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A digital archive reveals how a funding
agency cooperated with academics to
support the nascent field of genomics

Spencer S. Hong 1,2,3, Zachary Utz2, Mohammad Hosseini 4,
Cleber Zanchettin5, Heliodoro Tejedor Navarro 6, Kristi Holmes 4,7,8,
Kris A. Wetterstrand 9, Sarah A. Bates2, Luis A. Nunes Amaral 1,10 ,
Christopher R. Donohue2,11 & Thomas Stoeger 2,10,12,13,14,15

State-supported research funding agencies are critical to the scientific enter-
prise. However, it remains unclear how funding agencies cooperate with aca-
demic communities to realize commonscientific goals. Here,wepresent a fully
digital archive assembled by the National Human Genome Research Institute
(NHGRI), focusing on the nascent stages of “genomics” as a scientific field and
the everyday workings of the Human Genome Project and subsequent major
genomics projects.We identify early events behind the conception of genome-
wide association studies, clarify hitherto obscured factors around funding
decisions, and how NHGRI and academics outside NHGRI ensured continuity
in technical expertise across projects. The computational models we devel-
oped correctly recapitulate how academic experts and NHGRI increased
adoption of genomics by jointly deciding which organisms’ genomes to
sequence. Taken together, these findings reveal how a funding agency con-
tributed to scientific innovation in a nascent field of science by repeatedly
cooperating with the broader scientific community.

State-funded scientific research agencies serve as a critical means for
societies to invest in science and generate scientific solutions to
pressing challenges1–4. These agencies support the development of
novel scientific concepts through funding5, direct employment of
researchers6, and the creation of shared community resources7,8. From
the case for unplanned science9 to mission-oriented state planning,

research funding agencies have long been identified to foster
innovation9–14. While existing scholarship has explored the roles of
funding agencies15–20, the limits of available data have precluded ana-
lyses on how funding agencies organized alongside thousands of
academics to realize common scientific goals, while doing so in an
efficient, cost-effective and innovative manner.

Received: 15 January 2025

Accepted: 30 March 2026

Check for updates

1Engineering Sciences and Applied Mathematics, McCormick School of Engineering, Northwestern University, Evanston, IL, USA. 2Office of the Director,
Office ofCommunications, National HumanGenomeResearch Institute, Bethesda,MD,USA. 3General IntelligenceCompanyofNewYork, NewYork, NY,USA.
4Department of Preventive Medicine, Feinberg School of Medicine, Northwestern University, Chicago, IL, USA. 5Centro de Informática, Universidade Federal
de Pernambuco, Recife, Brazil 6) Chemical and Biological Engineering, McCormick School of Engineering, Northwestern University, Evanston, IL, USA.
6Northwestern Institute on Complex Systems (NICO), Northwestern University, Evanston, IL, USA. 7Galter Health Sciences Library and Learning Center,
Feinberg School of Medicine, Northwestern University, Chicago, IL, USA. 8Northwestern University Clinical and Translational Sciences Institute, Chicago, IL,
USA. 9Extramural Research Program, National Human Genome Research Institute, Bethesda, MD, USA. 10NSF-Simons National Institute for Theory and
Mathematics in Biology (NITMB), Chicago, IL, USA. 11University of California, Irvine, Institute forClinical and Translational Science, Irvine, CA,USA. 12Division of
Pulmonary and Critical Care, Feinberg School of Medicine, Northwestern University, Chicago, IL, USA. 13Center for Science of Science & Innovation (CSSI),
Northwestern University, Evanston, IL, USA. 14Potocsnak Longevity Institute, Northwestern University, Chicago, IL, USA. 15SQLIFTS, Northwestern University,
Chicago, IL, USA. e-mail: amaral@northwestern.edu; donohuc1@hs.uci.edu; thomas.stoeger@northwestern.edu

Nature Communications |         (2026) 17:3621 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://orcid.org/0000-0002-2278-2758
http://orcid.org/0000-0002-2278-2758
http://orcid.org/0000-0002-2278-2758
http://orcid.org/0000-0002-2278-2758
http://orcid.org/0000-0002-2278-2758
http://orcid.org/0000-0002-2385-985X
http://orcid.org/0000-0002-2385-985X
http://orcid.org/0000-0002-2385-985X
http://orcid.org/0000-0002-2385-985X
http://orcid.org/0000-0002-2385-985X
http://orcid.org/0000-0001-5441-8101
http://orcid.org/0000-0001-5441-8101
http://orcid.org/0000-0001-5441-8101
http://orcid.org/0000-0001-5441-8101
http://orcid.org/0000-0001-5441-8101
http://orcid.org/0000-0001-8420-5254
http://orcid.org/0000-0001-8420-5254
http://orcid.org/0000-0001-8420-5254
http://orcid.org/0000-0001-8420-5254
http://orcid.org/0000-0001-8420-5254
http://orcid.org/0000-0001-6866-2842
http://orcid.org/0000-0001-6866-2842
http://orcid.org/0000-0001-6866-2842
http://orcid.org/0000-0001-6866-2842
http://orcid.org/0000-0001-6866-2842
http://orcid.org/0000-0002-3762-789X
http://orcid.org/0000-0002-3762-789X
http://orcid.org/0000-0002-3762-789X
http://orcid.org/0000-0002-3762-789X
http://orcid.org/0000-0002-3762-789X
http://orcid.org/0000-0002-5540-4278
http://orcid.org/0000-0002-5540-4278
http://orcid.org/0000-0002-5540-4278
http://orcid.org/0000-0002-5540-4278
http://orcid.org/0000-0002-5540-4278
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-71700-9&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-71700-9&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-71700-9&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-71700-9&domain=pdf
mailto:amaral@northwestern.edu
mailto:donohuc1@hs.uci.edu
mailto:thomas.stoeger@northwestern.edu
www.nature.com/naturecommunications


We present and leverage a fully digital archive assembled by the
National Human Genome Research Institute (NHGRI) to identify and
characterize pivotal decisions and developments for a now ubiquitous
field of science. This archive documents the development of the field
of genomics across model organism sequencing, human variation
research and genetic epidemiology. Unlike preceding modes of gene
research, genomics focuses research on large sets of genes21,22. Today,
genomics accounts for at least 20% of all biomedical research into
human genes23.

Established in 1997 as one of the institutes and centers of the
National Institutes of Health (NIH), NHGRI, along with the Department
of Energy (DOE), led the US efforts toward the International Human
Genome Project (HGP). The HGP and parallel commercial efforts, such
as those conducted by Celera Genomics, cataloged the set of genes
that form a human genome24,25 and enabled a wider adoption of
genomics in biomedical research26. Prompted by the complex histor-
ical links between genetics and eugenics, aswell as other issues such as
genetic determinism and genetic reductionism, the HGP set aside
funds (5% of the HGP’s total budget) to support research on ethical,
legal, and social implications (ELSI)27. NHGRI continues to support ELSI
research28, including theHistory ofGenomicsProgram,which archived
documents from the HGP and subsequent genomic projects. The
NHGRI archive presently comprises 2 +million pages and continues to
grow at an annual rate of 5%.

Leading scholars in genetics and the history and philosophy of
biomedicine have already used the NHGRI archives for research29–31.
However, these efforts have relied on close readings of individual
documents, an approach that does not scale well for addressing
questions like ours, where answers may be embedded across thou-
sands of documents.

We therefore turned to computationally augmented mixed-
methods approaches. We used and, when necessary, optimized exist-
ing open-source software to extract informationwithout the need for a
proprietary cloud infrastructure. Based on our companion research32

into the ethical use of artificial intelligence (AI) in analyzing archives
with sensitive documents, we restricted our scholarly investigations to
the Core Collection of the NHGRI archive. This collection, manually
assembled and annotated by historians over more than 10 + years,
contains a subset of documents of elevated importance to NHGRI,
such as those of the HGP. Each document in the Core Collection is
manually reviewed to ensure that it does not contain personal infor-
mation unrelated to the institutional mission of NHGRI.

