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Executive Summary 

In February 2025, the Director of the National Institutes of Health (NIH) and the Director of 

NIH’s Division of Program Coordination, Planning, and Strategic Initiatives (DPCPSI) charged 

the Council of Councils with applying science of science principles to identify priority scientific 

opportunities that could strengthen NIH’s programs, policies, and impacts in the biomedical 

research enterprise.  The field of science of science1 examines how science itself works through 

systematic, empirical studies looking at how scientific research is organized, funded, conducted, 

and evaluated in order to improve its efficiency and impact. 1 Science of science can provide 

evidence‑driven and data‑linked insights to understand how NIH investments in research, 

training, and infrastructure, along with the policies and processes that guide them, could be 

optimized to lead to better scientific and societal outcomes. To study the effectiveness, 

transparency, and impact of biomedical research, content experts from academic, private non-

commercial, and government agencies across the country were appointed to the Working Group 

on Science of Science (SoS WG) to advise NIH leadership on ways to leverage advances in 

science of science. This report presents the SoS WG’s recommendations for NIH to consider that 

would enable data-driven decision-making, rigorous evaluation processes, and innovative policy 

reforms.  

Overarching general recommendation: 

The overarching recommendation of the SoS WG is that NIH should increase the use of rigorous 

empirical methods to study, evaluate, and improve its role as the principal funder of biomedical 

research in the U.S. To achieve this, NIH should: 

a) Develop evaluation-ready policies and programs by clearly articulating objectives and 

framing them to the extent possible as testable interventions. 

b) Strengthen its data infrastructure and increase access to NIH administrative data.  

c) Expand its analytical and methodological assessment capacity. 

d) Coordinate leadership and governance for science of science research. 

e) Further invest in science of science research. 

 

To accomplish the above, the Working Group proposes that NIH adopt a causal-chain 

framework to better understand how NIH policies influence scientific outcomes. The objective 

of this Working Group is to offer actionable recommendations on how to provide empirical 

evidence with the potential to improve NIH's ability to optimize resource allocation, accelerate 

innovation, enhance replication and reproducibility, decrease health disparities, and increase 

societal impact of its investments and practices in biomedical research.  

 

The Working Group created twenty-one recommendations and grouped them into three 

categories based on levers (tools and policies that directly shape research), system response (how 

the scientific community reacts) and outcomes (scientific discoveries and health improvements). 

Specific recommendations for applying science of science to NIH levers: 

1. Systematically study NIH grant mechanisms to inform adjustments that optimize project 

management and success. 

 
1 Here and throughout, bold italicized terms indicate that they are defined in the glossary. 
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2. Evaluate changes intended to strengthen NIH peer review. 

3. Optimize NIH funding processes through experimentation, agent-based simulation, and 

data infrastructure.  

4. Conduct science of science research to understand how review and funding processes 

influence the diversity of the scientific portfolio and transformative innovation.  

5. Implement a core reproducibility and generalizability metadata framework. 

6. Identify promising technologies and research methodologies to accelerate translation 

from research to commercialization. 

7. Use science of science methods to measure, communicate, and maximize the societal 

impact of NIH-supported research. 

8. Develop data, methods, and the evidence base to improve portfolio diversity and support 

paradigm-challenging science. 

9. Build global science indices to guide strategic NIH investment and benchmark U.S. 

competitiveness.  

Specific recommendations for studying the system response: 

10. Invest in datasets from university administrative systems to study scientists’ behavior and 

career progression. 

11. Use a human-centered approach to study the evolution of scientific fields. 

12. Promote standards for data usage descriptors to support responsible data reuse and 

reproducibility. 

13. Design data trust measures that can be used to support credible and replicable research. 

Specific recommendations for studying outcomes: 

14. Launch targeted living systematic reviews.  

15. Develop a range of performance measures to capture outcomes of research. 

16. Develop a range of performance measures to capture outcomes of training programs. 

17. Improve and validate grant–patent linkages to better enable assessment of NIH’s impact 

on health products. 

18. Validate output measures against outcomes. 

19. Support the development of measures for scientific openness, self-correction, and public 

trust. 

20. Study K–12 levers that produce future scientists. 

21. Study the effects of major policy changes in NIH funding priorities and procedures. 
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Introduction 

The National Institutes of Health is the principal funder of biomedical research in the United 

States. 2 Its investments support a broad range of activities, including basic research, scientific 

training, clinical translation, and the development of new medical products, technologies, and 

methodologies. NIH-funded research contributes to improved health outcomes, workforce 

development, and a range of economic activity associated with biomedical innovation. 3 4 

The Director of the NIH has called for reforms5 to ensure the agency can fully capitalize on 

emerging opportunities and address challenges such as the evolving nature of scientific research, 

increasing globalization and international competition, and the growing influence of artificial 

intelligence (AI). Advances in data and analytic capabilities now create unprecedented 

opportunities to strengthen how NIH evaluates, supports, and accelerates science. Leveraging 

these tools, the development and implementation of strategic reforms can enhance the impact and 

scientific merit of NIH-funded research, ultimately advancing disease prevention and treatment, 

improving health outcomes, and extending human life, and ensuring that these outcomes are 

applicable across populations and real-world settings. 

NIH has a long history of working with researchers to generate evidence to inform improvements 

to its programs, policies, and processes. Through sharing access to NIH administrative data, 6 

NIH has supported research on the biomedical workforce, 7 research productivity, 8 patents, 9 and 

drug approvals, 10 among other findings. These insights have directly informed policy 

innovations, including funding mechanisms that support research programs rather than individual 

projects, enhanced investigator stability and flexibility, and illustrated the value of NIH’s data-

driven approach. 11 Emerging evidence shows that who participates in science, what topics are 

studied, and how studies are designed work together to shape the direction, impact, and 

applicability of scientific knowledge. 12 Overall, this highlights the value of data-driven decision-

making and supports continuing efforts to improve how NIH-funded science is conducted and 

advances human health. 

NIH has taken important steps to build a robust evidence base to inform its own decision-

making. Through the National Institute of General Medical Sciences’ (NIGMS) Science of 

Science Approach to Analyzing and Innovating the Biomedical Research Enterprise (SoS: BIO) 

Program, NIH actively seeks to support research to understand the biomedical research system. 13 

Answering to recommendations from the U.S. Government Accountability Office14 and the 

Advisory Committee to the NIH Director to expand access to administrative data, 15 NIH is 

piloting a Science of Science Scholars Program that pairs researchers with NIH staff on studies 

to provide in-depth, policy-relevant analyses of NIH processes, programs, and outcomes. 16  

Together, these efforts reflect a growing commitment to leveraging data, external expertise, and 

rigorous analysis to continuously improve the effectiveness and impact of NIH-supported 

research. 

