS” to represent the human
genomics research using GWAS approach, regardless of the underlying sequencing technology.
In a typical GWAS project, geneticists obtain DNA from two groups of participants, patients
with the disease studied and healthy individuals with similar demographics. Selected positions
on the chromosome, called single nucleotide polymorphisms (SNPs), are then scanned using
high-throughput arrays that can genotype up to millions of SNPs for each individual.7 SNPs
are one of the common types of genetic variations in human genome. SNPs may potentially
aﬀect gene expressions and protein generations, especially when they are located within a gene
or a regulatory region near a gene. The dysfunction of proteins may lead to variations in traits
or onset of diseases. After a series of quality control processes, if one particular SNP or more
has a signiﬁcantly higher appearance among the patients relative to the healthy participants,
then these SNPs or nearby genetic variants are biologically important for the disease and are
likely to be associated with the risk of the disease studied. Scientists also employ gene-based
association tests (GATES) to identify genes containing multiple risk SNPs that individually are
weakly associated with a disease (Chung et al., 2019).
Over the past two decades, increasing genetic variants have been identiﬁed for many dis6 The Genome-Wide Association Studies fact sheet at the National Human Genome Research Institute
provides plenty of background knowledge about GWAS: https://www.genome.gov/about-genomics/fact-sheets/
Genome-Wide-Association-Studies-Fact-Sheet.
7 The sequence of the four nucleotide bases Adenine(A), Guanine(G), Cytosine(C) and Thymine(T) codes the genetic
information in DNA. Ninety-nine percent of the approximately 3 billion bases in human DNA are the same across populations,
however, almost one in every 1,000 nucleotides on average diﬀers from person to person. Those variations are called SNPs.
For more information, please see https://ghr.nlm.nih.gov/primer/genomicresearch/snp.
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eases using GWAS.8 For example, the well-known Apolipoprotein E gene (known as APOE) on
chromosome 19 is polymorphic, with three major alleles (AP OE-ϵ2, AP OE-ϵ3, and AP OE-ϵ4).
These three alleles can be discerned using two SNPs: rs7412 and rs429358.9 The variant AP OEϵ4 is found to be the strongest risk variant for Alzheimer’s Disease (Koutsodendris et al., 2021).
Other AD-associated SNPs include, for example, rs4236673 (closest gene: CLU ) on chromosome
8 and rs10792832 (closest gene: P ICALM ) on chromosome 11.
The SNP-disease associations from GWAS are of great potential for the development of
genomic medicine. Instead of the one-size-ﬁts-all treatments, novel personalized medicine can
be developed based on each patients’ unique genetic proﬁle, to provide targeted therapeutic
treatments with high eﬃcacy. One well-known example is the warfarin pharmacogenetics for the
prophylaxis and treatment of venous thromboembolism and complications associated with atrial
ﬁbrillation and cardiac valve replacement.
B.

Missing Diversity and Health Equity in the Era of Genomic Medicine

Recent decades have witnessed noticeable progress in addressing the missing diversity in
GWAS; however, it is barely adequate. Mills and Rahal (2019) ﬁnds that European white
accounted for approximately 95.47% of the subjects in GWAS in 2007, and still as high as
87.96% in 2017.10 In 2017, only 0.57% of the GWAS subjects were African, 1.2% were Hispanic
or Latin American, and 6.33% were Asian. The missing diversity in genomics research raises the
concern that whites may disproportionately beneﬁt from the innovation in genomic medicine.
The “Asthma Inequality” is a well-known example showing the exacerbation in health disparity driven by missing minority subjects in research (Burchard, 2014; Cazzola et al., 2015).11
Inhaled β2-agonists (such as Albuterol) are widely used therapeutic drugs for acute asthma.
The guidelines regarding the escalation of asthma therapy recommend an addition of a long8 For example, BRCA1 and BRCA2 genes are strongly associated with breast cancer, and have been widely used as
markers in genetic testing. DisGeNET is a large database for publicly available genes and variants associated to human
diseases. For more information, see https://www.disgenet.org/.
9 When hymine(T) appears at rs7412 and rs429358 (rs7412-T and rs429358-T), then the polymorphism is called AP OEϵ2. In the case of rs7412-C and rs429358-T, it is called AP OE-ϵ3. In the case of rs7412-C and rs429358-C, it is called
AP OE-ϵ4.
10 Popejoy and Fullerton (2016) also ﬁnds the similar pattern. In their paper, GWAS subjects from European white
ancestry account for about 96% of the 1.7 million samples in 373 studies in 2009, and about 81% of the 35 million samples
in 2,511 studies in 2016.
11 Oh et al. (2015) provides other disease examples in their table 1.
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lasting-β2-agonist, superior to an increase in the dose of an inhaled glucocorticoid (Peters et al.,
2010). This recommendation is mainly established by studies primarily conducted in the European white ancestry without accounting for variations in genetic architecture across ancestries
(Wechsler et al., 2019).12 Increasing evidence shows that long-lasting-β2-agonists medications
do not work equally across populations: the risk of treatment failure among African American
asthma patients is twice as large as that among their European white counterparts (Wechsler
et al., 2011). The notable variations in the bronchodilator drug response reﬂect the rare and/or
population-speciﬁc variants in the genetic architecture of asthma (Ortega et al., 2014).13 The
guidelines drawn from whites-based biomedical studies may cause inaccurate assessment of the
disease risk and lead to improper treatment interventions among the underrepresented minority
populations (Sirugo, Williams and Tishkoﬀ, 2019), which underscores the calls for inclusion of diverse populations in genomics research (Rosenberg et al., 2010; Oh et al., 2015; Cohn, Henderson
and Appelbaum, 2017; Hindorﬀ et al., 2018; Wojcik et al., 2019).
C.