Here, we show through multiple interlinked examples how
NHGRI, with academics from universities, academic institutions, and
private, research-based non-profit institutions, established a founda-
tion for what is now the influential field of genomics. Through a cus-
tom legal and computational framework for archival data, we enable
internal government documents to be computationally accessible to
AI and scholars at scale. In these documents, we identify how NHGRI
directly responded to scientific communities by creating resources
that would create an impactful technology (GWAS), how NHGRI lea-
dership engaged with the external scientific community to resolve
complex technical issues in large collaborations, and how, together,
they decided upon funding proposals for the sequencing of non-
human organisms.

Results
Core Collection chronicles a range of important genomics
initiatives
The Core Collection consists of two primary types of digital docu-
ments, “born-physical” (e.g., physical letters, subsequently digitized)
and “born-digital” (e.g., Microsoft Office files). Our data processing
framework (Fig. 1A) divides the content of single files into individual
documents because different physical documents were scanned
together to increase throughput (“Methods”, Supplementary Fig. S1).

Second, we use computer vision methods to remove handwriting, a
processing step identified by our research into the ethics of AI32

(Fig. 1A). Lastly, we use machine learning (ML) approaches to extract
text, mask and code personal information (Supplementary Figs. S2, S3
and Supplementary Table S1), and generate further metadata used
throughout our study.

The Core Collection comprises 2073 born-digital files and 1039
PDF files (Fig. 1B, outer ring), corresponding to a total of 22,843 dif-
ferent documents (Fig. 1B, center ring) with a total of 92,519 pages of
text (Fig. 1B, inner ring).More than80%of the documents forwhichwe
could computationally extract a date (Supplementary Figs. S4–S6 and
Supplementary Table S2, Supplementary Text – Robustness Analysis)
originated between 1993 and 2007 (Fig. 1C), the timespan anticipated
to be covered by the underlying curation efforts (Supplementary
Fig. S7). The Core Collection covers the HGP and subsequent large
genomics projects which were supported by NHGRI (Fig. 1D, Supple-
mentary Fig. S7 and Supplementary Data S1). Covered projects include
the International HapMap Project, which developed a genome-wide
comparative map of haplotype variation; the Large-Scale Genome
Sequencing and Analysis Centers (LSAC), which sequenced a sig-
nificant number of non-human genomes by utilizing the knowledge
and expertise gained from sequencing a human genome; the Ency-
clopedia of DNA Elements (ENCODE), which aimed to identify func-
tional elements of a humangenome; andmodENCODE,which aimed to
identify functional, and often, conserved elements of non-human
genomes.

As certain projects captured in the Core Collection are scientifi-
cally and temporally close, it is unclear whether computational
approaches can retrieve meaningful information to distinguish pro-
jects. Before advancing tomore targeted analyses, we hence evaluated
the feasibility of computational approaches. Before the start of our
current study, the History of Genomics Program had manually orga-
nized files into folders, which correspond to different genomics pro-
jects (Supplementary Data S1). We could hence contrast this manual
organization (Supplementary Data S1) against an unsupervised repre-
sentation of text documents based on word frequencies (“Methods”,
Supplementary Text – Robustness Analysis). Reassuringly, this unsu-
pervised representation aligned with the manual organization. Docu-
ments of the HGP separated from documents of subsequent efforts,
such as LSAC, ENCODE, and modENCODE (Fig. 1E and Supplementary
Figs. S8–S12). This confirms that computational approaches can
recover project-specific information from documents. Core
Collection documents also separate from publicly facing data, such as
NHGRI’s requests for grant proposals or research articles supported by
NHGRI funding (Supplementary Fig. S13). This suggests that archi-
val materials could enable distinctive insights into the workings
of NHGRI.

NHGRI promoted the early development of a transformative
technique
Computational analyses of publicly available bibliometric data
demonstrate that NHGRI has been an unusually successful funding
agency. For instance, research publications supported through NHGRI
fundinghave receivedmore citations than researchpublications of any
of the other 20 core institutes of the NIH, and are more likely to be
among the 5% most cited biomedical publications (Supplementary
Fig. S14). Research publications supported by NHGRI received the
second-highest number of citations by patents (Supplementary
Fig. S14). They also rank fourth in disrupting33 the scientific literature,
where disruption is quantified through the extent that NIH-supported
publications uncouple references in later publications from preceding
scientific literature (Supplementary Fig. S14). However, such analyses
cannot resolve how NHGRI contributed to early stages of scientific
innovation that precede individual research grants or publication
metrics.
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We thus wanted to ensure that our investigations into historical
materials of NHGRI were focused on developments important to
NHGRI as it supported the transition of the nascent field of genomics
from the HGP to subsequent genomics efforts. Only a fraction of the
documents in the Core Collection have hitherto been manually anno-
tated with keywords (Fig. 2A). Therefore, we used entity recognition

and pattern matching to extract keywords for each document in the
Core Collection, covering biological phenomena, techniques, organi-
zations and people (Fig. 2B and Supplementary Fig. S15). Among
69,895 keywords, 1246 keywords (hereto referred to as “enriched”)
appeared statistically more often in documents from one of the four
genomic projects that followed it. To guide interpretation, we
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tion, even after one decade of manual annotation work. B Entity recognition and
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more in projects that follow the HGP (we call this “enriched” henceforth).
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hierarchically clustered enriched keywords (Supplementary
Figs. S15–S18) according to their occurrence in each project. We
highlighted some of the most frequent keywords in Fig. 2C (see Sup-
plementary Data S2 for the full list).

A first insight was that most keywords are enriched only for one
project (Supplementary Fig. S18). This demonstrates that parallel
genomics projects differed. A second insight was that project-specific
keywords reassuringly match prior understanding of early genomics
research. For example, single nucleotide polymorphism (SNP), a term
for sites or base pairs of the genome that vary among individuals, is
prominent within HapMap documents (Fig. 2C). This was to be
expected asHapMap aimed to uncover recurring patterns of SNPs (co-
inherited through haplotypes)34. Equally reassuring, animal models
featured prominently in documents of LSAC, a program that leveraged
sequencing capacity to analyze the genomes of a variety of organisms
(Fig. 2C). The Department of Energy (DOE) is prominent in HGP docu-
ments (Fig. 2C), consistentwithHGP’s origins inside theDOE’sOfficeof
Science35. Aligning with oral histories, which identified former NHGRI
Deputy Director Elke Jordan (1988–2002) as one of NHGRI’s most
significant but least publicly acknowledged leaders of early genomics
efforts35, we found frequentmentions of Dr. Jordan in documents from
HGP and the LSAC (Fig. 2C and Supplementary Fig. S19). Overall, the
statistically identified keywords align with known insights into the
history of genomics and highlight important differences among
projects.

To guideour analyses towardearlyphases of scientific innovation,
we triangulated the first occurrence of techniques that were enriched
among the four genomics projects that followed the HGP. Of a total of
21 genomic techniques, 20 have occurred prior to the start of the
relevant projects (Fig. 2D). To understand the specifics ofNHGRI’s role,
we focused on the most frequently occurring technique, genome-wide
association studies (GWAS). This technique searches for small varia-
tions in the genomes of large populations to identify gene variants that
are associated with phenotypes, such as the occurrence of a specific
disease36. Between 2005, the year of publication of the first research
article using GWAS36, and 2020, a total of 30,174 research articles
mentioned GWAS. These articles were more likely to receive more
citations than articles mentioning most other techniques (top 0.6% of
all 2845 techniques, Fig. 2E). Demonstrating impact beyond citations,
studies mentioning GWAS introduced the greatest number of pre-
viously uncharacterized genes into the scientific literature (Fig. 2E).