Building on these efforts and broader advances in metascience, NIH is increasingly positioned to 

deepen its capacity for evidence-informed decision-making. With a mission to advance science 

through cross-cutting, innovative strategies that foster collaboration and synergy across Institutes 

and Centers, the Division of Program Coordination, Planning, and Strategic Initiatives (DPCPSI) 

plays a central leadership role in coordinating agency-wide efforts to drive continuous 
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improvement. For example, DPCPSI has catalyzed engagement with the science of science 

research community through a range of initiatives designed to expand analytic capacity and bring 

new methods and perspectives to bear on NIH operations. To further strengthen NIH’s ability to 

make research, resource, and training support decisions grounded in empirical evidence and the 

best available science, DPCPSI sought guidance from the Council of Councils to identify priority 

scientific opportunities where advances in the science of science could most effectively enhance 

the overall impact of NIH’s programs and policies.   

To that end, the Council of Councils officially established the Working Group on Science of 

Science at its April 21, 2025, meeting with the following charges:17 

1. Review the efforts that NIH has undertaken to generate evidence about its programs,

policies, and processes.

2. Identify significant gaps in knowledge where leveraging science of science and related

research may better influence NIH decision-making.

3. Provide recommendations on potential approaches that NIH could consider to enhance its

use of science of science.

4. Provide recommendations for how NIH can engage the science of science research

community and communicate results of science of science research.

The Working Group brought together a deliberately multidisciplinary mix of expertise spanning 

economics and public policy, science-of-science, innovation, and technology-transfer research, 

open science and research evaluation, basic and experimental biomedical science, and clinical 

medicine, including infectious disease, neurology, and neuropsychology. Its members also 

represented universities, nonprofit organizations, philanthropy, and NIH leadership, providing 

perspectives from both the conduct of science and the funding, evaluation, translation, and 

administration of research. This breadth of expertise was selected because understanding how 

NIH investments produce scientific, economic, and health outcomes requires insight into not 

only biomedical science, but also incentives, workforce behavior, institutional dynamics, 

innovation pathways, and public value. The first meeting of the Working Group took place on 

September 4, 2025. A logic model consisting of five components was used to guide the initial 

deliberations of the Working Group: 

1) Inputs: Resources and investments available for programs, projects and initiatives. This

includes funding, agency staff, scientific infrastructure, data and information that NIH currently

gathers from internal (e.g., portfolio analysis) and external (e.g., grant reviewers) sources for use

in decision making.

2) Activities: Actions and processes that implement programmatic goals, including development

of research concepts for funding, panel and study group deliberations, funding decisions, policies

and oversight governing proposals and awards, scoring procedures and training mechanisms for

program managers.

3) Outputs: Products and evidence generated from activities, including scientific publications,

patents, preclinical findings, regulatory submissions, prototypes, clinical trial results, technology

transfer artifacts, and expanding workforce capabilities.
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4) Outcomes: Tangible results, such as acceleration of a scientific field and development of new 

interventions of outputs from NIH investments. 

 

  

 

 

 

5) Impacts: How the outcomes changed public health measures such as reductions in mortality 

and morbidity, and changes in policies, and organizational practices.  

Based on the themes laid out by the logic model, Working Group members were then divided 

into three subgroups: 

1) Optimizing the deployment of NIH inputs. 

2) Accelerating science through activities resulting in primary and secondary outputs.  

3) Capturing outcomes and impacts to measure overall value.  

Importantly, each subgroup framed their discussions in the context of priorities laid out by the 

NIH Director. 18 In addition, each subgroup considered: 

1) Identifying the need for data and objective measurements to inform decision-making. 

2) Establishing priorities for funding support mechanisms. 

3) Accessing opportunities for engaging the science of science community. 

Two major documents produced by NIH leadership over the past year provided context that 

guided WG deliberations. The first, “Advancing NIH’s Mission Through a Unified Strategy” 

(August 2025), 19 identified the strategic context within which NIH could move to “fund the most 

meritorious science, address urgent health needs, and sustain a robust biomedical research 

workforce.” The report identifies strategic priorities, including chronic health issues affecting 

Americans, chronic childhood diseases and nutrition, as well as next-generation tools such as AI, 

alternative (human biology-based) testing models, and real-world data platforms. The 

second, “Leading in Gold Standard Science: An NIH Implementation Plan” (August 2025), 20 

identified nine principles of what has been termed gold-standard science. The approach 

developed in the Working Group’s report aimed to align with these principles while extending 

them analytically. The Working Group focused on how each principle can be translated into 

measurable components of NIH policy and practice, and how evidence can be generated to 

assess whether these principles are being realized in practice.  

The findings and recommendations to follow present the Working Group recommendations 

emerging from its discussions, beginning with a general recommendation that NIH adopt a 

process of continuous learning as a core operational principle to inform and improve NIH 

decision-making, followed by specific recommendations regarding what should be studied, what 

data will be needed, and the science of science approaches that could be employed. 

Working Group Findings 

The Working Group noted that NIH has made significant progress to date in developing the data 

and analytic infrastructure needed to support a science of science approach to improving the 

biomedical research enterprise. Building on longstanding investments in data systems and 

transparency, NIH has increasingly enabled both internal and external researchers to examine 

how research funding translates into scientific, workforce, and societal outcomes. 
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NIH has expanded access to administrative and portfolio data through platforms such as the NIH 

Research Portfolio Online Reporting Tools21 and through controlled access to internal data 

resources. These efforts have enabled analyses of research productivity, workforce diversity, 

patenting, and drug development, contributing to a growing body of evidence on the scientific, 

economic, and public health impacts of NIH funding. 22 23 24 25 26 

NIH has largely relied on available conventional (e.g., bibliometric) measures to assess the 

impact of its research on advancing science and improving health. Research has been evaluated 

using a relatively limited set of measures of quality and productivity.  Often the number of 

citations that articles receive from subsequent articles is used, which is known to be an 

inadequate measure of impact. 27 NIH has invested in efforts to overcome some of the challenges 

of counting the number of citations by developing more robust measures like the Relative 

Citation Ratio, which adjusts for differences across fields. 28 A harder challenge to overcome is 

that many of the outcomes readily captured focus on impact on the scientific literature and not on 

those outcomes related to translational impact and public health advancement, which are of 

greater interest to the public and better convey the value of NIH investments.  