ARRA-NIH Grant Expansion in 2009 and 2010

In order to stimulate the economy after the Great Recession, the US carried out a prodigious
stimulation package, the American Recovery and Reinvestment Act of 2009, in February 2009.
One unprecedented initiative of the ARRA is to appropriate a total of approximately $10 billion
directly to the National Institutes of Health to spark the economy through increasing spending
on research. This ﬁnancial package was available for two years, from February 2009 through
September 2010.
The NIH stimulus package is unprecedented, albeit temporary. The additional funding of
$10 billion was put on top of the regular NIH budget. A report from the Congressional Research
Service (Sekar, January 22, 2020) shows that: in the ﬁscal year 2008, the program-level funding
at the NIH was about $38.4 billion (constant dollars in 2020 hereafter); it increased sharply to
12 Another example is from the cardiovascular guidelines. Among all patients enrolled in the randomized clinical trials (RCTs) cited in the American College of Cardiology/American Heart Association (ACC/AHA) guidelines for atrial
ﬁbrillation (AF), heart failure (HF), and unstable angina/nonST-segment elevation myocardial infarction (acute coronary
syndromes (ACS)), 86% are white in RCTs for AF and ACS, 73% for HF RCTs (Sardar et al., 2014).
13 Ortega et al. (2014) ﬁnd that the rare ADRB2 variants are likely to cause a severe asthma exacerbation among LABAtreated white with the T hr 164 Ile variant, and among LABA-treated African American asthma patients with the −376
In-Del rare variant. The frequencies of the ADRB2 variants diﬀer between ancestral populations.
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$44.8 billion in 2009 and $44.9 billion in 2010 (about $40 billion without ARRA-NIH grant in
both years) and then dropped to $36.8 billion in 2011 as the stimulus package was terminated;
it is worth mentioning that in the ﬁscal year 2020, the program-level fund was $41.6 billion,14
less than that either in 2009 or in 2010.
Of the total $10 billion to the NIH, about $1.8 billion was allocated for purposes such
as extramural construction, repairs and capital equipment purchase, and the remaining $8.2
billion was designated to support extramural scientiﬁc research in all NIH-aﬃliated Institutes
and Centers, Oﬃce of Director and Common Fund.15 A broad set of research on diseases, such
as diabetes, cancers, and heart and lung diseases, received substantial support from the ARRANIH grants through the existing funding mechanisms (such as R01) or new ARRA-NIH-wide
programs.16
Though this expansion was not speciﬁc to minority science, it unexpectedly helped lessen
major barriers to minority health research.
First, it gave substantial funding opportunities for minority health research. For example,
the National Institute on Minority Health and Health Disparities (NIMHD) was awarded a
two-year planning grant totaling $600,000 to study obesity-related disparities among Native
Hawaiians and Paciﬁc Islanders in 2009.17 The grant review process was more transparent and
expedited: It asked for shorter research proposals without any requirements on preliminary data
and analysis, and paid more emphasis on the impact of research and less on the technical details
(Kaiser, 2009; Sorin and Hannum, 2014). Therefore, the volume of applications in 2009 and 2010
were boosted thanks to the NIH stimulus plan (Kaiser, 2009).
Second, the ARRA-NIH grants also provided remarkable ﬁnancial support for researchers
from underrepresented populations, including training junior or minority, or female scientists,
providing start-up packages, and ﬁnancing pilot research. From February 2009 through Septem14 Estimate comes from FY 2020 By the Numbers: Extramural Investments in Research. For more details, see https:
//nexus.od.nih.gov/all/2021/04/21/fy-2020-by-the-numbers-extramural-investments-in-research/.
15 For more details on NIH’s role in the American Recovery and Reinvestment Act, please see https://www.nih.gov/
about-nih/who-we-are/nih-director/statements/nihs-role-american-recovery-reinvestment-act-arra.
16 The ARRA-NIH-wide programs gave priority for projects with the potential to advance the frontiers of science through
the Challenge Grants (RC1), and also supported projects with signiﬁcant short-term impacts through the Grand Opportunity
Grants (short for Go, RC2).
17 https://recovery.nih.gov/stories/ViewStory.aspx?id=94.
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ber 2010, more than 12,000 ARRA-NIH grants for 21,581 projects had been awarded. About
75% of the total funding was used to support the new science, and the rest for existing research.18
Among the 13,000 Principal Investigator (PI) positions created by ARRA-NIH grants, about 9%
were new PIs and they received one-eighth of the total ARRA-NIH funding. PIs who experienced
a funding shortage before ARRA took one-sixth of the total funding (Sorin and Hannum, 2014).
Though these numbers are not speciﬁc to minority scientists, we can still get a perception that
the expansion signiﬁcantly enhanced minority health research capacity in academic institutions.
GWAS studies also beneﬁted signiﬁcantly from the ARRA-NIH grant expansion. Though
we do not have a precise amount of the ARRA-NIH funding for GWAS, we can still intuit how
tremendous the impact is from existing studies and reports. The National Human Genome Research Institute (NHGRI) reported that rewards valuing more than $113 million were granted
to itself alone, on top of its regularly appropriated budget of $367 million.19 Mills and Rahal
(2019) estimates that up to 2017, about 85.11% of funding acknowledgments in GWAS publications were to US agencies. Most of those acknowledgments were primarily related to NIH
grants (not limited to ARRA-NIH grants). The four NIH-aﬃliated institutes, National Heart,
Lung & Blood Institute (NHLBI), National Cancer Institute (NCI), National Institute on Aging
(NIA), and National Institute of Mental Health (NIMH), together with the UK Medical Research Council (MRC) were listed as the top ﬁve most frequently acknowledged agencies. As of
2017, approximately 57.6% of the cumulative acknowledgments in GWAS publications pointed
to these top ﬁve agencies.
II.

Data and Sample
A.

Data Sources

Our primary data rely on four sources: (1) the GWAS Catalog, (2) the PubMed Portal,
(3) the NIH RePORTER, and (4) the Medical Expenditure Panel Survey (MEPS) summary
tables.20 Each data source serves diﬀerent purposes, which are discussed below. For details
18 For

more on ARRA-NIH grant summary, see https://report.nih.gov/recovery/NIH_ARRA_Funding.pdf.
https://recovery.nih.gov/Stories/ViewStory.aspx?id=35.
20 The GWAS Catalog-EMBL-EBI: https://www.ebi.ac.uk/gwas/, accessed on Oct 14, 2019; The PubMed-NCBIL:
https://www.ncbi.nlm.nih.gov/pubmed/; The NIH RePORTER: https://reporter.nih.gov/; The MEPS summary tables:
19 See
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about our data curation, please refer to Appendix B.
The GWAS Catalog is a collection of GWAS articles, with the earliest article traced back
to 2005. It is released and updated periodically by EMBL-EBI, an outstation of the European
Molecular Biology Laboratory aﬃliated to the European Bioinformatics Institute. We retrieved
the data for analysis from the GWAS Catalog on October 14th, 2019. In our data, the earliest
recorded GWAS publication came out on March 10th, 2005, and the latest one on September
9th, 2019. The raw data consist of 7,797 GWAS studies from 4,258 scientiﬁc publications.21
Given our interest in the diversity in GWAS studies, we organize the records by study.
Of the 7,797 studies, 7,789 have reported ancestry information for their study sample. The
ancestral information includes the textual ancestry descriptions, sample size, and country of
origin for subjects in the initial sample and the replication sample, respectively.22 Most importantly, GWAS subjects are classiﬁed into more than 180 broad ancestral categories in the GWAS
Catalog. In order to facilitate our analysis, we aggregate these broad ancestral categories into
seven ancestry categories following Mills and Rahal (2019). These seven broader ancestral categories in our analysis are: “African,” “African American or Afro-Caribbean,” “Asian,” “Hispanic
or Latin American,” “European White,” “Other or Mixed,” and “In Part Not Reported.” The
last ancestral category is excluded from our analysis due to limited information. The ﬁrst four
ancestries make up the minority group in our analysis.
We scraped a complete and ordered list of authors from PubMed Portal by using the unique
PubMed ID for each publication. Eventually, for the 7,797 studies, we identify 141,335 authors
in total.23 We predict the ancestral background associated with each surname based on the
2000 US census. We adopt a conservative rule: a surname is predicted to be associated with
a minority background only if its probability of being either “Asian”, “Black” or “Hispanic” is
https://meps.ahrq.gov/mepstrends/home/index.html.
21 A publication is a scientiﬁc article with a unique PubMed ID. Some publications may involve multiple genome-wide
association studies, each of which with distinct diseases/traits, sample cohorts, or other unique characteristics is referred to
as a study in the Catalog, and assigned with a unique accession number beginning with “GCST” in the data. A publication
may involve multiple GWAS studies that use diﬀerent samples of subjects.
22 We provide two examples. Example 1:“560 African American cases, 360 African American controls, 420 European
white ancestry cases, 680 European white ancestry controls in initial stage.” Example 2: “946 cases, 977 controls in the
initial stage, 530 trios, 353 cases, 207 controls in the replication stage.” Example 1 provides detailed information about
subjects’ ancestry, but Example 2 does not. In our curation, we assign subjects in Example 2 into the category ”In Part
not Reported.”
23 When we count authors, an author may be counted multiple times. For example, if he is listed in ten publications, his
name will be counted ten times.
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more than 0.95.24 Of the 141,335 authors, 19,510 are predicted to be minority names based on
this prediction criterion.
A grant list for the 7,797 studies is also queried from the PubMed Portal. Among them,
5,855 studies explicitly specify grant information in their acknowledgments, including grant series
number and funding agencies, resulting in a total of 55,142 grant acknowledgments and 10,926
unique grants issued by US funding agencies.25 In order to identify the studies supported by
the ARRA-NIH grants, we implement a fuzzy-wuzzy method to match the grant series numbers
between the list of 10,926 unique US-issued grants that we queried from PubMed portal and
the list of all ARRA-NIH grants from the NIH RePORTER. Finally, 903 matches are identiﬁed
as ARRA-NIH grants, and the studies associated with them are considered to beneﬁt from the
ARRA-NIH grants expansion. We refer to these studies as ARRA-NIH-supported studies.
We complete our data for analysis by merging national estimates from MEPS to our curated data via disease category. The fact that MEPS and the GWAS Catalog adopt diﬀerent
disease classiﬁcation systems makes the linkage challenging. Given that the MEPS uses Clinical
Classiﬁcation Software (CCS) based on ICD-10-CM codes, we convert the EFO ontology system
adopted by the GWAS Catalog to the CCS via the ICD-10-CM codes. We are aware of the
potential issue due to the attrition in the conversion. The attrition may cause our sample to be
biased if the dropped studies are systematically diﬀerent from the existing ones in terms of ancestral compositions of the subjects. To assess the inﬂuence of attrition, we compare the diversity
measure in our data with that in Mills and Rahal (2019), which comprehensively consider all
GWAS studies. The share of the minority subjects in our analysis is slightly higher than theirs.
However, the aggregate time trend in ours is similar to theirs.
B.