The earliest mention of GWAS in the Core Collection is in the
agenda for aMarch 1997NHGRIworkshopabout humanvariation. This
workshop was prompted by a perspective article published in Sep-
tember 1996 in Science, which outlined GWAS’ mathematical feasi-
bility, but remarked that too few single- nucleotide polymorphismswere
known to implement GWAS37. To answer this call to the community,
NHGRI leadership invited a group of external academic experts to a
workshopwhere they discussed the path to developGWAS (Fig. 2F and
Supplementary Figs. S20, 21). The following year, NHGRI leadership
allocated infrastructure and resources that could support the future
development of GWAS38. NHGRI supported and co-led the Interna-
tional HapMap Project, which started in 2002. The HapMap project
identified millions of co-inherited single-nucleotide polymorphisms,
which were indeed used by the initial GWAS39,40. Jointly, these obser-
vations – which have been absent from public histories of GWAS41,42 –

demonstrate that NHGRI and academics cooperated toward the
shared goal of developing an innovative technique, GWAS, withNHGRI
contributing by coordinating actions toward a resource beyond the
capacity of typical research laboratories or biomedical investigators.

NHGRI and a small group of academic experts provided con-
tinuity between HGP and HapMap
To understand how NHGRI cooperated with academics during the
everyday operations of individual genomics projects, we turned to

email communications. From a total of 4,111 email documents, we
extracted 47,406 sender–recipient pairs (“Methods”, Supplementary
Fig. S23, S24 and Supplementary Table S3 and Supplementary Data
S3). Since email domains did not always differentiate NHGRI from
other NIH institutes (e.g., @nih.gov), we did not distinguish between
NHGRI staff and staff from other NIH centers and institutes in our
analysis.

We represented these email communications as a directed net-
work with arcs pointing from senders to recipients and arcs weighted
by the number of emails (Fig. 3A). Because the emails archived for the
LSAC program, ENCODE, and modENCODE projects constituted less
than 0.5% of the emails in the Core Collection, we focused on the HGP
andHapMapprojects. Emails fromNIHstaff to otherNIH staffmadeup
36.1% of all email conversations, NIH staff to academics 17.8% and
academics toNIH staff 7.6%. 47% of identifiable NIH staff were involved
in communications regarding the HGP and HapMap projects, com-
pared to only 21% of academics (P < 0.001, two-sided Fisher’s Exact
Test) (Fig. 3B), suggesting a higher rate of turnover among academics
during the transition from HGP to HapMap.

We anticipated that email networks could recover latent organi-
zational structures as they provide a proxy for human behavior and
communication43,44. Using a stochastic block modeling approach
(“Methods”, SupplementaryTable S4),we found thatmost participants
in HGP communication do not group into one single community
(Supplementary Fig. S24). Of the communities detected, one com-
prised primarily of NIH staff (Supplementary Fig. S24). Unlike the HGP,
large portions of email communication in the HapMap (40.0%)
occurred between two major communities that together accounted
for 13% of participants: one comprising primarily of academics and the
other consisting of both NIH staff and academics (Figs. 3C, D). The
former includes members of HapMap’s International Steering Com-
mittee, whereas the latter includes a previously not publicly acknowl-
edged group, which a member of NHGRI leadership sometimes
referred to as a “Kitchen Cabinet” (Fig. 3E).

The Kitchen Cabinet consisted of five members of NIH leadership
(including Francis Collins), two members of other staff, and four aca-
demics. Nine members of the Kitchen Cabinet already appeared in the
communications of the HGP. Of these, six were members of NIH, one
an academic who served on the National Advisory Council for Human
Genome Research (NACHGR) during HGP, and two were academics
who founded one of the five core sequencing centers from HGP (so
called “G5” in Supplementary Fig. S7). NACHGR was established in
1990 by the Public Health Services Act (42 U.S.C. 284a) to advise,
consult, and make recommendations about activities regarding
NHGRI. Hence, theKitchenCabinetmay have been critical to providing
continuity between the HGP and HapMap (Fig. 3F). To better describe
the latent role of the Kitchen Cabinet, we implemented Gould and
Fernandez’s45 brokerage typology, which categorizes how information
flows within a network. Members of the Kitchen Cabinet, including
FrancisCollins,most frequently acted as consultantsor liaisons (Fig. 3G
and Supplementary Figs. S25, S26).

To identify specific examples of how Kitchen Cabinet members
acted as consultants or liaisons, we extracted meeting agendas of the
Kitchen Cabinet and of the subsequent meetings of the Steering
Committee meetings. A comparison of the two sets of agendas
revealed that items in the Kitchen Cabinetmeetings mostly concerned
technical matters, and that those items were also included in the
subsequent Steering Committee meetings (Supplementary Table S5,
Reviewer Materials). This suggests that the primary function of the
Kitchen Cabinet was to undertakepreparationwork on complex issues
ahead of the Steering Committee meetings. Overall, our data-driven
analysis of the email communication of HapMap demonstrates that
NHGRI leadership closely worked with academic experts and ensured
the continuity of tacit technical and organizational knowledge
between the HGP and HapMap.
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How academics and NHGRI jointly decided which organisms’
genomes to sequence
LSAC’s sequence target selection effort was one of several major
genomics projects, along with HapMap and the ENCODE Project, that
followed the HGP (Fig. 1D) and utilized “lessons learned” from that
effort. While HapMap was organized around the creation of a single
resource, leveraging an emerging technology – scalable, accurate
genotyping – a critical main objective of the LSAC was the creation of
genome sequences of non-human organisms. Innovation in the LSAC,
therefore, in the context of comparative model organism sequencing,
originated from applying existing genome sequencing technology to
novel domains of biomedical research. Accordingly, NHGRI needed to

include the input frommany scientific communities in deciding which
organisms to sequence. This raises the question of whether compu-
tational approaches can retrospectively recreate these decisions and
find correlates of funding outcomes.

Before investigating the decisions themselves, we first recon-
structed the decision-making process through manual inspection of
archivedmaterials (Fig. 4A). Using the LSAC, NHGRI publicly called for
proposals on which organisms to sequence. Proposals, which origi-
nated from both scientific laboratories outside of NHGRI and from
NHGRI working groups (e.g., annotating the human genome working
group, comparative genome evolution working group), comprised of
both NHGRI staff and academic experts, laid out the rationale for the
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sequencing of a particular organism. These proposals were reviewed
by a committee comprised of NHGRI staff and two members from
NACHGR. The committee’s recommendations were later submitted to
the entire NACHGR, which formally approved or rejected proposals.
The production of genome sequences of approved organisms was
delegated to sequencing centers established during the HGP. To
ensure data completeness, we compared genome sequences depos-
ited at NCBI’s BioProject to NACHGR decisions in our data and found
coverage of 97.4% of the organisms supported by the LSAC in 10 years
following the HGP (Supplementary Fig. S27).

The original call for proposals emphasized “improvement of
human health” and “informing human biology” (Supplementary Note).
Consistent with such a scope, we encountered among submitted
proposals an overrepresentation of Chordata, the phylum of homo
sapiens (Fig. 4B and Supplementary Fig. S28). This is also consistent
with a recent systematic review of publicly available animal genomes46

and our observation of the term phylogeny being overrepresented in
LSAC documents (Fig. 2C).

To uncover some of the reasons behind NACHGR’s decisions
beyond Chordata, we developed a machine learning model to recapi-
tulate thesedecisions (Data S5).We surmised thatdecisions couldhave
been influenced by features that capture biological phenomena (e.g.,

genome size), organizational aspects (e.g., if multiple organisms are
bundled in the same proposal), reputation (e.g., H-index of proposal
authors), or linguistics (e.g., argumentativeness). Given the prevalence
of categorical data, we used CatBoost47 as our machine learning
approach. Given the historical natureof the LSAC and thus the absence
of independent data to evaluate the performance of our models, we
applied Monte Carlo cross-validation, which trains models on random
subsets of NACHGR’s decisions and evaluates models on decisions
excluded from the training process. Demonstrating that this machine
learning approach accurately recapitulates NACHGR’s decisions, the
models yielded an average area under the receiver operating char-
acteristic (AUROC) of 0.94 + /−0.02 (Fig. 4C). Models trained on all
features performed significantly better than models trained only on
subsets of features. This suggests that no single feature captures the
full decision-making process at NHGRI (Fig. 4C).