Fortunately, researchers in science of science policy29 have developed a wider range of outcome 

measures that NIH can draw on to evaluate its work. These include richer measures based on 

citations, including the breadth of impact of research30 and disruptiveness;31 32 measures based 

on text analysis;33 34 measures based on workforce development;35 36 37 economic activity38 39 

and, measures of impact on technology. 40 41 42 43 NIH has also developed well-researched case 

studies44 that illustrate the value of NIH investments in specific areas. Such work is informative 

for providing relatable narratives to convey the value of NIH activities. Outside researchers have 

used NIH data to conduct quantitative evaluations that link NIH investments to downstream 

outcomes, including patenting;45 46 health;47 and drug development. 48  

NIH has also invested in data infrastructure to support reproducibility and transparency, 

including policies that promote data sharing and improved documentation of research outputs. 49 

Emerging approaches, such as linking datasets to publications and tracking patterns of data use, 

are beginning to provide insight into how scientific data are generated, shared, and reused across 

the research ecosystem. 50 

Together, these and other efforts reflect a growing foundation for science of science research at 

NIH and support the adoption of science of science principles to inform NIH research and 

investment decisions. There is also growing interest across NIH Institutes, Centers, and Offices 

(ICOs) in strengthening the biomedical research ecosystem by supporting science of science 

activities that address issues such as sustaining a robust research workforce, expanding research 

capacity nationwide, fostering innovation, and improving rigor and reproducibility. 51 While the 

infrastructure continues to evolve, the evidence-based approach has been tested and provides a 

strong basis for expanding NIH’s capacity to generate, integrate, and apply evidence to improve 

its programs, policies, and outcomes.  

A Causal-Chain Framework 

In considering a science of science approach to better position NIH’s role in the biomedical 

research ecosystem, the Working Group formulated a causal-chain framework.  This framework 
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views NIH as an active participant in a dynamic research system, in which policy and process 

choices influence the behavior of scientists, institutions, and research communities to work 

together to ultimately determine the pace, direction, and impact of scientific progress. This 

perspective expands the current focus to embrace a broader, evidence-based understanding of 

how and why NIH actions produce particular outcomes and impacts. This framework expands 

the full chain linking NIH investments in research, resources, and training to downstream 

outcomes and impacts, including basic science discoveries, workforce and economic 

development, translation into clinical practice, and improvements in human health.  

The framework includes three key elements: levers, system responses, and outcomes (see Figure 

1). 

1. Levers — What NIH Controls.

Levers are the instruments directly under NIH’s authority: statements of research priorities, 

funding mechanisms, administrative policies and infrastructure, and research resources.  Science 

of science treats each lever as a testable intervention with a specified theory of change. This is 

the entry point of the causal chain. Because NIH controls the science funding levers directly,52 

evidence from science of science analyses and assessments about their effects and interactions 

can translate immediately into action.  This allows the identification of how any given policy, 

process, or structure is intended to achieve its goals and what improvement might be possible.  

Examples of NIH’s processes, structures, and policies that could be considered include the scale 

and duration of funding mechanisms; design, administration, and criteria of the peer review 

process; requirements for relevance and generalizability across populations; the reporting of 

rigor, reproducibility, and transparency; and organizational and digital infrastructure.   

2. How the System Responds.

When NIH adjusts one of its levers, the scientific community responds. Responses include 

applications, formation of collaborative teams or consortia, the expansion or contraction of 

specific scientific fields, distribution of research topics, institutional responses, scholarly 

publications, patent applications, development of new technologies, expansion of training 

opportunities, among others.   

Science can be analyzed as labor performed under incentives and constraints. Incentives are 

motivators—monetary or non-monetary rewards, benefits, or costs—that encourage individuals 

or organizations to change behavior, work harder, or take specific actions.  Constraints are 

limitations, restrictions, or controlling factors that define the boundaries of what is possible, 

restricting actions, behavior, or choices.  Scientists can change career choices and embark on 

new research fields, teams and collaborations can form and dissolve, and the institutional 

dynamics by which knowledge is produced and transmitted can change.  Of course, there are 

confounding factors that the field of science of science can consider to guide decisions that 

increase the likelihood of achieving the desired result.  

Studying the system response can help NIH understand how the manipulation of levers may or 

may not produce the intended effects and to inform adjustments in the levers accordingly. This 

requires collecting data and developing empirical measures to better understand scientists’ 

choice of fields, careers, and topic selection, of the structure of scientific teams, and the 
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organization and responses of scientific institutions. The impact of changes in scientific 

workforce incentives and constraints could then be assessed in terms of their impact on scientific 

discovery, workforce outcomes, translation and innovation, and health outcomes.  

 

3. Outcomes — Evaluating Effects of the Response.  

The outcomes of responses to levers are the scientific discoveries and the pace at which they 

occur; their relevance to populations, including those disproportionately affected by poor health 

and increased mortality; robustness, performance, and composition of the biomedical workforce; 

the speed and effectiveness of translating research into clinical practice and commercial 

products; reduction in health disparities and improved health outcomes, and other responses that 

ultimately impact human health and longevity.  

Critically, outcomes should not be assessed in isolation but whenever possible relative to the 

counterfactual use of resources. For example, a finding that NIH funding produced “X” number 

of publications is important but insufficient alone in informing the need for future NIH 

investment.  Instead, knowing what outcomes the same dollars would have produced under a 

different allocation would provide additional, useful information to guide future decision-

making.  

 

Figure 1. NIH causal-chain framework. 

NIH levers shape research-system responses, which lead to outcomes in discovery, workforce 

development, translation, and health impact. Evidence (e.g., observations, measured data, etc.) from these 

outcomes feeds back to improve how NIH uses its levers.   
This figure was made with GPT-5.5 and reviewed by the SOS WG for accuracy and alignment with WG 

findings and recommendations. 
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Importantly, these components are not independent stages but parts of an integrated system. 

Changes in one element can propagate throughout the system in complex and sometimes 

unintended ways. For example, modifications to peer review criteria (levers) will alter 

investigator behavior and reshape collaboration patterns (system responses), that ultimately 

influences the types of discoveries that emerge (outcomes), which in turn accumulate 

experiences and insights that cyclically inform levers and system responses. Understanding these 

interdependencies is essential for designing policies that improve overall system performance 

rather than optimizing individual components in isolation. This is precisely what science of 

science seeks to accomplish. 

By organizing the analysis of NIH investments and activities within this causal-chain framework, 

science of science provides a systematic way to assess NIH policies as testable interventions 

within a complex system. This approach enables NIH to move beyond intuition and retrospective 

assessment of traditional metrics and towards a more prospective, outcomes-based model of 

decision-making. This outcomes-based approach could then inform iterative improvements 

across the biomedical research enterprise. 

The Working Group used this approach to identify gaps in current processes and clarify where 

evidence is most needed. Improvements in outcomes, such as faster translation or a more robust 

workforce, depend not only on NIH investments and resources, but on how use of those 

investments and resources shape behavior of the scientific community within the research 

system. As a result, evaluating NIH’s effectiveness requires understanding both the direct effects 

of policy and operational choices and the system responses through which those effects are 

realized. The sections that follow apply this framework to examine and recommend how NIH 

can more effectively deploy its levers, understand system responses, and evaluate outcomes. In 

doing so, this report provides a roadmap for how NIH can take a more systematic, outcomes-

based approach to improving decision-making processes to shape the biomedical research 

enterprise. 