Sample Construction

Given our focus on the impact of ARRA, we restrict our analysis to studies with grants from
any US funding agencies. We then aggregate the studies supported by any US funding agencies
24 For example, the last name ”Huang” is predicted to be an Asian name with a probability of over 0.99. However, we
can not tell if the last name ”William” is a White name or Black name given the probability for the former is 41.2% and
51.6% for the latter.
25 Some studies do not explicitly specify grant acknowledgments. We assume that they do not receive any grant supports.
Also some studies have multiple grants.
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between 2005 and 2016 by year and broader disease categories to construct a disease-year sample
for the empirical analysis. Note that the number of studies in the years before 2007 is minimal.
Therefore, where not speciﬁcally mentioned, we recode 2007 to include 2007 and years prior to
2007.
To do so, we classify the studies into 52 broader disease categories based on the CCSdisease mapping provided by MEPS, resulting in 36 broader diseases, as shown in Table 1. For
nine diseases without an ID in Table 1, the number of people with medical conditions is not
available in the MEPS, so we drop them. Eventually, our analysis sample consists of 27 broader
disease categories and a total of 183 disease-year pairs from 2007 to 2016. Figure A1.1 shows
the number of studies for each disease in each year from 2007 to 2016. It is apparent that the
intensity of research varies considerably from disease to disease and from year to year. The
studies on diseases like cancer and mental disorders receive the most intensive attention each
year. However, diseases like anemia and other deﬁciencies, and female genital disorders and
contraception are comparatively less studied.
C.

Key Variables

Relative Referral Base for Minority Subjects – The referral base for subjects in a disease
research consists primarily of patients in hospitals or specialty care centers with a diagnosis of
such disease. Physicians or hospitals can refer these patients to research teams. This referral
base is a signiﬁcant source for the GWAS subjects.
We construct the referral bases (hereafter RB) for minorities and whites, respectively, based
on the MEPS summary table in 2005, the latest year before the earliest GWAS publication came
out. We avoid using the MEPS data in the years after 2005 because of the concern that the
development in GWAS may reversely aﬀect the recruitment of minority patients. Respondents
in MEPS are classiﬁed into ﬁve ancestry groups: (1) Hispanic, (2) Black, (3) American Indian,
Alaska Native, and multi-races, (4) Asian, Hawaiian and Paciﬁc Islander, and (5) European
White. For each ancestry group, we obtain two nationally-representative estimates in 2005 from
the MEPS summary table: the number of people with medical conditions by disease and the
population size. The minority population in our following analysis contains all the mentioned
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ancestries except European White.
We calculate the relative referral base (RRBd2005 ) for the minority subjects in 2005 using
Equation (1),
RRBd2005 = [

(1)

2005
Pm,d

P op2005
m

−

2005
Pw,d

P op2005
w

] × 100.

2005 (P 2005 ) is the number of minorities (whites) with medical conditions associated with disease
Pm,d
w,d

d in 2005, and P op2005
(P op2005
m
w ) is the population of minorities (whites) in 2005. The ratios,
2005
Pm,d
P op2005
m

and

2005
Pw,d
,
P op2005
w

are the RBs in 2005 for minorities and whites, respectively.

RRBd2005 is indicative of the diﬀerence in the number of people with medical conditions
associated with disease d per 100 individuals in 2005 between minorities and whites. We also
prefer to view RRBd2005 as a proxy reﬂecting variations across diseases in the recruitment cost
of minority patients, which is standardized with respect to that of whites. A larger RRBd2005
implies that for disease d, it is less challenging in subject recruitment for a GWAS study focusing
on minorities because of the relatively lower cost in searching minority participants.
We cautiously prefer RRB to RB in our baseline analysis. The grant study session committee
often faces a resource allocation problem involving cost-beneﬁt analysis of ﬁnancial investments
into studies on minorities or whites, respectively. This reminds us that the relative rather than
the absolute cost may matter more in funding allocation. In our decomposition analysis, we also
examine the impact of each RB separately. We should also be cautious that this referral base is
not equivalent to the disease prevalence rate used in epidemiology. The referral base based on
MEPS data is not only determined by the disease prevalence rate but is also aﬀected by factors
such as access to care, insurance coverage, and income status.
Table 1 shows the RRB for minorities by disease. Diseases without an ID are not used in
the empirical analysis due to the missing information on RRB in MEPS. There exist substantial
variations in the referral base across diseases in either the European white ancestry or the
minority ancestries. Except for anemia and other deﬁciencies, the referral base for whites is
considerably larger than the base for minorities, especially for mental disorders, hypertension,
and asthma. A larger referral base for whites may be a consequence of their better access to
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medical services.
Ancestral Diversity in Subjects – We focus on the subjects in both the discovery and replication stages in GWAS studies. We deﬁne an ancestral diversity measure (SubjectDivd,t ) as
the share of minority subjects in GWAS studies on disease d published in year t, as shown in
Equation (2):
(2)

SubjectDivd,t =

nsd,t
s
Nd,t

,

s and ns are the number of all subjects and the number of the minority subjects in
where Nd,t
d,t

the studies on disease d in year t. A higher value of SubjectDivd,t is indicative of enrichment in
the ancestral diversity in the GWAS subjects.
In Figure A3.1, we draw a heat map illustrating the ancestral diversity by disease and year.
The heat map shows several important points. First, some diseases are not thoroughly studied
and even do not have any publications in some years. Second, in the majority of the disease
research, the minority subjects occupy a share of less than 10% of the total subjects. Third,
diseases like cancers and mental disorders involve relatively more minority subjects.
Ancestral Diversity in Scientiﬁc Workforce – The ancestral diversity in the scientiﬁc workforce in our analysis is deﬁned as AuthorDivd,t in Equation (3):
(3)

AuthorDivd,t =

nad,t
a
Nd,t

,

where AuthorDivd,t represents the share of minority authors in all authors in the GWAS studies
a and na are the number of author’s names and the number of minority
on disease d in year t. Nd,t
d,t

author’s names in studies on disease d in year t, respectively. A higher share of minority authors
implies a more diverse academic community in the disease research, given that, thus far, the
majority of the researchers are white. It should also be noted that AuthorDivd,t captures the
active research participation of minority researchers.26 Figure A4.1 depicts the number and the

26 N a and na count a name by its appearance. An author name is counted multiple times if it is listed in more than
d,t
d,t
one publication. Thereby, AuthorDivd,t is a weighted measure, by using the frequency of the author’s name as a weight.
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share of minority authors by disease and year, respectively. There are considerable variations
in the share across diseases and over the years. In the majority of the disease studies, less than
20% of the authors are minorities, which may suggest a lack of involvement of researchers from
underrepresented populations.

III.
A.

Empirical Strategy
Identiﬁcation Strategy

Our identiﬁcation exploiting variations in RRB across diseases. First, RRB captures, to
some extent, variations in the feasibility of conducting minority health research across diseases.
One of the signiﬁcant sources of GWAS subjects is patients referred from hospitals or specialty
care centers. A smaller RRB suggests that fewer minority patients, relative to whites patients,
can be referred to and tracked by the research teams (Oh et al., 2015; Hindorﬀ et al., 2018),
thereby inducing signiﬁcant threats to project feasibility, for example, by imposing a higher
recruitment cost of minority subjects. Feasibility, always a critical review criterion for the study
session committee, could signiﬁcantly inﬂuence the odds that a research proposal is approved by
NIH. This is more true when it comes to minority health research proposals, as these projects
often fall short of their recruitment goals (Stewart et al., 2020) and have diﬃculties collecting a
suﬃciently large number of subjects to obtain statistical power.27
Moreover, RRB also well describes the scientiﬁc value of GWAS projects on a minority
population. A higher RRB suggests a relatively severe disease burden among the minority
community, thereby underscoring an urgent need to understand the genetic architecture of such
disease among the minority population. Projects on diseases with a higher RRB are good
candidates for some new types of funding mechanisms initiated by NIH during the ARRANIH grant expansion, for example, the Grand Opportunity Grants, which were designed to fund
projects with signiﬁcant short-term impacts.28
27 In GWAS research, in order to address the multiple testing issue, the criterion for signiﬁcance is very stringent. After
Bonferroni correction, the p value threshold for genome-wide signiﬁcance is usually 1 × 10−8 .
28 Health disparity and genomics are two areas listed among the 15 grant challenge areas outlined by NIH in 2009 in the
Omnibus of Broad Challenge Areas and Speciﬁc Topics. For more details, see https://grants.nih.gov/grants/funding/
challenge_award/omnibus.doc, accessed on Oct 10, 2021.
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We construct a Diﬀerence-in-Diﬀerences (DID) model as shown in Equation (4):
(4)