An analysis of the features’ SHAP values48 showed that all features
contributed to the final models. The largest contribution stemmed
from the size of the research community, with a higher number of
publications on individual organisms being associated with approval.
The second and third largest contributions stemmed from the pro-
posals’ lexical diversity and argumentativeness, with intermediate
levels of both seeming most associated with approval (Fig. 4C and
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Supplementary Figs. S29, S30). Reassuringly, approval was not asso-
ciated with the origins of the proposals, whether they originated from
an NHGRI internal working group or from external academic
communities.

Studies of scientific innovation implicitly surmise that novelty
alone is not sufficient for innovation – innovation also requires a
measurable impact on the conduit of science6,49. While it has been
hypothesized that the choice of an organism for sequencing changed
how subsequent research on these organisms was done50–53, this
hypothesis could not be tested before due to the lack of a counter-
factual. In contrast, the Core Collection enabled us to build such a
counterfactual using the set of organisms that were considered for
sequencing but were rejected. We thus scanned the published bio-
medical literature to determine whether studies on specific organisms
utilized genomic approaches. Indeed, after NACHGR’s approval, pub-
lications on approved organisms (n = 159) saw a higher rate of use of
genomic approaches (Fig. 4E, P =0.031, median of 0.15 and 0.10,
respectively) during the 5 years after the decision. Simultaneously,
there was no statistically significant difference on the overall amount
of researchdoneon individual organisms after NACHGR’s decisions on
approved (N = 159) and rejected (N = 88) projects (Supplementary
Fig. S31). This suggests that NACHGR’s decisions alignwith the conduit
of science and that the availability of a genome sequence accelerated
the adoption of genomic approaches in organismal communities by
existing researchers.

Overall, our analysis of the entire decision-making process behind
the LSAC’s sequence target section process and its impact on research
surrounding specific organisms demonstrates that it is possible to
trace innovation in a nascent field of inquiry back to the intricate
cooperation patterns between a funding agency and groups of exter-
nal grantees, aswell as other advisors.While existing insights reveal the
end outcome of decisions to fund sequencing of organisms46, the
application of computational approaches on archived materials
enabled us to quantitatively recapitulate how these decisions were
made (Fig. 4C).

Discussion
While funding agencies are expected to contribute to innovation
(Supplementary Fig. S14), ourmanuscript showshow a funding agency
supported nascent stages of one of the most successful fields of con-
temporary science. A repeating theme in our analysis is that the NHGRI
staff were substantially involved in a variety of genomics projects and
convened with academic experts to support the creation of shared
data resources, including information on haplotype structure and
comparative organismal sequences. At first glance, the institutional
behavior of NHGRI appears collaborative. However, anecdotes pub-
lished elsewhere show that multiple prominent academics perceived
NHGRI’s involvement as restricting academics’ ability to pursue
investigator-initiated research54,55. Likewise, NHGRI staff who served
during the HGP described interactions with academics as cooperative
to emphasize NHGRI’s responsibility toward the projects rather than
individual investigators35. In line with such a view, we see that NHGRI
repeatedly identified and amplified voices within the scientific com-
munity that aligned with NHGRI’s mission.

Some level of close cooperation betweenNHGRI and academics is
by design: For instance, NHGRI’s advisory council, NACHGR, is man-
dated to recruit from not only leading representatives of the health
and scientific disciplines, but also of public policy, behavioral and
sociological research, and economics56. In addition, one of the formal
responsibilities of NACHGR is to hold ad-hoc meetings and working
groups, which often brought together NACHGR members, intramural
researchers, and external academics35.

The lack of strict separation among academia, the outside grantee
community, and NHGRI may be conceptualized as funding agencies
beingboundaryorganizations4,5, bodies jointly createdbyboth science

and non-science stakeholders to advance mutual interests and resolve
conflicts arising from inherent differences57–59. Further supporting this
view, we found that NHGRI staff, including the top leadership, con-
sistently exhibited behaviors of both scientists (e.g., honing technical
details) and administrators (e.g., organizing new groups and the hol-
istic evaluation of projects). This interaction promoted long-term
relationships (e.g., sequencing centers from HGP) and stabilized the
boundary (e.g., degree of cooperation).

The fully digital Core Collection of the NHGRI archive enabled us
to retrospectively identify important organizational and conceptual
continuities between the HGP and subsequent genomic projects. Our
findings complicate any discussion of “post genomics” that also pre-
sents the HGP as a monolithic “project,” largely separated from later
genomics efforts35,60. We suspect that these superficially conflicting
perspectives may have been shaped by the selective availability of
public data. As our study demonstrates, important innovations and
structures for fostering that innovation61, were already established
ahead of the awarding of grants or the publication of research results
and thus might not be visible using externally available sources like
funding announcements or citations. This further confirms previous
scholarship12,14 that innovation in funding agencies take time and
programmatic efforts, connecting back to the mission-driven NIH
served tobegenerative, not incidental, of innovation.Motivatedby the
CommonDisease –CommonVariant hypothesis62,63, NHGRI leadership
identified GWAS as the technically feasible64 direction towards study-
ing genetic drivers of common disease and thus programmatically
created resources such as HapMap that later enabled adoption of
GWAS (Fig. 3). Similarly, NHGRI decisions accelerated the adoption of
genomics in existing model organism communities (Fig. 4E).

Since our conclusions are based on documents archived by one
collection of documents, it is unclear to what extent they generalize to
the entirety of NHGRI or other research funding agencies or scientific
fields. Arguing for generalizability, one must highlight that, at suffi-
cient granularity, the Core Collection of the NHGRI archive covers a
variety of major initiatives across many domains of genomics that
brought numerous distinct scientific communities into the process.
Our findings on NHGRI and early genomics also complement recent
sociological research into the National Cancer Institute, and suggest
that findings of funding agencies as builders of techno-capacity are
part of a more generalizable pattern12,14,65,66. Similarly, that – beyond
individual funding agencies – staff of funding agencies acts as research
administrators and scientists13. However, one can also argue that
innovation in the field of genomics is one of those special cases where
generalizability is secondary to importance, where the case of geno-
mics also illustrates radical novelty. Genomics has been one of the
most transformative research areas in the recent history of science,
whether evaluated by its current prevalence (Fig. 4), the number of
citations received23 or the inclusion of new genes into the scientific
literature (Fig. 2E). It also led to an increase of team science in biology23

and policies around the open sharing of data67. Scientific endeavors of
equivalent importance seem few and far in-between. Itmay be then no
surprise that – when evaluated through citation-based impact metrics
– research supported by NHGRI has been a notable success of US
science (Supplementary Fig. S14).

Given our anticipation of a near future where AI-enabled archives
become commonplace, we feel responsible to set a good reference on
how to balance accuracy with completeness, and openness with the
autonomy and rights of individuals whose activities are represented in
archived documents. Concerning the former, we believe that the
expert-annotated and human-reviewed Core Collection enabled us to
quantify the accuracy of our processes, thus building confidence in the
appropriateness of our approach (Fig. 1E and Supplementary
Figs. S2–S13). Concerning the latter, we undertook a careful study of
the ethics of using AI on the NHGRI archive32. We consciously chose to
refrain from technically feasible but ethically uncertain analyses. These
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and other decisions were part of a multi-layered approach that inclu-
ded the encoding of sensitive information, secure local cyber-infra-
structure, manual and computational screening of documents, and a
legal framework for the exchange of data. This approach is the basis of
a consortium we recently established with the responsibility to create
training opportunities, maintain and improve our tools, and enable
data sharing so that other historical archives are enabled to preserve
and study their domain data (See Code availability). As part of this
consortium, the extension of the legal and computational framework
presented in the current manuscript towards the entire NHGRI archive
is ongoing.