General recommendation: NIH should make greater use of rigorous empirical methods to 

study, evaluate, and improve its research funding policies, processes, and outcomes. 

A central contribution of the science of science is the recognition that research funding systems 

can themselves be studied, evaluated, and improved using rigorous empirical methods. To fully 

realize this potential, NIH should consider itself to be not only a funder of science but a 

continuous learning organization that systematically evaluates evidence as to how its decisions 

shape scientific behavior and downstream outcomes, constantly seeks to improve its processes, 

and uses evidence-based outcomes to make appropriate adjustments to informed decision-

making.   

Many U.S. science agencies implement policies and reforms through iterative inputs such as 

informed judgment, stakeholder engagement, and lessons from prior experience. 53 While these 

are valuable inputs, they are often episodic, retrospective, and insufficient on their own for 

optimizing a system as complex and consequential as the U.S. biomedical research enterprise. 54 

Embedding continuous learning requires a shift from relying primarily on periodic feedback and 

accumulated experience to explicitly studying and where possible testing whether policy and 

process changes achieve their intended effects. The resulting evidence can then be used not only 
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to inform decision-making but to create an ongoing cycle of measurement, evaluation, 

adaptation, and refinement.  

 

 

NIH has undertaken multiple efforts that reflect elements of this approach, but these efforts have 

not yet been organized in a systematic or comprehensive way.  Implementing a more structured 

science of science approach at NIH would build on existing strengths while requiring further 

development of several complementary capabilities. Taken together, these capabilities would 

support a more continuous systematic approach to understanding how NIH policies and actions 

influence scientific behavior and outcomes, and how those policies might be refined over time. 

The Working Group elaborated on its general recommendation by addressing A) study topics, B) 

data needs, C) methods, D) governance, and E) funding, with the following sub-

recommendations: 

A. NIH should develop evaluation-ready policies and programs by clearly articulating objectives and 
framing them to the extent possible as testable interventions. 

Building on current practices, there may be opportunities to regularly incorporate evaluation 

plans that clearly specify intended objectives, key outcome measures, data sources, and timelines 

for assessment into policies and actions undertaken by NIH. For example, funding mechanisms, 

peer review criteria, and reporting requirements should be explicitly conceptualized as 

measurable interventions within a complex system.  

Each policy and action should be associated with a theory of change that specifies how it is 

expected to influence scientific behavior and outcomes. This framing enables systematic 

assessment, and where possible comparison of alternative designs, allowing for accumulation of 

institutional knowledge over time. By defining success criteria in advance of actual 

implementation of a policy or action, NIH could ensure that reforms and actions are evaluated 

more consistently and transparently, rather than retrospectively or selectively. If possible, 

evaluation should be grounded in credible counterfactuals that allow an assessment of what 

would have happened in the absence of the intervention or under an alternative design. Wherever 

feasible, and recognizing that it might not always be possible, NIH should incorporate 

randomized trials, phased rollouts, or quasi-experimental designs that allow for causal inference.  

B. To address data needs, NIH should strengthen its data infrastructure and increase access to 
administrative data resources.  

The impacts of NIH funding and policy changes often unfold over extended time horizons. 

Accordingly, a data infrastructure that links proposal, award, and outcome data including 

scientific productivity, scientific workforce composition and training trajectories, translation into 

clinical practice, and broader societal impacts on health will allow NIH to assess not only short-

term outputs, but long-term returns on investment.  By creating new mechanisms while 

maintaining privacy and protecting intellectual property, NIH could allow qualified extramural 

researchers access to administrative data using principles of science of science, where expertise 

could be further expanded and new approaches towards data linkages exploited. Linkages to de-

identified person-centered data (i.e., capturing workforce dynamics and demographic 

composition, team formation, and career trajectories) offer opportunities to better understand 

how NIH actions shape the research enterprise over time. Advances in longitudinal data systems 

and the use of standardized metadata related to research design, data use, and reproducibility 
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could further strengthen this foundation. Improving access to NIH administrative data is in 

keeping with the Evidence-Based Policymaking Act of 2018.  

 

 

 

 

While there is limited funding for science of science research, some opportunities (e.g., the 

National Science Foundation’s (NSF) Science of Science: Discovery, Communication and 

Impact, 55 NIGMS-funded SoS: BIO program, 56  Sloan Foundation, 57 and the Abdul Latif Jameel 

Poverty Action Lab Science for Progress)58 exist where consistent pathways to access data can 

be created. As the science of science community coalesces, 59 it has produced a rich body of 

findings, considerable data, methodologically rigorous study designs, and a core of experts who 

are eager to use data, particularly pre-decisional data, to generate insights that might improve 

NIH performance. NIH should consider implementing a multi-pronged strategy to harness this 

interest and expertise to provide transparency and improve NIH activities. For example, the 

Science of Science Scholars Pilot Program provides an opportunity for experienced science of 

science researchers to access NIH internal administrative data to conduct in-depth analyses. 60 To 

scale and further improve access to data, NIH should consider conducting studies to identify data 

(e.g., administrative, peer review, and research data) that can provide evidence for relevant 

science of science questions.  

The conditions required for accessing the various data types of public or restricted data should be 

explicitly defined and a publicly accessible catalog of metadata created.  The catalog can also 

detail conditions for conducting analyses, reporting outcomes, and specifying whether findings 

should be kept internal for use within NIH or reported publicly. To ensure NIH’s conditions for 

accessing data are successfully met, NIH should also consider implementing and/or augmenting 

current application processes to access data. If enacted, such processes should respect the 

sensitivity of NIH’s administrative data and ensure researchers can conduct studies. 

C. NIH should expand its analytical and methodological assessment capacity. 

Those studying NIH both internally and externally have employed approaches and 

methodologies such as traditional evaluation and bibliometrics to assess its programs, policies, 

and operations.  NIH could expand on these methods using experimental and quasi-experimental 

approaches where appropriate and feasible to further strengthen its assessments.  In addition, 

scientific workforce metrics could be developed to better capture translation, workforce size, 

training pathways, development of expertise, and broader impacts. Methodological refinement 

could be achieved through a coordinated effort combining internal analytic capacity and 

partnerships with the broader science of science research community.  