yd,t = β0 + ζRRBd2005 × P ostt + β1 Xd,t−1 + γd + θt + ϵd,t ,

where yd,t is the outcome of interest regarding disease d in year t. It is the ancestral diversity
in subjects, or the ancestral diversity in authors. RRBd2005 is the relative referral base for the
minority subjects for disease d in 2005. P ostd is deﬁned as one if the year is later than 2010
(≥ 2010); otherwise, zero. Xd,t−1 is a vector of control variables aiming to control for the diseaserelated research characteristics, including the total number of studies funded by non-US grants
up to the year t − 1 and the number of minority-based SNP-disease associations discovered in
studies funded by only non-US grants up to the year t − 1 to capture the scale and knowledge
accumulation. We also control for the total number of grants from US funding agencies up to
the year t − 1 to capture the inertia in funding decisions by funding agencies in the US.29 We
superimpose the disease ﬁxed eﬀect γd to account for the disease-speciﬁc and time-invariant
factors, and year ﬁxed eﬀect θt for the general time trend in the scientiﬁc community.
The validity of a DID estimator rests with the pre-event parallel trend assumption. In order
to test this, we implement a more parsimonious event study as shown in Equation (5):

(5)

yd,t = β0 +

2016
∑

ζj RRBd2005 × 1{year = j} + β1 Xd,t−1 + γd + θt + ϵd,t ,

j=2007;j̸=2009

where we particularly focus on the coeﬃcients of the interactions of RRB and the indicator of
each year, namely ζj . The year 2009 is the base year. Due to minimal publications in 2005 and
2006, we deﬁne 1{year = 2007} as 1 if j is 2007 or earlier. The coeﬃcient ζj is indicative of the
impact of the ARRA-NIH grant expansion in year j relative to year 2009. A necessary condition
for the pre-event parallel trend across diseases requires that the estimates of ζ2007 and ζ2008 are
close to zero and statistically insigniﬁcant.
29 Packalen and Bhattacharya (2020) note that the NIH may keep funding some scientiﬁc ﬁelds though those ﬁelds are
less fruitful than expected. This inertia in funding decisions may keep those ﬁelds over-funded and lead to a less diversiﬁed
funding portfolio. Hanna (2015) further ﬁnds that due to the inertia in funding decisions, diseases such as malaria and
HIV/AIDS are over-funded by the NIH relative to the health burden on the American population. In contrast, diseases
such as stroke and heart disease are still underfunded.
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We address the standard errors in two ways. We report the Huber-White robust standard
errors in our primary estimation results. We also cluster the standard errors at the disease level
to capture the correlations within disease. Given that there exist only 27 diseases in our analysis,
we follow Roodman et al. (2019), and report wild-bootstrap cluster p-values and wild-bootstrap
cluster 95 percent conﬁdence intervals using the boottest Stata command (10000 replications).
In the discussion below, we primarily interpret our estimates based on the Huber-White robust
standard errors, as the results based on the two standard error approaches are almost consistent.

B.

Validation of Identiﬁcation Rationale: Impact on Funding

We examine whether the GWAS on diseases with a higher RRB tends to have a higher
chance for obtaining an ARRA-NIH grant. Our interest is the intensity of ﬁnancial support
from the ARRA-NIH grant expansion for GWAS projects on disease d in year t. As shown in
Equation (6), this metric is deﬁned as the share of studies supported by any ARRA-NIH grants
in all studies that are supported by any US grants on disease d in year t. We focus on a sample
of 183 disease-year pairs from 2007 to 2016, which is aggregated from studies acknowledging at
least one grant from US funding agencies.
(6)

ARRA-NIH-Supported Study Shared,t =

# of ARRA-NIH-Supported Studyd,t
.
# of US-Grant-Supported Studyd,t

Figure 1 plots the coeﬃcients from the event study as shown in Equation (5) with the
dependent variable being the share of studies funded by any ARRA-NIH grants. Two ﬁndings
emerge in the ﬁgure: First, it is apparent that there is a substantially large jump in the chance
of being supported by ARRA-NIH grants from 2009 to 2010, which is in line with the timing
of the ARRA-NIH grant expansion; second, the policy impact decreases over the years from
2010 through 2016, with a peak in 2010 and a bottom in 2014. This echoes the fact that NIH
experienced a temporary grant stimulus during 2009 and 2010, and the stimulus faded in the
subsequent years. It is worth highlighting that we do not observe any statistically signiﬁcant
impact in the years before the policy implementation. The coeﬃcients in 2007 and 2008 are
relatively smaller, close to zero, and insigniﬁcant.
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We also perform a robustness check by extending our sample to studies with funding support
from all sources, for example, funding agencies outside the US.30 The dependent variable is the
share of studies funded by any ARRA-NIH grants in the total number of studies on disease d in
year t. Results summarized in columns 3 and 4 in Table A2.1 and in Figure (A) of Figure A2.1
are in line with the baseline conclusions.
We also perform a placebo test examining if the ARRA-NIH grant expansion leads to
any changes in scientiﬁc investment outside the US. The dependent variable is the share of
studies funded by any international grants in total number of studies on disease d in year t.
The estimates in the last two columns in Table A2.1 are small in magnitude and statistically
insigniﬁcant, suggesting minimal spillover eﬀect or crowding out eﬀect of the ARRA-NIH grant
expansion. The event study is plotted in Figure (B) of Figure A2.1.
IV.

Impact on Ancestral Diversity in GWAS Subjects

Analyses in this section primarily focus on a sample of 183 disease-year pairs from 2007 to
2016, which is aggregated from studies acknowledging at least one grant from any US funding
agency. Our empirical exercise ﬁrst quantiﬁes the impact of the ARRA-NIH grant expansion in
2009 and 2010 on the ancestral diversity in GWAS subjects by leveraging the variations in RRB
for minority subjects across diseases. We also perform a decomposition analysis distinguishing
the impact of referral base for minorities from that of the base for whites.
A.

Descriptive Evidence

We describe the ancestral diversity from diﬀerent angles in Figure 2. Figure (A) depicts the
number and share of GWAS participants by ancestries and scientiﬁc stages over our study period.
The scale of the GWAS studies increased rapidly from 2007 to 2016. In 2016, the total number
of subjects in the discovery stage approached 6 million, and the number in the replication stage
surpassed 2 million. Though the inclusion of minority subjects has been improving, it remains
inadequate. As shown in Figure (B), the share of minority subjects was approximately 3.0% in
30 The funding could come from the ARRA-NIH grant pool, regular NIH pool, other funding agencies rather than NIH in
the US, funding agencies in other countries, or international organizations. Two examples of funding agencies outside the
US are the Medical Research Council (MRC) and Wellcome Trust in the UK.
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2008 and 4.6% in 2009. It gradually increased and reached a peak of 25.5% in 2014, after which
it experienced a quick drop.31
In Figure (C), we break down the share of the minority subjects into four ancestries. The
patterns across all ancestries are similar. Notably, Asian subjects is a sizable component of the
minority subjects. For the break-downs in discovery and replications stages, see Figure A3.2.
We also separate the 27 broader disease categories into a “quasi-treated” and a “quasicontrol” group based on their RRB. The “quasi-treated” includes 13 diseases with RRB larger
than the mean of the 27 diseases, and the “quasi-control” includes the other 14 diseases. In
Figure (D), the patterns across the two groups before 2009 were similar but diverged after
the ARRA-NIH grant expansion. The share of minority subjects in the ”quasi-treated” group
experienced a much faster growth after the expansion.
B.