Although our algorithms to mask people and sensitive informa-
tion work well (Supplementary Fig. S2 and Supplementary Table S1),
we advocate that data made accessible to AI-enabled tools be “coded”
rather than “deidentified” to ensure accountability from data stewards
and to reduce the risk of harm to individuals while simultaneously
enabling scholarly insight32. Importantly, we contend this approach
represents a new posture towards potentially sensitive data in archival
domains, which acknowledges the difficulty of predicting potential
future risks (e.g., the capability ofAI andother such tools to reidentify).
Inversely, we underscore that prioritizing ethics over technical feasi-
bility will enable more studies involving partnerships between gov-
ernmental agencies and academic scholars.

Methods
Ethics approval
Upon submission to the Northwestern University Institutional Review
Board, our study (STU00218837) was determined to be exempt. Prior
to approval, we evaluated potential risks associated with applying
computational methods to the Core Collection, as described in an
accompanying manuscript32. Three key measures were implemented
to minimize these risks: (1) preserving data ownership with NHGRI; (2)
creating a digital version of the archive in which potentially sensitive
information was removed, encrypted, or not made publicly available;
and (3) conducting analyses within an isolated, encrypted, access-
controlled computational environment (i.e., a dedicated workstation).

Page stream segmentation
To enable the economic digitization of physical documents, most
documents in the Core Collection were digitized through a high-
throughput scanning process using a Panasonic High-Speed scanner at
300 DPI resolution that collates multiple documents into a single PDF
file. Page stream segmentation involves recovering the individual
document boundaries from such compilations. This process was
essential as it enabled the metadata assignment to each respective
logical document. We created a custom interface using LabelStudio
v1.8.0 tomanually label all 79,743 pages from 1,039 PDFs in 80 person-
hours (16 pages per minute). We assessed the consistency of this
splitting approach by comparing documents that are resolved from
PDFs with the same content by hashing. From such duplicated PDFs
(N = 134) that independently underwent thismanual segmentation, we
report a 100% consistency. We followed the rules shown in Supple-
mentary Fig. S1 to guide segmentation.

Handwriting removal
We found 43% of scanned Core Collection pages to contain hand-
writtenmarks fromcrossed-out lines and circledwords to handwritten
comments in the margins and fully handwritten documents. Unlike
traditional printed text, handwriting uses a more informal, personal
language. As discussed in our accompanyingmanuscript on the ethics
of our data processing32, we determined that, because of its more
personal nature of communication and lack of optical character
recognition (OCR) support for individual handwriting styles, hand-
writing requires separate handling from printed text. Moreover, we
found that even formal data, such as Social Security Numbers, credit

card details, and phone numbers, are often recorded in archive
documents in handwritten form.

Handwriting presents an additional layer of encoded information
on top of the printed content, but it is also an ‘artifact’ that obstructs
traditional OCR engines. To deconvolute printed text from hand-
written data present on the same page and often with mixed infor-
mation, we used a U-Net based68 segmentation model. We trained the
model using a corpus of synthetic documents that included both
handwritten and printed information with labeled positions.

For building the synthetic corpus, we sourced printed materials
from Industrial Documents Library69 files with no handwriting data,
training manuals from the web, forms70,71 and selected printed docu-
ments from the Core Collection. We sourced handwritten marks from
HASYv272 and Google’s “TheQuick! Draw!”Dataset73, handwritten digit
data from UCI74, and handwritten text from the IAM-database75. To
replicate how humans may circle, underline, and write near existing
words, we identified locations of random words in the printed back-
ground using the Tesseract v4.1.1 OCR engine. We then, at random,
underlined, crossed out, or circled these words with synthetic hand-
writtenmarks tomimic those found in theCoreCollection. In addition,
we randomly placed generated handwritten words and sentences with
varying font sizes, orientations, and structures. For form layouts, we
placed handwritten characters in the logically appropriate regions,
using both cursive and block letters.

The developedmodel operates on images resized to 2,048 ×2,048
pixels. It uses a convolutional network structure with symmetric
downscaling and upscaling paths connected by bottleneck layers,
allowing precise localization and context integration. The network
architecture includes standard components such as convolutional
layers, max pooling, and up-convolutional layers. We use the negative
of the Sørensen-Dice coefficient76 where pi is the predicted value of
class i and gi is the ground truthof class i, andL as the loss function, to
enhance the boundary delineation between different image regions.
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We trained the model on a Quadro RTX-8000 GPU using curriculum
learning77

first with 512 by 512 pixels, then 1024 by 1024, and finally
2048 by 2048 pixels. We used the TensorFlow v2.8.0 framework, the
Adam optimizer, and specific callbacks for early stopping. For the
300 synthetic handwritten documents of the test set, we achieved an
average F-1 score of the redacted handwriting of 0.961 (0.018).

Text extraction
We classified PDFs in the Core Collection based on their origin: those
with a digital origin contain embedded text, whereas those with a
physical origin were ingested through scanning and contain embed-
ded images. For PDFs with a digital origin, we used Apache Tika v2.6.0
to extract the text with default parameters. For scanned PDFs, we first
removed handwritten marks and then used Tesseract v4.1.178 to apply
OCR with automatic page segmentationmode to the resulting images.
For Microsoft Office files, we used Apache Tika’s Microsoft Parser
modules in thedefault setting to extract the content in rawtext and the
associated metadata.

Entity recognition and disambiguation
To protect the privacy of personally identifiable information (PII)
captured in the archive and attribute metadata in archive documents,
we detected in the raw text the following categories of data: name,
email address, physical address, identifiers (e.g., numerical combina-
tions that could be social security numbers, phone numbers, or credit
card information), and organizations. To accomplish this goal, we fine-
tuned a RoBERTa79 model using spaCy v3.7.2, a popular natural lan-
guage processing library. We used LabelStudio v1.8.0 to annotate 600
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pages from the Core Collection, which could then be used to train the
model. Precision, recall, and F-1 scores on the categories listed above
on a holdout validation set of 100 pages from the Core Collection
exceed 0.86, 0.88, and 0.87, as shown in Supplementary Fig. S2 and
Supplementary Table S1.

Because RoBERTa can only consider 512 tokens as the context
window, we divided all texts by a stride of 300 tokens with a 50-token
window to ensure that long texts are accommodated during entity
recognition.

While entity recognition detected names of individuals in the
corpus, linking suchmentions to unique individuals required separate
tasks, called entity disambiguation. For this section, we linked and
disambiguated the names of individuals. Entity disambiguation
approaches commonly draw upon existing knowledge bases around
individuals. However, no such resource existed for individuals cap-
tured by the Core Collection. Therefore, we created amethod inspired
by the “Seed + expand” procedure80 to overcome an incomplete
landscape of individuals or the lack of metadata information about
each possible individual. We also opted for explicitly stated rules and
string patterns to make the procedure interpretable and easily adap-
table for other use cases.

Specifically, we first manually seeded our entity list by collecting
the names of NHGRI staff, National Advisory Council on Human Gen-
ome Research (NACHGR) members, public officials (politicians), and
prominent HGP scholars. Next, we created aliases for each of these
individuals, including different combinations of their first, middle, and
last names. We normalized all names by making the text lower-case,
removing common prefixes and suffixes to names (e.g., Dr., Miss,
Ph.D.), and non-alphabetic characters except for a comma in a name,
which we considered to be an inverted name (e.g., Smith, Jane).

For every detected individual in the corpus, we matched their
names against the aliases using a Weighted Ratio metric of the
Levenshtein distance calculated using the Python library TheFuzz
v0.22.1 (curve B in Supplementary Fig. S3). Empirically, we found that
92% of the Weighted Ratio match names close to their intended indi-
vidual as some mentions of names included OCR artifacts, such as
incorrectly recognized characters, superscripts, and subscripts.

Based on the number of individuals matched to the aliases, we
concluded that our initial list of individuals is not comprehensive
enough. Therefore, we extended it by grouping unmatched names by
considering all of the mentions to be an alias of the same name if they
fall at or above 92% Weighted Ratio score (curve C in Supplementary
Fig. S3). We then created aliases for newly added individuals and
matched them against the corpus once more. This procedure yielded
260,099 matched names in the corpus to disambiguate to 39,252
individuals.