D. NIH should identify processes to better coordinate leadership and governance for science of science 
research  

Central to the effort to better systematize NIH’s ability to study itself is the development of 

coordinated leadership and governance structures to support these activities. Establishing a focal 

point for analytic coordination61 could help prioritize evaluation efforts, promote consistency in 

methods, strengthen collaborations with the external science of science community, and facilitate 

the integration of evidence into decision-making across ICOs.  
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For the principles of science of science to be integrated systemwide into policies, guidance, and 

operations across the NIH, the Working Group recommends that science of science activities be 

coordinated by the newly proposed NIH Office of Research Economics, Planning, and Analysis 

(OREPA) within DPCPSI in the Office of the Director.  This placement enables strategic 

coordination of science of science activities across all NIH ICOs and facilitates priority setting, 

planning and funding for multi-ICO initiatives. A centralized office could help ensure that 

analytic insights and assessments are fully integrated into policy and decision-making processes 

by NIH leadership. This function could also support the development of evaluation standards, 

oversee investments in data and analytic infrastructure, and facilitate collaboration with external 

researchers and organizations engaged in science of science research. This office could also 

establish safeguards and analytic standards that promote the independence, rigor, reproducibility, 

and objectiveness of research findings used to inform NIH policies and decisions. With funding 

within the Office of the Director, OREPA could catalyze efforts across NIH to further develop 

science of science methodologies, enhance and increase availability of data, establish and refine 

policies and procedures to embed science of science principles in NIH operations, and design 

new strategies for funding science of science activities both internally and by the extramural 

community. As with other DPCPSI offices, the Council of Councils should play an important 

advisory role. 

E. NIH should make greater use of science of science research 

Implementing the Working Group's recommendations on science of science will require 

deliberate and sustained investment through funding mechanisms that are both flexible enough to 

support novel initiatives and durable enough to outlast any single budget cycle. The NIH 

Director's Office is uniquely positioned to lead this effort, drawing on existing NIH-wide 

funding instruments that operate above the level of individual ICOs. Chief among these is the 

Common Fund, which was established by Congress precisely to support high-priority, cross-

cutting research that no single ICO would or could champion alone. Common Fund programs are 

time-limited by design. Typically five to ten years in duration, Common Fund programs are 

intended to catalyze fields and establish infrastructure before transitioning sustained activities 

elsewhere. This makes the Common Fund an ideal vehicle for launching new priority areas 

during their formative phase, while longer-term stewardship structures are developed. From the 

moment any such program is launched, however, evaluation must be built in as a core structural 

requirement, not as an afterthought. The evaluation criteria should include clearly defined 

metrics, timelines, and accountability mechanisms established at the outset and revisited at 

regular intervals throughout the program's life. Beyond the Common Fund, the NIH Director's 

Office has access to several other trans-agency mechanisms that could be considered.  

 

For initiatives that involve extramural grant awards, dedicated Notice of Funding Opportunities 

should be issued under trans-NIH authority, using established award mechanisms based on the 

scale and collaborative nature of the work. Cooperative agreements in particular (the U-series 

mechanisms) offer NIH program staff a more active role in shaping and coordinating funded 

projects, which is appropriate when the goal is to build a coherent, cumulative body of evidence 

rather than simply funding independent investigators working in parallel. NIH should also be 

open to contracts to support long-term analyses and products that have direct implications for 

decision-making.    



NIH Council of Councils Working Group on Science of Science | Final Report 

Final Report — August 20, 2026  Page 16 

The Value of a Science of Science Approach to Decision-Making 

Strengthening NIH’s approach to science of science by employing a causal-chain framework and 

systematizing and expanding analysis and evaluation to better inform decision-making will 

contribute to advancing NIH Leadership priorities in numerous ways.  Following are examples 

where the Working Group identified as ways in which a science of science approach could assist 

leadership decision-making. 

Portfolio optimization and resource allocation. A science of science approach can provide 

evidence on whether NIH’s current allocation matches its stated priorities in specific areas of 

science, and the potential benefit or loss to health and longevity. Simply put, it is a question 

about whether the money is going to the right projects at the right times by considering portfolio 

composition and stated research, resource, and training priorities. This also pertains to supporting 

a diversity of scientific and capacity building approaches, applicability across populations, and 

effectiveness in real world settings.  

Workforce pipeline and training efficiency. Science of science data and methodology can 

provide actionable information to NIH leadership regarding the extent to which NIH funding 

mechanisms and program opportunities in support of scientific training is achieving the goal of 

invigorating a robust and highly skilled biomedical workforce across educational, scientific, and 

demographic backgrounds and career stages.    

Speed of translation. How long does it take for an NIH-funded discovery to translate into 

improvements in patient care? Science of science can map the Levers-to-Response-to-Outcomes 

chain specifically for analyzing and assessing the effectiveness of clinical translation, identifying 

bottlenecks, hurdles, and hinderances and suggesting ways to address and mitigate them. It can 

also assist in identifying promising innovations. Understanding which parts of the chain are 

bottlenecks and what adjustments to those levers are most likely to address it, requires the kind 

of empirical tracing the causal-chain framework is designed to support. 

 

Optimizing funding decisions. Science funding requires decisions under substantial uncertainty. 

NIH has to choose among many meritorious proposals whose outcomes may be difficult to 

predict, emerge only over long-time horizons, and may produce benefits that are simultaneously 

scientific, clinical, societal, and economic. Although this resembles financial portfolio decision-

making, the analogy is necessarily limited. Scientific outcomes are not readily expressed through 

a common price or return metric, and the value of one project may depend on the knowledge, 

methods, or infrastructure generated by others. 62 

 

Decision science can provide useful tools for making funding choices more systematic and 

transparent. Relevant considerations may include the potential scientific or public-health value of 

a project, the uncertainty surrounding its likely outcomes, its relationship to other funded work, 

and its contribution to the overall balance of the research portfolio. These factors should not be 

reduced to a single formula or used to rank proposals mechanically. Rather, they can supplement 

expert judgment by helping NIH evaluate tradeoffs among near- and long-term goals, 

incremental and transformative research, complementary and overlapping projects, and 

investments whose broader value may extend beyond their immediate results. NIH’s current two-

stage peer review system partly follows this logic: study sections assess scientific validity and 

value and likelihood for success while advisory councils review for mission relevance and 
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programmatic priorities. NIH should consider pilot studies that apply this decision-making 

framework by testing different approaches towards assessing risk, return, and diversification. 

 

Like all NIH investments, science of science activities are subject to opportunity costs. Every 

dollar devoted to evaluation, data infrastructure, or methodological research is a dollar that is not 

available for direct support of biomedical research, training, or research resources. Accordingly, 

investments in science of science should themselves be viewed as testable interventions and 

evaluated against appropriate counterfactuals. The objective is to identify the level and types of 

investment that generate improvements in decision-making sufficient to outweigh the resources 

they consume.  