Ancestral Diversity in Subjects

Table 2 organizes the DID estimates from speciﬁcations with diﬀerent controls and illuminates considerable contributions of the ARRA-NIH grant expansion to the growth of ancestral
diversity in the GWAS subjects. The dependent variable is the share of minority subjects, a
higher value of which demonstrates an improvement in diversity. The coeﬃcient of the interaction between post and RRB represents the policy impact given a one-percentage point increase
in RRB.
After controlling for the disease ﬁxed eﬀect and year ﬁxed eﬀect in column 1, the estimated
coeﬃcient of the interaction between post and RRB is 0.0281 and statistically signiﬁcant. In
our most preferred model speciﬁcation in column 2, we additionally control for a set of disease
research characteristics, as mentioned before, to capture the knowledge accumulation of the
disease research and the inertia in funding decisions by US funding agencies. The coeﬃcient of
the key interaction term is 0.0341. Given that the average RRB is 2.95 in absolute value, this
estimate suggests that the grant expansion leads the share of minority subjects to increase, on
average, by almost two times (≃ 0.0341 × 2.95/0.051), equivalent to an increase of about ten
31 Compared to Mills and Rahal (2019), the share of the minority subjects in our analysis is higher than theirs. This is
possible because their sample consists of both the disease-focused and biomarker-focused GWAS studies. Our analysis only
includes the former. However, the aggregate time trend in ours is similar to theirs.
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percentage points. Against the background that minority ancestries are less underrepresented in
GWAS (Mills and Rahal, 2019; Popejoy and Fullerton, 2016), our estimates imply an enrichment
in ancestral diversity in GWAS subjects due to the grant expansion.
We also perform a more parsimonious event study following Equation (5), which allows us
to examine the dynamic impact of the ARRA-NIH grant expansion over time. Figure 3 plots the
coeﬃcients of the interaction terms of RRB and the indicator of each year, and the associated 95%
conﬁdence intervals. The year 2009 serves as the reference year. As is readily apparent from the
ﬁgure, the coeﬃcients of the interactions in the pre-policy years (2007 and 2008) are 0.00237 and
0.00596, respectively. Their 95% conﬁdence intervals cover zero, conﬁrming minimal evidence of
diﬀerential trends in the ancestral diversity prior to the grant expansion across disease research.
It is also noteworthy that the ARRA-NIH grant expansion leads to the most pronounced jump
in ancestral diversity in the window between 2009 and 2011. The coeﬃcients are 0.0241 in 2010,
double to 0.058 in 2011, then slightly fall to 0.0396 in 2012, and remains stable through 2016.
The path of the coeﬃcients shows a persistent and sizable eﬀect in subsequent years even after
the ARRA-NIH funding stimulus expired, in contrast to a diminishing pattern in the eﬀect on
the share of studies supported by ARRA-NIH grants in Figure 1. This comparison prompts us to
explore the eﬀect of the ARRA-NIH grant expansion on scientiﬁc workforce in the next section.
C.

Diversity at Diﬀerent Scientiﬁc Stages

A GWAS project consists of a discovery sample (stage) and an independent replication
sample (stage). Minority subjects could be involved in either sample or both. They help identify
novel disease-associated genetic variants speciﬁc to the minority population itself at the discovery
stage, and validate the previously identiﬁed associations, for example, from European white
ancestry, at the replication stage. Exploring the inﬂuence of grants on the ancestral diversity in
each scientiﬁc stage sheds light on how funding support contributes to knowledge creation.
The last two columns in Table 2 present estimates for each stage. The eﬀects are broadly in
line with our primary results. The ARRA-NIH grant expansion is estimated to lead the ancestral
diversity to increase, on average, by 2.5 times (≃ 0.0225 × 2.95/0.027) in the discovery sample,
and 1.8 times (≃ 0.0485 × 2.95/0.078) in the replication sample. These ﬁndings show that due
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to the grant expansion, more human genomics research with primary emphasis on the minority
communities has been initiated; Moreover, a growing number of projects have directed their
eﬀorts to test whether their genetic ﬁndings are generalizable to the minority ancestries.
The event studies shown in Figure A3.3 reassure our ﬁndings in columns 3 and 4 in Table 2
and display a pattern similar to that in Figure 3. The overall patterns in both ﬁgures exhibit a
signiﬁcant jump in the impact immediately after the ARRA-NIH grant expansion was initiated.
We also ﬁnd no pre-existing trends for both stages.
D.

Decomposition of the Impact of RRB

It remains unclear which part of RRB drives our ﬁndings thus far. To address this lingering
conundrum, we distinguish the impact of the referral base for minorities from the impact of the
base for whites using an event study following Equation (7):

yd,t = β0 +

2016
∑

ζ1,j RBM inorityd2005 × 1{year = j}

j=2007;j̸=2009

(7)

+

2016
∑

× 1{year = j} + β1 Xd,t−1 + γd + θt + ϵd,t ,
ζ2,j RBW hite2005
d

j=2007;j̸=2009

where ζ1,j represents the expansion impact driven by the referral base for minorities in year j,
while ζ2,j reﬂects the impact driven by the referral base for whites in year j.
Figure 4 plots the estimated ζ1j and ζ2j from the event study. There are no discernible
patterns showing diﬀerential trends in the ancestral diversity across diseases before the grant
expansion. Following the funding expansion, with a one-percentage point increase in the referral
base for minorities, the eﬀect of funding expansion is positive, continuing through 2016. It
experiences a sharp jump from 2009 to 2011, reaching a peak in 2011. The path of the funding
impact stemming from a one-percentage point increase in the referral base for whites nearly
mirrors that of the minorities but in the opposite direction.
The empirical patterns tied to both referral bases in the ﬁgure are consistent with the
idea underlying our identiﬁcation intuition. A large pool of minority subject candidates, as
evidenced by a larger referral base for minorities, lowers the recruitment cost and increases
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project’s feasibility. Therefore, GWAS on diseases with a higher RRB is likely to beneﬁt more
from the ARRA-NIH grant expansion.
E.

Sensitivity Tests

Alternative Sample Speciﬁcations – In our primary sample, we include all available diseases
with non-missing RRB. The heat map of the share of minority subjects by disease and over time
in Figure A3.1 raises a concern that some diseases with a minimal number of publications in
our study period may drive our results.32 We assess the sensitivity of our ﬁndings to alternative
sample speciﬁcations by removing disease research with the number of studies less than a given
threshold in Panel A in Table A3.1. We present the results from the baseline sample in column 1
for comparison. Taking column 2 as an example, we concentrate on a sample of diseases with a
total number of studies no less than ten and perform analysis on the share of the minority subjects
at each scientiﬁc stage, respectively. Results across each sample speciﬁcation are eﬀectively
unchanged. Event studies corresponding to each cell are plotted in Figures A3.4, A3.5, A3.6,
and A3.7.
Alternative Treatment Intensity Measure – Our identiﬁcation thus far relies on the variations
in the ancestral diﬀerence in the referral base in 2005. We caution that any sudden and temporary
outbreak of some diseases around 2005 may signiﬁcantly inﬂuence our RRB and possibly drive
our results. To rule out this possibility, we re-estimate our models using an averaged RRB in a
course from 2002 to 2005.33 Results are summarized in Panel B in Table A3.1 and in Figures
A3.4, A3.5, A3.6, and A3.7. The point estimates are all in line with our primary ones.
V.

Impact on the Scientiﬁc Workforce

In the analysis of ancestral diversity among subjects, the impact of the ARRA-NIH grant
expansion continues on a considerable scale through 2016. Considering that the ARRA initiative
was temporary, lasting for only two years, a legitimate question to ask is what drives the longlasting impact. We answer this question by examining how the ARRA-NIH grant expansion
32 For

example, the “anemia and other deﬁciencies” has only one publication, and the “pneumonia” has four.
average the share of people with medical conditions across 2002 to 2005 in minority and white groups, respectively,
and then calculate the diﬀerence between the two shares, which is called the average relative referral base.
33 We
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inﬂuences the scientiﬁc workforce in this section, with an particular emphasis on the academic
activity of minority scientists and the collaboration patterns. We use the same sample as that
used in the analysis of diversity in subjects.
A.

Descriptive Evidence

We illustrate the development of ancestral diversity of the scientiﬁc workforce in GWAS
in Figure 5. As shown in Figure (A), the GWAS has expanded at a fast pace since 2007. In
the publications in 2007, there were about merely 1000 active authors; however, it increased to
more than ten thousand in 2015. Before 2009, the share of minority authors was small, taking
less than 9% of the authors in 2007. In 2014, 14.7% of the authors were from the minority
background.
In Figure (B), we again split the 27 diseases into the “quasi-treated” and the “quasi-control”
groups as we did before. Before 2009, the two groups exhibited a similar trend in the share of
minority authors. After the ARRA-NIH grant expansion, the share in the “quasi-treated” group
began to increase promptly and exceeded the share in the “quasi-control” group.
B.