We noted that the top 500 disambiguated individuals make up
50.7% of the mentions, suggesting a power-law relationship of indivi-
duals captured in organizations.

Masking and coding personal information
Coded data is one of the three categories of data defined in the Insti-
tutional ReviewBoardguidelines. Codeddata differs fromdeidentified
data in that indirect identifiers or codes replace the 18 PII direct
identifiers defined by the Health Insurance Portability and Account-
ability Act (HIPPA). Declaring all data in the Core Collection as dei-
dentified would eliminate data stewardship and remove any
restrictions on its use. Therefore, we created coded datasets and
removedpotentially sensitive information (e.g., names and addresses).
By declaring this data as coded, wewould enable data stewardship and
avoid falsely declaring the data deidentified. Specifically, we replaced
the mentions of names of individuals by the disambiguated identifiers
if disambiguation was possible or by a generic category label (e.g.,
PERSON) if disambiguation was not possible (e.g., only having a first
name). Similarly, we encoded physical locations, email addresses, and

phone numbers by their non-identifying category labels. The model
discussed under the above subsection Entity recognition and dis-
ambiguationwas used to findmentions of names, locations, and email
addresses. To further decrease false negative incidents of sensitive
identifiers, we used a regular expression approach to match for
numeric patterns commonly associated with social security and credit
card numbers.

Date extraction
We inferred the date of a Microsoft Office document using “creation”
and “modified” dates reported in its metadata. This metadata was
extracted during the text extraction step using Apache Tika. Some
documents showed inaccurate creation or late modification dates
caused by template reuse or file conversion during preservation
(resulting in a spurious later modification date). To account for such
inaccuracies, we used the median of all valid dates as the document’s
inferred date.

Furthermore, the metadata for digitally and physically born PDF
documents, specifically the creation and modified dates, were not
consistent due to the archival process. Therefore, to identify the dates
of PDF documents, we compiled a set of common date and time pat-
terns as regular expressions listed in Supplementary Table S2. Next, we
detected all valid date-like strings using these regular expression pat-
terns in a case-insensitive manner from the first two pages of the
document. Then, we used DateParser v1.2.0 to parse the detected date
strings. For both PDFs and MS documents, we inferred the document
date as the median of all detected dates and accepted this inference if
all detected dates fell within a range of 30 days. Based on the curation
of the corpus, we didnot consider any dates before 1980or after 2020.
Additional robustness analysis is described in Supplementary Text
(section Robustness Analysis).

Projection of document similarity
We visualized the scope of the Core Collection (Fig. 1E) by training a
Doc2Vec81 model with extracted text from all handwriting-removed
born-physical PDFs, born-digital PDFs, MS Word and MS PowerPoint
documents. We removed blank page documents, filtered out non-
alphanumeric characters and make every token lowercase. We exclu-
ded MS Excel documents from this projection because they may
contain too many numerical values. In total, we considered 22,070
documents from the Core Collection.

We used 100-dimensional vectors and trained the model for 50
epochs and a minimum token count of 2. Following a common pro-
cedure in the field82, we calculated pairwise document similarity using
the cosine similarity of the two vectors representing the documents.
Repeating this calculation for all pairs of documents, we obtained a
22,070 × 22,070 matrix.

Next, we used the openTSNE v1.0.083 implementation of
t-distributed Stochastic Neighbor Embedding (t-SNE)84 to project the
100-dimensionaldocument vectors onto twodimensions.We followed
a procedure specially developed for projecting large document
corpora85. Specifically, we calculated uniform affinities on an approx-
imate k-nearestneighbors’graphwith neighbor count kof 10. Then,we
optimized for 250 iterations of early exaggeration annealing and then
2000 subsequent optimization iterations.We used default parameters
for the principal component analysis initialization and a momentum
value of 0.8. We highlighted projects that were NHGRI-led from the
HumanGenomeProject to the endof 2015 and represented in theCore
Collection. Additional robustness analysis is described in Supplemen-
tary Text (section Robustness Analysis).

Keyword extraction
We assigned relevant computationally generated keywords by using
encoded individuals, the detected organizations and matched key-
words from the National Library of Medicine’s MeSH headings. The
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individuals and organizations are direct outputs from Entity recogni-
tion and disambiguation. We used MeSH tree branch E’s “Analytical,
Diagnostic andTherapeuticTechniques, andEquipment” tree tobe the
technique keywords and G’s “Phenomena and Processes” to be the
phenomena keywords. We applied case-insensitive string matching to
their headings and aliases listed in MeSH.

Keyword enrichment analysis
To determine which concepts and ideas may have transitioned from
theHGP to subsequent large projects, we calculated the enrichment or
depletion of keywords that describe each document. We assigned the
document’s project association by its folder curation. We identified
entities that remained statistically significant when comparing fre-
quencies of those contained documents associated with the HGP and
those contained in documents associated with each of the four large
subsequent projects: Large-scale genome sequencing and analysis.
Centers (LSAC), International HapMap Project, ENCODE, and model
organisms ENCODE. We identified the keywords that appeared fre-
quently enough to statistically detect a meaningful difference in the
projects. To do so, we calculated the power of the two-sided Fisher’s
Exact Test with a Bonferroni correction by simulation using statmod
v.1.5.0 in R. We then used sciPy v1.10.1 Fisher’s Exact implementation
with a Bonferroni correction using statsmodels v0.14.0 to find statis-
tical significance in terms that pass the power threshold. We then
hierarchically clustered the share of the documents with each of the
statistically significant terms using Seaborn v0.12.2 clustermap with a
Ward variance minimization algorithm86,87. Statistical significance was
defined to be P <0.05 / n where n is the number of keywords. After
multiple hypothesis correction, the α levels were 1.625e-6 (HGP vs.
LSAC), 1.649e-6 (HGP vs. HapMap), 2.425e-6 (HGP vs. modENCODE),
and 2.366e-6 (HGP vs. ENCODE).

Terms highlighted in the main figure were manually chosen,
without blinding, to illustrate the scope of information provided in the
full clustermap provided in the supplementary materials.

GWAS investigation
We identified every publication associatedwith aMeSH term from tree
branch E’s “Analytical, Diagnostic, and Therapeutic Techniques, and
Equipment” from 2006 to 2016, as the first GWAS paper36 was pub-
lished in 2005. We then used NIH’s iCite88 to calculate the publication
rank by the number of citations per year. We only considered papers
with at least one citation. We then determined, for all papers
associated with each MeSH term, the proportion of high-impact
papers that we defined to be in the top 5% rank bypublication year. For
GWAS, we track the MeSH term “D055106:Genome-wide association
study”89.

To determine how previously uncharacterized genes were intro-
duced to the biomedical literature, we used PubTator on MEDLINE to
detect human genesmentioned in the title or abstract of a publication.
Then, we declared the first year a gene ismentioned in the literature to
be the year of characterization and look for new genes that get intro-
duced after thedraft sequence of a humangenome is released in 2000.
We restricted our time window from 2006 to 2016 and calculated, on
average, the proportion of new genes to all genes mentioned for each
publication associated with a technique from MeSH.

We considered the publication having mentioned GWAS if the
title, abstract, author-submitted keywords, or MeSH terms contained
one of the following phrases in a case-insensitive manner: genome-
wide association study, genome wide association study, genome-wide
association studies, genomewide association studies, gwas, gwa study,
gwa studies, whole genome association study, whole genome asso-
ciation analysis, genome-wide association analysis, genome wide
association analysis, genome-wide association analyses, genome wide
association analyses, genome wide association scan, genome-wide
association scan.

Identification of emails
We used the DiT90 model fine-tuned on the Ryerson Vision Lab Com-
plex Document Information Processing (RVL-CDIP) dataset91. We only
inferred the document type scanned for scanned images of the first
page of the document from which handwritten marks had been
removed. We assumed that the rest of the document pages share the
same label as the first page. We verified the appropriate fit of the pre-
trainedmodel on theCore Collection by randomly sampling 100pages
and manually annotating their classes (Supplementary Fig. S22).