Limitations to a Science of Science Approach to Decision-Making 

While these approaches offer a promising path for strengthening NIH’s evidence‑driven 

decision‑making, several limitations must be acknowledged. Many recommendations depend on 

integrating administrative, bibliometric, clinical, and workforce datasets that remain fragmented, 

inconsistently structured, or incomplete. For example, linkages between NIH grants and 

downstream patents or products are hampered by underreporting in patents and the lack of 

publicly available patent‑product linkages for biologics, diagnostics, and other health 

technologies. Similarly, constructing longitudinal, person‑centered data requires merging 

university human resource sponsored‑project, procurement, publication, and patent records, yet 

such data are currently available only through specific initiatives and are not uniform across 

institutions. Efforts that rely on text analysis and AI also confront constraints: metadata 

describing study design, reproducibility, data provenance, and data usage are not standardized 

across NIH‑funded research, limiting the reliability of automated classification or 

evidence‑synthesis tools. Finally, outcomes such as clinical translation or population health 

impact require long‑horizon data that are difficult to assemble and validate, complicating 

attempts to generate credible counterfactuals or evaluate policies in a timely manner. Together, 

these limitations indicate that many proposed innovations will require substantial data 

infrastructure development before they can be fully realized. The Working Group recommends 

that NIH undertake an analysis of the needed infrastructure to overcome gaps and deficiencies 

that until addressed will limit its ability to fully apply science of science approaches to decision-

making. 

Specific Recommendations 

Building on its recommendation for NIH to study its processes and activities, the Working Group 

developed specific recommendations covering support mechanisms, priority study areas, data 

needs, and methods across the framework’s stages: levers, system responses, and outcomes. 

Throughout, the recommendations are presented as considerations for exploration, with the goal 

of informing a broader, evolving science of science research and policy agenda. 

Applying the Science of Science to NIH Levers  

Levers are the tools, resources, and mechanisms directly controlled by NIH, such as funding 

priorities, grant mechanisms, peer review criteria, research resources and infrastructure, and 

others. They represent the entry points for policy interventions that can shape the direction and 
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outcomes of biomedical research.  The following recommendations suggest specific topic areas 

for study (grant mechanisms, peer review), data needs, and approaches.  

Recommendation 1: Systematically study NIH grant mechanisms to inform adjustments 

that optimize project management and success.  

NIH’s extramural program includes 91 distinct grant mechanisms that differ in a variety of ways, 

such as grant type, eligibility, or institution type (e.g., small business). The range of these 

mechanisms are difficult for researchers to understand and for program officers to manage. NIH 

should consider using science of science methodology to reorganize mechanisms around the 

scientific goals they are intended to address. This would change investigator behavior, reshape 

collaboration patterns, impact institutions, and ultimately influence the types of discoveries that 

emerge. In addition, NIH should study whether new, targeted mechanisms are needed where no 

such opportunities currently exist. These might include support for long-term research, 

investigator mobility, renewable people-centered funding, and replication studies. Finally, NIH 

should analyze peer review criteria to better and more explicitly align with each mechanism’s 

stated purpose, and to develop program-level evaluation metrics to assess how effectively each 

mechanism addresses its intended goal. 

Recommendation 2: Evaluate changes intended to strengthen NIH peer review.  

Recent changes to NIH’s peer review process63 have fully separated scientific evaluation from 

funding decisions: the Center for Scientific Review now manages peer review while the ICOs 

make funding decisions based on a combination of review scores and programmatic priorities. 

This separation was intended to promote impartiality and transparency, but it may be vulnerable 

to weaknesses introduced through dominant frameworks defining what counts as valid science, 

disadvantaging novel approaches, and narrowing of expertise as study section boundaries shape 

who reviews whom. Major reforms, including the 2008 Enhancing Peer Review initiative and 

2025 changes instituted by NIH (i.e., Simplified Review Framework and Implementing a Unified 

NIH Funding Strategy to Guide Consistent and Clearer Award Decisions), have been adopted 

with limited evaluation or randomized evaluation. Other changes include those to promote early 

career researchers and spread resources more widely. These include promoting the success 

of Early Stage Investigators through preferential funding policies and career development 

mechanisms such as K awards, the NIH Director's Early Independence Award, the NIH 

Director's New Innovator Award, and the NIGMS Maximizing Investigators' Research Award 

for new and early-stage investigators, all of which are designed to accelerate investigator 

independence and improve funding stability. 

Adjustments that intend to minimize and impose limits on the important advisory role of peer-

review have been proposed64 and will undoubtedly be proposed in the future. These deserve 

further study to provide evidence of their effectiveness and to guide future decision-making. For 

example, a large study65 from 2015 that examined the ability of peer review to select the highest 

impact science that will proceed to improve human health showed that peer review is the single 

most important predictor in identifying transformative science, science with applied potential, 

and to screen out low-quality research. In light of continued changes to peer review processes, 

studies such as this should be repeated.  

The Working Group recommends NIH study proposed policy changes. For instance, the working 

group recommends using existing administrative data on reviewer scores and outcomes to 
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simulate the effects of the proposed changes in peer review to evaluate the likely impact on 

funding decisions. Simulations could also be performed to evaluate other possible changes in 

scoring. Work could simulate the effects of simplified review on the tradeoff between 

importance and innovation and between rigor and feasibility. Other work should evaluate the 

split in authority between the Center for Scientific Review and ICOs. Work could also evaluate 

the effects of historic changes in peer review (e.g., to promote early career researchers). 

 

Another way a robust science of science infrastructure could contribute to peer review 

prospectively is to enable systematic assessment of effectiveness by experimenting with 

alternative approaches prior to making changes. While international funders have piloted 

alternatives (e.g., lotteries, golden tickets, multi-mechanism models), none have tested them 

against traditional approaches in a controlled setting. The result is that institutional learning is 

limited. NIH could commit to gathering evidence and testing alternative funding strategies 

before fully implementing them. This could be operationalized through an annual innovation 

challenge prize competition to design, prioritize, and evaluate experiments in peer review and 

grant allocation. To test the impact of alternative funding strategies on transformative science 

and science with applied potential, NIH should consider funding projects that apply science of 

science methodology to test alternative approaches to assess peer review and grant allocation.  

Additionally, funded projects could build longitudinal data infrastructure linking proposals, 

review processes, funding decisions, and long-term outcomes to assess how outcomes of grants 

and grant portfolios could be improved and to facilitate randomized or quasi-experimental 

designs.  

Consideration should also be given for providing secure access to this longitudinal data 

infrastructure for approved extramural researchers and requiring an evaluation plan with defined 

counterfactuals, outcome measures, and learning timelines for proposed policy and process 

changes to peer review. 

Recommendation 3: Optimize NIH funding processes through experimentation, agent-

based simulation, and data infrastructure. 

NIH’s funding processes have evolved largely without systematic experimentation, limiting the 

ability to identify which policies and practices most effectively support or hinder high-impact 

science. The effect of key design choices, such as proposal requirements, award mechanisms 

(e.g. grants, contracts, prizes, etc.), funding allocation rules, review criteria, page limits, and 

others, are rarely tested in a rigorous, comparative way. At the same time, growing 

administrative burden and mixed evidence on funding concentration, investigator incentives, and 

targeted funding opportunities offer opportunities for analysis and assessment.  