Ancestral Diversity in Authors

The ancestral diversity in authors is measured by the share of minority authors among all
authors in the studies on a given disease published each year. In our preferred speciﬁcation,
an author’s surname is considered to be a minority name if its predicted probability of being a
minority name is larger than 0.95. In robustness checks, we also consider thresholds of 0.90, 0.85,
and 0.80 to deﬁne a minority name. Estimates from Equation (4) summarized in Table 3 show
that minority author names appear increasingly in the GWAS publications as a consequence of
the improved funding opportunity, a ﬁnding that is not sensitive to how we identify minority
authors.
Speciﬁcally, in column 1, the coeﬃcient of the interaction is 0.01, suggesting a statistically
strong positive association between the ARRA-NIH grant expansion and the improved diversity
in authors. After additionally controlling for disease research ﬁeld characteristics in column 2,
the eﬀect remains, and, if anything, the point estimate becomes slightly larger in absolute value
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relative to column 1. With a calculation similar to that above, the grant expansion is associated,
on average, with an approximately 57 percent (≃ 0.0145 × 2.95/0.075) increase in the share
of minority authors, which equates to an increase of 4.28 percentage points (≃ 0.0145 × 2.95).
Columns 3 to 5 report the results using alternative criteria to identify minority names, and the
ﬁndings are unchanged.
It is not surprising to see the grant expansion facilitates the academic engagement of scientists from minority ancestries, as evidenced by a large share of minority authors, as one of the
missions of the ARRA-NIH initiative is to ﬁnancially support the training of junior, minority,
and female scientists, provide start-up packages, and fund pilot research. The entry of minority
scientists could lead to a louder call for attention on the missing diversity in genomics research
and spark the interest in minority studies. Their natural connection to the minority communities can also help alleviate mistrust and promote mutual-trust communications between the
communities and scientiﬁc teams when they are PIs or collaborate with senior white PIs (Bentley,
Callier and Rotimi, 2017).
Is the impact on scientiﬁc workforce transitory? Figure 6 displays the dynamics in the
impact of the ARRA-NIH grant expansion by plotting the coeﬃcients of the interactions between
RRB with each year indicator from the event study. Prior to 2009, the point estimates slightly
approach zero and are insigniﬁcant. However, since the beginning of the ARRA initiative,
we have seen a sizable spike in the coeﬃcients, with a peak in 2011. Thereafter, the eﬀect
gradually fades until 2014, but resurfaces in 2016. The path of coeﬃcients yields several insights.
The growing presence of minority authors in GWAS publications reveals that increased access
to funding, thanks to the ARRA-NIH grant expansion, has facilitated the academic activities
among minority scientists and diversiﬁed the scientiﬁc workforce. Furthermore, the impact,
which continues to 2016, suggests that the academic positions for minority researchers created
during the ARRA-NIH grant expansion are not temporary. The ARRA initiative has had a
profound long-term impact on the academic community. One explanation for this long-term
impact can be the career impact of the grant expansion on junior minority scientists. Studies
such as Pickett (2019) and Conte et al. (2020) point out that fellowships and funding support
have potential to promote retention of early-stage biomedical scientists and fuel their further
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funding.
We follow Equations (7) to distinguish the impact of the referral base for minorities on the
diversity in authors from the impact of the base for whites. Figure A4.2 presents the event
study estimates using the prediction cutoﬀ of 0.95 to identify a minority author. The paths of
coeﬃcients resemble those in Figure 4. The eﬀect of grant expansion driven by a one-percentage
point increase in the referral base for minorities remains positive through 2016, with a rapid
jump from 2009 to 2011 and a peak in 2014; however, an equivalent change in the referral base
for whites reverses the eﬀect but exhibits similar magnitudes in absolute value. Figure A4.3
shows consistent ﬁndings using alternative criteria.
We also subject our analysis to a battery of robustness checks including alternative sample
speciﬁcations and alternative measures of treatment intensity. The results are organized in
Tables A4.1 and A4.2. The conclusion remains unchanged.
C.

Scientiﬁc Collaboration

A GWAS project usually involves collaborations from multiple research centers in recruiting
subjects, genetic testing, and genotype data analysis; therefore, it is not uncommon to see a
GWAS article with more than ten authors. The highest credits are often given to the ﬁrst few
authors (hereafter ﬁrst authors) and the last few authors (hereafter last authors). The former are
those who make the major practical eﬀorts leading the project and the latter are the principal
investigators and fundraisers for the project.
Existing studies have suggested that research funding and the relevant funding mechanisms
have a noticeable eﬀect on scientiﬁc collaborations (Ubfal and Maﬃoli, 2011; Hoekman et al.,
2013). Here, we focus on the ﬁrst and last few authors, and examine the changes in the share
of studies with a minority name listed in given positions before and after the ARRA-NIH grant
expansion and across diseases.
The results are summarized in Table 4 with each column representing the dependent variable
examined. We take the probability threshold of 0.95 to deﬁne if a name is from a minority
ancestry. The estimates in the table shed light on the shift in scientiﬁc collaboration pattern in
GWAS due to the grant expansion from at least two perspectives.
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On the one hand, we see that the grant expansion contributes to an increasing presence of
minority authors as the ﬁrst authors. Estimate in column 1 shows that as a consequence of the
ARRA-NIH grant expansion, the probability of a minority author as the ﬁrst one author in a
GWAS article, on average, increases by about 127 percent (≃ 0.0332 × 2.95/0.077), amounting
to 9.8 percentage points (≃ 0.0332 × 2.95). Furthermore, there is also consistent and discernible
evidence in columns 2 and 3 showing a sizable increase in the presence of minority authors in the
ﬁrst two or ﬁrst three author positions as a consequence of the improved funding opportunities.
On the other hand, we do not ﬁnd noticeable evidence that the ARRA-NIH grant expansion
has promoted the appearance of principal investigators or fundraisers from minority backgrounds,
as shown in the last three columns in Table 4. Despite the fact that all point estimates are
positive, they are statistically insigniﬁcant. Take column 4 as an example. The estimated eﬀect
is tantamount to increasing the possibility of the last author being a minority by 20.9 percent
(≃ 0.0041 × 2.95/0.058), on average. Such eﬀect size is far smaller compared to those in the ﬁrst
three columns. The event studies are presented in Figure A4.4.
With caution, our analysis suggests that the ARRA-NIH grant expansion seems to promote
more collaborations between minority scientists and white PIs, rather than more minority PIs
leading the minority health research. As the grant expansion softens the budgetary constraints on
minority health research, minority scientists can leverage their natural ties to their communities
to a greater extent, giving them an advantage in participating in and leading these projects.
Nevertheless, minority scientists remain underfunded, as reﬂected by fewer minority PIs (Hoppe
et al., 2019; Jimenez et al., 2019; Erosheva et al., 2020).

VI.