Reconstructing the email network of NHGRI
Email communication networks can help reveal collaboration dynam-
ics and participant centrality in large teams and organizations92. To
create an email communication network, one needs information on
the sender, the email recipients, the timestamp, and the header. We
fine-tuned a LayoutLMv393 model on 150 documents from the Core
Collection that had been categorized as emails, which we manually
annotated using LabelStudio v1.8.0. Specifically, we fine-tuned 100
examples for each of the 10 Monte Carlo cross-validated datasets
evaluated on sets of 25 examples each and chose the model with the
highest overall F-1 score.

Our email recognition model considered both the image and text
modalities during model training to take advantage of the layout of
email correspondence. Therefore, the LayoutLMv3 tokenizer auto-
matically ran OCR on the image regions to align both modalities. To
accommodate this tokenizer, we encoded the individuals after the
email recognition model using the same disambiguation scheme
above. The top 500 individuals make up 89.2% of all email pairs
(Supplementary Fig. S23). We only kept the emails with a valid
date (n = 4111).

To ensure correct affiliation, we restricted the network to the top
500 individuals, whose affiliations we assigned by either manually
inspecting and assigning them or by taking the domain detected from
the email address (if available) and inferring the institution. For indi-
viduals who may have changed affiliations (notably between NIH and
external academia), we note separately to ensure that they do not get
accounted for in the analysis.

We assigned the affiliation asNIH if an email address was fromany
of the 27 NIH Institutes or Centers. We defined external academia as
universities, academic institutions, and private, research-based non-
profit institutions. The list of external academic institutions con-
sidered in the disambiguated, top 500 people network is included in
the Supplementary Data S4.

We represent the email communication network as a directed
graph, where arcs point from the sender to the recipients. This graph
comprises 500 nodes and 44,975 arcs. We used Gephi v0.10.1 with a
ForceAtlas2 algorithm94 to visualize the network with a 0.01 strength
parameter, a scaling parameter of 3, and a LinLog transformation of
the attraction force95. We used NetworkX v3.3 to calculate in- and out-
degrees and prepare the network for Gephi. We assigned projects
inside the email network by the folders which the scanned email page
originated from. We removed self-looped edges from the network.

More institutionsmay have participated in NHGRI activities; these
only reflect the email network from the Core Collection in the top 500
individuals. In the disambiguated email network of the top 500 indi-
viduals, 75.3%of all identified individualswere affiliatedwith theNIHor
external academic institutions. Other individuals in the network are
notably affiliated with commercial partners, non-NIH government
agencies, associations, and staffing/consulting firms.

Finding communities in emails
To avoid potentially spurious random artifacts that many modularity-
based methods face96, we employed hierarchical stochastic block
models (hSBM) suited for weighted, directed networks to detect
communities using Graph-tool v2.5997. Specifically, to accommodate
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edge weights, we used the variation of SBM from Piexoto98, which
treats edge weights as additional covariates that can guide the final
node partition. We used a nested microcanonical degree-corrected
SBM99,100, as this approach is less likely to underfit with large networks.
For the microcanonical distribution, we considered the four available
through Graph-tool: exponential, geometric, Poisson, and binomial.
We chose a continuous exponential distribution as the model for the
weights as it led to the smallest minimum description length of SBM
(Supplementary Table S4). We used simulated annealing with an
inverse temperature range of 1 to 10 and 1000 steps to find the optimal
parameters for hSBM. Because of its stochastic nature, theremay have
been more than one possible node partition of hSBM that leads to
similar posterior probabilities. Therefore, for every optimization to
find the bestmodelfit, we looped this approach 10 times and chose the
partition with the smallest minimum description length.

We considered an individual a Kitchen Cabinet member or a
HapMap steering committee member by inspecting two archived lists
of individuals found inside the Core Collection. We use Floweaver
v2.0.0 to create Sankey diagrams of HapMap individuals.

Brokerage roles in email network
Brokerage is the process of how an actor in a network connects
otherwise disconnected actors or groups and is a key part of social
network analysis. Many argue that brokers play elevated roles in
networks45,101–103, either fromaccess to new information or control over
information flow. Inspired by how brokerage rolesmay describe social
networks from various domains104–106, we used the brokerage defini-
tions from Gould and Fernandez45 to describe the NHGRI email
network.

Edge weights present a challenge when finding local brokerage
measures, as it is unclear which edges should be considered for ana-
lysis. A popular approach is dichotomization of the network, where a
certain threshold is applied to determine which edges to preserve for
brokerage analysis107.

Identifying the appropriate thresholding value is a challenge, as
local brokerage roles can be plaguedwith arbitrary network structures
leftover from thresholding107. Therefore, we used an established sys-
tematic approach provided by Serrano et al.108 which extracts edges
from a weighted network by filtering to retain key ties and retain
connectivity of the network. We present in Supplementary Fig. S25 a
range of significance levels with the number of nodes and edges
retained in the HapMap email network, as well as the corresponding
brokerage role descriptions. We only considered nodes with more
than 10 qualifying triad edges to ensure that no one brokerage role
dominates in proportion.

Modeling council decisions
To find council decisions on sequencing proposals, we identified an
internal project tracking sheet inside the Core Collection that deter-
mines project proposals at Council meetings from May 2001 to June
2009. We modeled a total of 325 sequencing decisions. These origi-
nated from 113 proposals, both internal and external, for the sequen-
cing of 249 organisms. Internal proposals included proposals from
NHGRI working groups, such as the “annotating the human genome”
working group that identified organisms in critical phylogenetic
positions that helped elucidate human evolution. Each organism may
be proposed for additional sequencing, either to resubmit a previously
unapproved project or to increase the coverage from the draft
assembly. We removed all projects with missing Council decisions
from the tracking sheet and render deferred decisions as non-approval
equivalent. We also removed decisions whose sequencing proposal
was not found in the Core Collection. These decisions are represented
in Data S5.

To verify that the sequencing target documents inside the Core
Collection are representative of the sequencing efforts considered

during this time, we compared the organisms documented inside the
Core Collection to the entries in NCBI BioProject. We specifically look
at NHGRI’s Large-scale sequencing program for organismal
sequencing109 umbrellas and the FungalGenome Initiative110 umbrellas.
We only considered NCBI BioProject entries before 2010 to match the
council decisions available within the Core Collection.

To determine optimal hyperparameters, we used a Monte Carlo
cross-validation of 100 sets with grid search for CatBoost47 and trained
on the following 13 properties, grouped in 4 categories:
1. Biological: Genome size (in log10 of megabases), phyla

(categorical)
2. Linguistic: argumentativeness (a ratio from 0 to 1), lexical diver-

sity (a ratio from 0 to 1)
3. Project: multi-organism proposal (boolean), number of female

proposal writers, teamsize, time since organism’s first submission
(in years), number of support letters, internal or external origin
(boolean)

4. Reputation: maximum H-index of proposal authors, in-degree
centrality rank of authors in the NHGRI email network, organism
community size (in log10 of publication count)

We only considered the main text of the proposal for linguistic
features by manually removing the appendices and references at the
end of the proposal. Since the absence of a support letter in the Core
Collection indicates that no support letter had been attached to the
proposal, we manually inspected the appendices of proposals or
attachments to extract encoded identifiers of individuals who wrote
letters of support for the proposal. Notably, we found that only 30% of
the proposals considered had letters of support.

To find individuals who authored the whitepapers or proposals,
we either detected names from the first page of the whitepaper,
manually compiled authors if the first page did not detect any names
or inferred the authors frommajor steering committees that wrote the
proposals, such as the Fungal Genome Initiative steering committee.
We determined an individual’s gender by using get_gender from the
Python package gender-guesser.detector v0.4.0, which allows “gues-
sing” gender using an individual’s given (first) name. We reassigned
“mostly male” and “mostly female” as their respective gender labels
and maintained “unknown” for those whose gender could not be
conclusively inferred.