NIH should pilot means to manage its funding processes as an object of continuous learning 

through experiments. A structured program of randomized and quasi-experimental studies would 

allow NIH to evaluate alternative approaches to application requirements, review processes, and 

funding allocations. In parallel, technological advances make it possible to simulate peer review 

using “in silico” committees trained on historical data, enabling low-risk testing of alternative 

policies at scale before real-world implementation. 

NIH should consider the following:  

• Testing alternative pathways in funding processes as a core NIH practice. Priority areas 

should include introducing pre-proposal stages, varying reliance on Notice of Funding 
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Opportunities and program announcements, testing allocation rules (e.g., lotteries among 

meritorious proposals or out-of-order funding), and experimenting with award size, 

duration (e.g., multi-year funding), and structure. Additional areas to consider for study 

include funding of investigators versus projects, adjusting limits on total investigator 

funding, reducing soft-money dependence, modifying budget reporting, and evaluating 

tradeoffs between administrative burden and research quality. 

• Piloting bold alternatives to current systems, including simplified or randomized funding 

allocation among proposals meeting baseline standards, to assess effects on return on 

investment. 

• Using existing data on scores and outcomes to simulate the effects of the recent changes 

in peer review to evaluate the likely impact on funding decisions. Simulations could also 

be performed for other possible changes in scoring. This work should include changes to 

scoring to prioritize disease relevance, scientific rigor and feasibility. 

• Developing and evaluating the effectiveness of in silico review systems (i.e., AI-based 

multi agent systems to model applications and peer review committees trained on 

historical grant data), to replicate and study reviewer biases and scores. Once validated, 

these systems could test alternative allocation mechanisms (e.g., lotteries, modified 

scoring, different panel compositions) rapidly and without risk to applicants. 

• Providing access to data infrastructure linking applications, review outcomes, and 

funding decisions enabling both simulation and external research. 

• Pilot and study approaches to maximize dissemination and transparency of research 

results. 

Recommendation 4: Conduct science of science research to understand how review and 

funding processes influence the diversity of the scientific portfolio and transformative 

innovation.  

Peer review systems are generally effective at identifying technically strong science but are less 

reliable at distinguishing incremental advances from transformative breakthroughs. 66 67 68 Dense 

intellectual networks characterized by repeated co-authorships, high citation clustering, and 

institutional concentration can constrain diversity of thought and reinforce dominant paradigms. 

They may also focus attention on approaches that fall neatly within disciplinary lines.  

Epistemic narrowing occurs when a scientific field or review panel becomes intellectually 

dominated by a single framework, set of hypotheses, or methodology, crowding out alternative 

approaches. Emerging bibliometric tools now allow measurement of “disruptiveness,” 

conceptual novelty, inter- / trans- / multi-disciplinarity, and long-horizon citation impact, 

providing feasible mechanisms for evaluating whether review processes preferentially fund 

incremental versus field-redefining work and how each contributes to improvements in health. 69  
70 71 72 73 74  

NIH has implemented safeguards including rotating membership on study sections, conflict-of-

interest rules, and standardized scoring criteria. Special emphasis panels and ad hoc reviewers 

are used to target reviewers with the expertise needed to assess interdisciplinary, novel, or niche 

proposals. However, NIH does not currently appear to employ systematic, quantitative 

approaches to characterize the range of scientific perspectives within study sections.  
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The Working Group did not identify an existing formal mechanism to assess patterns such as the 

concentration of approaches, the breadth of methodological or theoretical representation, or how 

these features evolve over time. NIH should consider science of science approaches to better 

understand these dynamics and their relationship to scientific outcomes. Potential areas for 

examination include: 

•  Funding patterns within study sections, to characterize the distribution of supported 

hypotheses, models, methods, and disciplines to better understand how these reflect the 

scope of applications received. Such analyses could help contextualize how study 

sections engage with established and emerging areas of research. 

•  Collaboration and citation patterns among reviewers and funded investigators, as one of 

several ways to describe the structure of scientific communities represented in review.  

•  Longitudinal examination of research outputs within study section portfolios, including 

downstream translational activity where measurable, to better understand how funding 

patterns relate to trajectories of scientific progress. 

•  Characterization of scoring patterns and their association with subsequent outcomes, 

including variability in scores across criteria (e.g., innovation) and their relationship to 

longer-term scientific impact. These analyses could help inform understanding of how 

review criteria are applied across different types of science. 

Recommendation 5: Implement a core reproducibility and generalizability metadata 

framework. 

Key information on study design, analytic transparency, population characteristics, and 

replication status is not consistently reported or easily aggregated across NIH-funded research. 

This deficiency limits the ability to assess research robustness, detect redundancy, and track 

progress toward reliable knowledge. At the same time, evidence across multiple fields shows that 

repeatability is often difficult to establish and that uncertainty in the literature may be 

underappreciated. 75 76 77 78 79 80   

 

Programs like the Defense Advanced Research Projects Agency’s Systematizing Confidence in 

Open Research and Evidence program81 demonstrate the value of combining AI and human 

evaluation to systematically assess research credibility and generate scalable indicators of 

reliability. 82 NIH has prioritized reproducibility, transparency, and rigor through initiatives 

aligned with its “Gold Standard Science” framework.83 However, NIH lacks a comprehensive, 

enterprise-wide metadata system to capture reproducibility and generalizability across funded 

research. Existing efforts highlight potential value of such data. 84 85 86 87 88 89 A minimal, 

interoperable core metadata set that captures study design (e.g., recruitment, randomization, 

blinding, power justification, subgroup analytic strategies), transparency indicators (e.g., 

preregistration, data and code availability), population characteristics, and replication status 

could enable cross-project comparison, portfolio-level analysis, and machine-assisted evidence 

synthesis, consistent with Findable, Accessible, Interoperable, and Reusable (FAIR) data 

principles. 90 91  

 

NIH should consider assessing the feasibility and value of extending approaches similar to the 

Systematizing Confidence in Open Research and Evidence program92 to biomedical research, 

focusing on systematic evaluation of repeatability across key stages of the research pipeline and 

development of scalable indicators of credibility. A potential outcome would be implementation 
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of a core metadata framework integrated with existing systems and designed to minimize burden 

on investigators. Standardizing and aggregating these data would improve monitoring of research 

quality and the accumulation of reliable knowledge, supporting measures such as replication, 

methodological diversity, and time to high-confidence findings.  

Recommendation 6: Identify promising technologies and research methodologies to 

accelerate translation from research to commercialization. 

Commercialization is an important pathway for translation, 93 94 95 but valuable research findings 

are often lost between the bench and the bedside because of a translation gap or valley of death 

between government funding and industry support. 96  97  98 99 100   NIH has long recognized the 

importance of translation, creating the National Center for Advancing Translational Sciences to 

rigorously engineer improvements in translation. 101 And despite efforts such as the Small 

Business Innovation Research and the Small Business Technology Transfer programs at NIH, 

funding gaps persist. Part of the problem is that NIH has limited ability to systematically identify 

and track potentially valuable technologies, which means promising discoveries are not always 

identified and brought to market. This makes it difficult to analyze and engineer improvements 

to the translation process itself.  