Discussion

The NIH has initiated a variety of funding opportunities to support science on underrepresented populations in recent years. In 2015, the NIH initiated the “All of Us” research program,
aiming to build a more diverse health database for developing better-individualized health care
treatments. In 2019, the NIH-aﬃliated National Institute on Minority Health and Health Disparities (NIMHD) awarded a total of $187 million in ﬁve years to three new or renewed awards
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under the Minority Institutions Specialized Center program.34 Existing discussions on eﬃcacy
of these initiatives are descriptive, and rigorous quantitative assessments are imperative but remain inadequate still. Our paper timely ﬁlls this gap by empirically examining whether improved
funding opportunity helps facilitate minority health research.
We contribute to the literature on returns to public research investment in two aspects.
First, our paper is among the few that investigate the role of public funding agencies in addressing the widening ancestral disparity in human genomics research. A steady stream of empirical
studies has assessed the social beneﬁt of publicly funded science from a wide array of angles, such
as increasing productivity of the pharmaceutical industry (Nayak, Avorn and Kesselheim, 2019;
Cleary, Jackson and Ledley, 2020), knowledge production (Li and Agha, 2015; Rosenbloom et al.,
2015; Packalen and Bhattacharya, 2018; Azoulay, Fons-Rosen and Graﬀ Zivin, 2019), and ﬁrm
innovation (Bronzini and Iachini, 2014; Li, Azoulay and Sampat, 2017; Azoulay et al., 2019). Unlike them, our analysis concentrates on diversity and inclusion in genomics research. Increasing
evidence on the lack of diversity in genomics research raises concerns regarding the distributive justice in the translation of biomedical innovations into human health across populations
in the approaching era of genomic medicine (Hindorﬀ et al., 2018; Wojcik et al., 2019). Advocates for targeting speciﬁc funding eﬀorts towards minority health research have grown louder
(Chen, 2019; Carnethon, Kershaw and Kandula, 2020; Pichon, 2021). Against this background,
evaluations on diversity, inclusion and equity policies deserve more attention.
Our paper also contributes to the literature tackling the lack of diversity in the scientiﬁc
community. The disproportionate underrepresentation of female and minority faculties persists
in various STEM ﬁelds (AlShebli, Rahwan and Woon, 2018; Menon, 2021) and economics (Bayer
and Rouse, 2016; Buckles, 2019; Boustan and Langan, 2019). Existing literature has proposed
several approaches to address this disparity, such as revising the reward system in science (Hofstra et al., 2020), targeted mentoring (Guevara et al., 2013; Bayer and Rouse, 2016; Buckles,
2019), and improved support and opportunities (Khan et al., 2019). Evaluating the eﬃcacy of
these approaches in reality requires more empirical evidence. Our analysis provides rigorous
quantitative assessment on the role of funding support. We show that increasing funding oppor34 https://www.nih.gov/news-events/news-releases/nih-funds-eleven-research-centers-minority-institutions.
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tunities helps facilitate the diversity in scientiﬁc workforce, as evidenced by increased scientiﬁc
activities by minority researchers and more minority leaderships in scientiﬁc collaborations.
Our study does not run counter to studies such as Li and Agha (2015) and Li (2017). We
are similar in spirit, sharing the same interests in how funding, in general, aﬀects science, though
we approach the core from diﬀerent angles. Their studies carefully scrutinize the existing grant
mechanisms and shed light on the impact of grant reviewers’ preference, expertise proximity, and
social relations in the grant review process on academic resource allocation with a ﬁxed funding
pool. For example, the NIH funding mechanisms are criticized for widening gender disparity
(Boyle et al., 2015; Hechtman et al., 2018; Witteman et al., 2019) and racial disparity (Ginther
et al., 2011; Reardon, 2014) in the grant recipients. Their ﬁndings awaken the awareness to reﬁne
the existing mechanisms to narrow funding disparity. Our study supplements their analysis with
a new perspective. We attempt to answer the question: given the existing funding mechanisms,
would a bigger “cake” help the underfed science grow and catch up steadily?
This paper provides evidence supporting that NIH’s recent funding initiatives targeting
minority health research have made a diﬀerence. Our ﬁndings show that apart from modifying
existing funding mechanisms, scaled ﬁnancial input may be potentially helpful in addressing
the missing diversity. Although we focus on ancestral diversity, with careful considerations, the
underlying takeaways studied here could be applied to future studies on diversity in gender or
junior/senior scientists.
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Figure 1. Impact on ARRA-NIH Grant Expansion on Grant Approval Likelihood
Notes: The sample comprises of 27 broader diseases from 2007 to 2016, in total 183 disease-year pairs. The sample is
constructed based on studies supported by any US funding agencies between 2005 and 2016. The dependent variable is the
share of studies supported by ARRA-NIH grants over all studies supported by the grants from any US funding agencies for
each disease in each year. The relative referral base is the diﬀerence in the share of people with medical conditions between
minorities and whites. The disease research ﬁeld characteristics includes the total number of studies funded by only non-US
grants up to the previous year, the number of minority-based SNPs discovered in studies funded by only non-US grants up
to the previous year, and the total number of grants from the US funding agencies up to the previous year. Coeﬃcients of
the interactions of RRB and each year indicator are plotted. The 95% conﬁdence intervals based on robust standard errors
are plotted.
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(A) Number of GWAS Subjects over Years

(B) Share of Minority Subjects over Years

(C) Share of Minority Subjects By Ancestries

(D) Quasi-Treated vs Quasi-Control

Figure 2. Diversity in GWAS Subjects
Notes: The sample comprises of 27 broader diseases from 2007 to 2016, in total 183 disease-year pairs. Given minimal
GWAS publications in 2005 and 2006, the data in 2007 presented in the ﬁgure includes subjects from GWAS publications
in 2005, 2006 and 2007. We separate the 27 broader disease categories into a “quasi-treated” and a “quasi-control” group
based on their RRB. The “quasi-treated” includes 13 diseases with RRB larger than the mean of the 27 diseases, and the
“quasi-control” includes the other 14 diseases.
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Figure 3. Impact of ARRA-NIH Grant Expansion on Ancestral Diversity in Subjects
Notes: The sample comprises of 27 broader diseases from 2007 to 2016, in total 183 disease-year pairs. The sample is
constructed based on studies supported by any US funding agencies between 2005 and 2016. The dependent variable is the
share of minority subjects for each disease in each year. The relative referral base (RRB) is the diﬀerence in the share of
people with medical conditions between minorities and whites. The disease research ﬁeld characteristics includes the total
number of studies funded by only non-US grants up to the previous year, the number of minority-based SNPs discovered in
studies funded by only non-US grants up to the previous year, and the total number of grants from the US funding agencies
up to the previous year. Coeﬃcients of the interactions of RRB and each year indicator are plotted. The 95% conﬁdence
intervals based on robust standard errors are plotted.
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Figure 4. Impact of ARRA-NIH Grant Expansion on Ancestral Diversity in Subjects – RRB Decomposition
Notes: The sample comprises of 27 broader diseases from 2007 to 2016, in total 183 disease-year pairs. The sample is
constructed based on studies supported by any US funding agencies between 2005 and 2016. The dependent variable is the
share of minority subjects for each disease in each year. The referral base (RB) for minorities (whites) is the share of people
with medical conditions among minorities (whites). The disease research ﬁeld characteristics includes the total number of
studies funded by only non-US grants up to the previous year, the number of minority-based SNPs discovered in studies
funded by only non-US grants up to the previous year, and the total number of grants from the US funding agencies up to
the previous year. Coeﬃcients of the interactions of RB and each year indicator are plotted. The 95% conﬁdence intervals
based on robust standard errors are plotted.
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(A) GWAS Authors over Years

(B) Quasi-Treated vs Quasi-Control

Figure 5. Diversity in GWAS Authors
Notes: The sample comprises of 27 broader diseases from 2007 to 2016, in total 183 disease-year pairs. Given minimal GWAS
publications in 2005 and 2006, the data in 2007 presented in the ﬁgure includes authors from GWAS publications in 2005,
2006 and 2007. We predict the ancestral background associated with each surname based on the 2000 US census. We adopt
a conservative rule in prediction of minority authors: a last name is predicted to be associated with a minority background
only if its probability of being either “Asian”, “Black” or “Hispanic” is more than 0.95. We separate the 27 broader disease
categories into a “quasi-treated” and a “quasi-control” group based on their RRB. The “quasi-treated” includes 13 diseases
with RRB larger than the mean of the 27 diseases, and the “quasi-control” includes the other 14 diseases.
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Figure 6. Impact of ARRA-NIH Grant Expansion on Ancestral Diversity in Authors
Notes: The sample comprises of 27 broader diseases from 2007 to 2016, in total 183 disease-year pairs. The sample is
constructed based on studies supported by any US funding agencies between 2005 and 2016. The dependent variable is the
share of minority authors for each disease in each year. We adopt a conservative rule in prediction of minority authors:
a surname name is predicted to be associated with a minority background only if its probability of being either “Asian”,
“Black” or “Hispanic” is more than 0.95. The relative referral base (RRB) is the diﬀerence in the share of people with
medical conditions between minorities and whites. The disease research ﬁeld characteristics includes the total number of
studies funded by only non-US grants up to the previous year, the number of minority-based SNPs discovered in studies
funded by only non-US grants up to the previous year, and the total number of grants from the US funding agencies up to
the previous year. Coeﬃcients of the interactions of RRB and each year indicator are plotted. The 95% conﬁdence intervals
based on robust standard errors are plotted.
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Table 1—Referral Base for GWAS Participants by Diseases (per 100 Individuals)

ID

Disease

1
2

Allergic Reactions
Anemia and Other Deﬁciencies
Appendicitis
Cancer
Cerebrovascular Disease
Complications of Pregnancy and Birth
Congenital Anomalies
Copd, Asthma
Diabetes Mellitus
Disorders of Mouth and Esophagus
Disorders of Teeth and Jaws
Disorders of the Upper GI
Female Genital Disorders, and Contraception
Gallbladder, Pancreatic, and Liver Disease
Headache
Heart Disease
Hemorrhagic, Coagulation, and Disorders of White Blood Cells
Hereditary, Degenerative, Other Nervous System Disorders
Hyperlipidemia
Hypertension
Infectious Diseases
Intestinal Infection
Kidney Disease
Male Genital Disorders
Mental Disorders
Osteoarthritis and Other Non-Traumatic Joint Disorders
Other Bone and Musculoskeletal Disease
Other Circulatory Conditions Arteries, Veins, and Lymphatics
Other CNS Disorders
Other Eye Disorders
Other Stomach and Intestinal Disorders
Otitis Media
Pneumonia
Skin Disorders
Systemic Lupus and Connective Tissues Disorders
Thyroid Disease