We calculated H-index111 directly using OpenAlex112. We con-
sidered works published up to a year before the year of consideration
by the Council.

We identified sentences with arguments by detecting lexicons
associated with argumentation113, specifically those in priority, diffi-
culty, necessity, causation, contrast, and emphasis categories listed by
MPQA. We normalized the number of argumentative lexicons by the
word count of the proposal, for which we use spaCy’s word tokenizer.

We calculated lexical diversity by measuring the type-token ratio,
which is the ratio of unique words to total words, using the Python
library LexicalRichness v0.5.1.

The genome size of the organism was directly compiled from the
internal project tracking sheet, as the understanding of an estimated
genome sizemaybe different from its actual size. Anymissing genome
sizes were encoded as null to avoid introducing ex-post bias.

We calculated the community size of an organism by the log10 of
the number of publications about the organism in the decade before
the year of the council decision. We determined whether the pub-
lication was about a specific organism by looking for mentions of the
taxonof theorganism in the title, abstract, author-submitted keywords
or MeSH term headings.

We used the shapr package v1.0.0 in R that implements SHAP
(SHapley Additive explanation)48,114,115, a feature attribution framework
based on the Shapley values116 algorithm. We specifically used the
conditional inference tree correction, which accommodates both
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categorical and numeric variables while avoiding the feature inde-
pendence assumption that many other implementations of SHAP
have48. This is the main limitation behind 13 properties, as the sheer
number of permutations of features would become computationally
infeasible.

Definition of genomics
Weconsidered a publication tobe associatedwith genomics if the title,
abstract, author-submitted keywords, orMeSH terms containedoneof
the following phrases in a case-insensitive manner. We used the list of
terms we assembled in Stoeger et al.23:

chip seq, chip sequencing, chip-chip, chip-seq, chip-sequencing,
chromatin immunoprecipitation followed by sequencing, clin-
icogenomic, clinicogenomics, clip seq, clip seq, clip sequencing, clip
sequencing, clip-seq, clip-seq, clip-sequencing, clip-sequencing, epi-
genome, epigenomes, epigenomic, epigenomics, eqtl, eqtls, exome,
expression quantitative trait loci, ewas, genome, genome-scale, gen-
ome-wide, genomes, genomic, genomics, glycome, glycomes, gly-
comics, glycoproteome, glycoproteomes, glycoproteomic,
glycoproteomics, gwas, high-throughput nucleotide sequencing, hits
seq, hits sequencing, hits-seq, hits-sequencing, in situ proximity liga-
tion, in-situ proximity ligation, interactome, interactomes, inter-
actomic, interactomics, metabolome, metabolomes, metabolomic,
metabolomics, metagenome, metagenomes, metagenomics, micro-
array, microarrays, multi-ome, multi-omes, multi-omic, multi-omics,
multiome, multiomes, multiomic, multiomics, next generation
sequencing, next generation-sequencing, next-generation sequencing,
next-generation-sequencing, ngs, nutrigenome, nutrigenomes, nutri-
genomic, nutrigenomics, oligonucleotide array sequence analysis,
omics, onco-genome, onco-genomes, onco-genomics, onco-geno-
mics, onco-proteogenome, onco-proteogenomes, onco-proteoge-
nomic, onco-proteogenomics, oncogenome, oncogenomes,
oncogenomics, oncogenomics, oncoproteogenome, oncoproteogen-
omes, oncoproteogenomic, oncoproteogenomics, par-clip, pharma-
cogenome, pharmacogenomes, pharmacogenomic,
pharmacogenomics, phenome, phenomes, phenomic, phenomics,
phosphoproteome, phosphoproteomes, phosphoproteomic, phos-
phorpoteomics, protein array, protein array analysis, protein interac-
tion map, protein interaction mapping, protein interaction maps,
protein interaction network, protein interaction networks,
protein–protein interaction map, protein–protein interaction map-
ping, protein–protein interaction maps, protein–protein interaction
network, protein–protein interaction networks, proteogenome, pro-
teogenomes, proteogenomic, proteogenomics, proteome, pro-
teomes, proteomic, proteomics, radiogenome, radiogenomes,
radiogenomic, radiogenomics, rna seq, rna sequencing, rna-seq, rna-
sequencing, rnaseq, toxicogenome, toxicogenomes, toxicogenomic,
toxicogenomics, transcriptome, transcriptomes, transcriptomic, tran-
scriptomics, wes, wgs, whole-exome, whole-genome.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The Core Collection andmeta-information extracted during this study
are available under an Information Transfer Agreement (ITA) for
research purposes. Because the collection may contain personally
identifiable information (PII), the dataset cannot be made publicly
available. Access can be obtained by contacting NHGRI’s History of
Genomics Program by emailing NHGRIHistory@nih.gov. The ITA is a
two-party agreement between the National Human Genome Research
Institute (NHGRI) and the researcher’s sponsoring institution, typically
where that researcher is employed and conducting the relevant
research. The ITA outlines roles and responsibilities for each

institution and sets out specific conditions for access. It underscores,
most importantly, that the sponsoring research organization is
receiving data and/or metadata that may contain personally identifi-
able information (PII). As part of the agreement, the researcher and
sponsoring organization requesting the datamust clearly identify their
purpose for using this dataset (e.g., to ensure reproducibility) and
present a summary of their core research objectives with the data. If
the researcher is utilizing AI/ML tools in any way or manner, those
must be specified explicitly as part of the application for data access.
The research is only allowed to use the data for the purposes outlined
in the ITA. Data access requests are reviewed byNHGRI to confirm that
the stated research use is consistent with the terms of the ITA and that
the requesting researcher acknowledges receipt of materials that may
contain PII. The expected time frame for the ratification of the ITA is
three weeks. Data access is granted for three years and may be
extended. The researcher and/or the researcher’s sponsoring institu-
tion may also terminate the agreement at any time. Amendments or
ongoing concerns over the agreement or uses of the data can be
requested by the research organization or by the NHGRI. Copies of the
ITA can be requested at the above address with no obligation. For all
bibliometric analyses, PubMed annual baseline files (containing
assigned MeSH terms) were downloaded on 2023-01-14 https://ftp.
ncbi.nlm.nih.gov/pubmed/baseline/ and parsed through PubMed Par-
ser 0.3117. MeSH definitions were downloaded from https://nlmpubs.
nlm.nih.gov/projects/mesh/ in ASCII Format on 2020-12-08. NCBI
taxonomy identifiers were downloaded from https://ftp.ncbi.nlm.nih.
gov/pub/taxonomy/taxdmp.zip on 2021-11-08. NCBI BioProject was
downloaded from https://ftp.ncbi.nlm.nih.gov/bioproject on 2021-04-
01. iCite version 32 was downloaded from https://nih.figshare.com/
collections/iCite_Database_Snapshots_NIH_Open_Citation_Collection_/
4586573/32 NCBI Gene Info was downloaded from https://ftp.ncbi.
nlm.nih.gov/gene/DATA/GENE_INFO/ on 2022-07-12. PubTator was
downloaded from https://ftp.ncbi.nlm.nih.gov/pub/lu/
PubTatorCentral/ on 2021-11-09. We excluded records where a gene
name had been mapped to multiple NCBI Entrez Gene Identifiers by
PubTator. OpenAlex, used to calculate H-indices directly, was down-
loaded on 2024-03-26. The datasets from NCBI are information that is
created by or for the US government on this site and is within the
public domain. OpenAlex is CC0. We refer to the individual data
sources for clarification on copyright.

Code availability
Codeof this study is available under https://github.com/born-physical-
studied-digitally/nhgri_archive (with persistent118 https://doi.org/10.
5281/zenodo.17204492). For adoption on custom infrastructure or
archives, we recommend usage of the latest versions of our software,
which is actively maintained and expanded by Born Physical / Studied
Digitally (https://studieddigitally.org), an NSF Consortium on Cyber-
infrastructure for Sustained Scientific Innovation.
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