3

4
5
6
7
8
9
10
11

12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

European
White

Minority

2.52
0.81
na
3.33
0.85
na
0.63
18.28
5.60
0.46
2.94
5.91
6.59
1.33
1.87
7.84
na
0.96
11.63
16.57
6.74
2.49
2.28
1.73
14.32
8.45
3.96
3.09
5.84
3.12
0.88
3.97
7.87
9.38
5.76
5.33

1.29
0.82
na
0.56
na
na
na
12.80
5.49
na
1.74
2.62
2.45
0.25
0.76
2.95
na
na
4.98
12.67
3.52
2.14
0.79
na
7.53
4.22
0.93
1.15
2.04
0.96
na
2.29
4.26
4.56
2.64
1.78

Notes: The table is created by the author based on the MEPS summary tables. Diseases with
IDs are used in our ﬁnal empirical analysis. Respondents in MEPS are classiﬁed into ﬁve ancestry groups: (1) Hispanic, (2) Black, (3) the American Indian, Alaska Native, and multi-races, (4)
Asian, Hawaiian and Paciﬁc Islander, and (5) European whites. The minority population in our
following analysis contains all the mentioned ancestries except the European whites. The average
referral bases for whites and minorities in 2005 are 6.22 and 3.27, respectively. The mean RRB is
-2.95.
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Table 2—Impact of ARRA-NIH Grant Expansion on Ancestral Diversity in Subjects

Share of Minority Subjects in
All
Discovery
Subjects
Sample

Dependent Var

Replication
Sample

(1)

(2)

(3)

(4)

0.0281***
(0.011)
[0.009]
[0.0101, 0.0537]

0.0341***
(0.013)
[0.006]
[0.0110, 0.0580]

0.0225**
(0.010)
[0.040]
[0.0011, 0.0440]

0.0485**
(0.024)
[0.015]
[0.0125, 0.0779]

Disease Research Characteristics

No

Yes

Yes

Yes

Year FE

Yes

Yes

Yes

Yes

Disease FE

Yes

Yes

Yes

Yes

0.051
183

0.051
183

0.027
182

0.078
170

Relative Referral Base (2005) * Post

Outcome Mean (Pre-Policy)
Observations

Notes: The sample comprises of 27 broader diseases from 2007 to 2016, in total 183 disease-year pairs. The sample is
constructed based on studies supported by any US funding agencies between 2005 and 2016. The dependent variable is the
share of minority subjects for each disease in each year. The relative referral base is the diﬀerence in the share of people
with medical conditions between minorities and whites. The disease research ﬁeld characteristics includes the total number
of studies funded by only non-US grants up to the previous year, the number of minority-based SNPs discovered in studies
funded by only non-US grants up to the previous year, and the total number of grants from the US funding agencies up to the
previous year. We report the Huber-White robust standard errors in the parentheses. We also report wild bootstrap cluster
p-values in square brackets and wild bootstrap cluster 95% conﬁdence intervals in square brackets, generated using boottest
command (10000 replications) in Stata 14 (Roodman et al. 2019) for standard errors clustered at disease level with 27 disease
clusters. Signiﬁcance stars are labeled with respect to the robust standard errors. ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.
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Table 3—Impact of ARRA-NIH Grant Expansion on Ancestral Diversity in Authors

Share of Minority Authors
Minority
Minority
Prediction
Prediction
≥ 0.90
≥ 0.85

Dependent Var
Minority
Prediction
≥ 0.95
Relative Referral Base (2005) * Post

Minority
Prediction
≥ 0.80

(1)

(2)

(3)

(4)

(5)

0.0101**
(0.005)
[0.017]
[0.0034, 0.0175]

0.0145**
(0.006)
[0.010]
[0.0052, 0.0230]

0.0168**
(0.007)
[0.010]
[0.0060, 0.0257]

0.0162**
(0.007)
[0.014]
[0.0048, 0.0255]

0.0177**
(0.007)
[0.009]
[0.0062, 0.0270]

Disease Research Field Characteristics

No

Yes

Yes

Yes

Yes

Year FE

Yes

Yes

Yes

Yes

Yes

Disease FE

Yes

Yes

Yes

Yes

Yes

0.075
183

0.075
183

0.094
183

0.105
183

0.114
183

Outcome Mean (Pre-Policy)
Observations

Notes: The sample comprises of 27 broader diseases from 2007 to 2016, in total 183 disease-year pairs. The sample is
constructed based on studies supported by any US funding agencies between 2005 and 2016. The dependent variable is the
share of minority authors for each disease in each year. We adopt a conservative rule in prediction of minority authors in
columns 1 and 2: a last name is predicted to be associated with a minority background only if its probability of being either
“Asian”, “Black” or “Hispanic” is more than 0.95. In columns 3 to 5, we use alternative prediction probability thresholds.
The relative referral base is the diﬀerence in the share of people with medical conditions between minorities and whites. The
disease research ﬁeld characteristics includes the total number of studies funded by only non-US grants up to the previous
year, the number of minority-based SNPs discovered in studies funded by only non-US grants up to the previous year,
and the total number of grants from the US funding agencies up to the previous year. We report the Huber-White robust
standard errors in the parentheses. We also report wild bootstrap cluster p-values in square brackets and wild bootstrap
cluster 95% conﬁdence intervals in square brackets, generated using boottest command (10000 replications) in Stata 14
(Roodman et al. 2019) for standard errors clustered at disease level with 27 disease clusters. Signiﬁcance stars are labeled
with respect to the robust standard errors. ∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.
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Yes
Yes
Yes
0.077
183

Disease Research Field Characteristics

Year FE

Disease FE

Outcome Mean (Pre-Policy)
Observations

0.130
183

Yes

Yes

Yes

0.169
183

Yes

Yes

Yes

0.0472**
(0.023)
[0.067]
[-0.0042, 0.0923]

0.058
183

Yes

Yes

Yes

0.0041
(0.021)
[0.689]
[-0.0139, 0.0267]

Last 2
Authors
(5)

0.080
183

Yes

Yes

Yes

0.0131
(0.022)
[0.384]
[-0.0145, 0.0446]

Share of Studies with Minority Authors in
First 3
Last 1
Authors
Author
(3)
(4)

0.0408*
(0.021)
[0.075]
[-0.0045, 0.0771]

First 2
Authors
(2)

0.195
183

Yes

Yes

Yes

0.0300
(0.028)
[0.199]
[-0.0170, 0.0757]

Last 3
Authors
(6)

Notes: The sample comprises of 27 broader diseases from 2007 to 2016, in total 183 disease-year pairs. The sample is constructed based on studies
supported by any US funding agencies between 2005 and 2016. The dependent variable is the share of minority authors at diﬀerent positions in
the author rank, as speciﬁed in each column title. We adopt a conservative rule in prediction of minority authors: a last name is predicted to be
associated with a minority background only if its probability of being either “Asian”, “Black” or “Hispanic” is more than 0.95. The relative referral
base is the diﬀerence in the share of people with medical conditions between minorities and whites. The disease research ﬁeld characteristics includes
the total number of studies funded by only non-US grants up to the previous year, the number of minority-based SNPs discovered in studies funded
by only non-US grants up to the previous year, and the total number of grants from the US funding agencies up to the previous year. We report
the Huber-White robust standard errors in the parentheses. We also report wild bootstrap cluster p-values in square brackets and wild bootstrap
cluster 95% conﬁdence intervals in square brackets, generated using boottest command (10000 replications) in Stata 14 (Roodman et al. 2019)
for standard errors clustered at disease level with 27 disease clusters. Signiﬁcance stars are labeled with respect to the robust standard errors.
∗p < 0.1, ∗ ∗ p < 0.05, ∗ ∗ ∗p < 0.01.

0.0332*
(0.018)
[0.078]
[-0.0050, 0.0633]

First 1
Author
(1)

Relative Referral Base (2005) * Post

Dependent Var

Table 4—Impact of ARRA-NIH Grant Expansion on Collaboration Patterns