That same visibility problem extends further upstream, to the scientific methods and tools that 

make discoveries possible in the first place. Many biomedical advances depend not only on new 

hypotheses, targets, or disease areas, but on new ways of observing, measuring, manipulating, 

modeling, and experimenting. Science of science research suggests that scientific methods and 

instruments extend researchers’ cognitive and sensory capacities. 102 Major discoveries often 

follow from new methods and tools that make previously inaccessible phenomena measurable or 

experimentally tractable. 103 New scientific fields are often triggered by powerful new 

methods. 104  105  Yet NIH has little systematic way to track which methods and tools are in use, 

where they are creating bottlenecks, or where a new tool could unlock many downstream 

discoveries. This is a blind spot that mirrors, and compounds, the lack of visibility into which 

discoveries are ready to translate. 

NIH should consider developing and refining mechanisms to identify promising technologies 

and the researchers conducting them to support translation. NIH should also consider developing 

tools to track the methods, instruments, software, data resources, protocols, models, assays, and 

computational workflows that make new biomedical knowledge possible to identify 

methodological bottlenecks and technologies that could unlock many downstream discoveries. 

Drawing on portfolio analysis, expert input, and AI-enabled text and network analysis, NIH 

could build a shared evidence base spanning both promising technologies and the methods that 

enable them, and use it to analyze and engineer improvements across the translation pipeline.  

Recommendation 7: Use science of science methods to measure, communicate, and 

maximize the societal impact of NIH-supported research. 

Every year, NIH invests billions of dollars in biomedical research, 106 yet links between funded 

science and downstream societal outcomes remain poorly understood. Evaluation relies largely 

on bibliometric indicators (e.g., publications, citations, and patents), which reflect scientific 

influence but not whether research improves health, changes clinical practice, or reduces disease 

burden. At the same time, many unfunded proposals might contain ideas with substantial 
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unrealized societal value. These gaps reflect the inherent difficulty of predicting, at the time of 

funding, which investments will ultimately matter most.  

 

Advances in AI agents create new opportunities to study these pathways at scale to better assess 

and maximize societal returns. AI agents can now integrate and reason across diverse data 

sources, including grant applications, peer review, investigator histories, publications, patents, 

clinical trials, and health outcomes, at unprecedented scale. Such analyses would spark new 

questions: Where has NIH funding produced outsized societal returns? Where has strong 

scientific output failed to translate into meaningful downstream benefit? Which promising 

directions were overlooked? Importantly, NIH can learn from funded and unfunded applications, 

helping to identify systematic blind spots such as promising topics, unconventional approaches, 

overlooked combinations of expertise, and areas where impact may be left unrealized. These 

tools could augment, not replace, expert judgment and be evaluated for validity, robustness, and 

fairness.  

 

NIH should consider launching a science of science initiative focused on societal-impact 

discovery and portfolio learning. The initiative could have two closely connected components 

that would enable NIH to learn from its full set of opportunities and use that knowledge to direct 

resources toward science with the greatest potential for societal impact:  

 

First, NIH should consider developing secure infrastructure and rigorous methods for linking 

research investments to downstream outcomes. This would include creating appropriately 

protected datasets that connect funded and unfunded applications with subsequent scientific, 

technological, clinical, economic, and public-health outcomes. NIH should support research to 

develop more meaningful measures of societal impact, trace the pathways through which 

research produces real-world benefits, and deploy AI tools for impact assessment, opportunity 

mapping, and portfolio analysis. These tools should augment rather than replace expert judgment 

and should be evaluated for validity, robustness, transparency, fairness, and potential bias.  

 

Second, NIH should treat access to large language models (LLMs) and related computational 

resources as shared research infrastructure for the science-of-science community. Text analysis is 

central to this field, including the classification of grants and publications and the measurement 

of novelty, diffusion, convergence, and scientific consensus. LLMs have dramatically expanded 

what is possible, with technical feasibility no longer the greatest challenge for many text-analysis 

tasks. LLM Application Programming Interface expenses in the form of token costs are now the 

limiting factor for conducting many cutting-edge, science of science studies. NIH, and especially 

the National Library of Medicine, should treat LLM access as shared research infrastructure 

rather than leaving each team to solve the problem independently. Negotiated token pricing with 

LLM providers for NIH related science of science, subsidized model access, benchmark tasks, 

and evaluation tools would enable science of science scholars to ask questions about the 

evolution of fields, the structure of knowledge, and the meaning of textual novelty at a scale that 

is currently out of reach. Shared infrastructure would reduce duplication, broaden participation, 

and allow researchers to investigate the evolution and impact of biomedical science at 

substantially greater scale than currently possible. 
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These tools could also create a major opportunity to make science more accessible to the public. 

For example, AI-enabled tools that better interface with PubMed database could help users 

identify and prioritize publications most relevant to their concerns, understand where consensus 

exists, and interpret what findings do and do not mean. On the public side, AI-enabled database 

tools could move beyond keyword search toward natural-language querying, evidence synthesis, 

consensus mapping, uncertainty explanation, and plain-language interpretation. 

 

Because public support for science depends in part on whether people can understand and 

navigate scientific literature, these tools could ultimately create both research and civic value. 

NIH, through the National Library of Medicine, should conduct a set of carefully controlled 

pilots to develop and evaluate public-facing AI tools grounded directly in the underlying 

scientific literature. These tools should provide traceable sources, clearly distinguish objective 

evidence from interpretation and opinion, communicate uncertainty, and resist overstating 

preliminary or contested findings. Evaluation should address accuracy, bias, user comprehension, 

accessibility, and effects on public understanding and trust. 

 

Together, these investments would enable NIH to learn more systematically from its complete 

portfolio of opportunities, direct resources toward research with the greatest potential for societal 

benefit, and communicate more clearly how publicly funded science contributes to health and 

society. The result would be a biomedical knowledge system that is not merely searchable but 

increasingly measurable, understandable, and useful. 

Recommendation 8: Develop data, methods, and the evidence base to improve portfolio 

diversity and support paradigm-challenging science. 

Science of science can inform ways to broaden the NIH portfolio to increase support of 

paradigm-challenging and adversarial science. The NIH portfolio can be thought of as 

analogous to an investment portfolio, much of modern portfolio theory shows that diverse, even 

uncertain, investments reduce overall risk. 

NIH should consider the following: 

• Support analyses to actively study and manage the NIH portfolio to increase the diversity 

of funded ideas, approaches, and methods. 

• Use of relationships between scores and proposal content to identify intellectual 

similarity and concentration. 

• Identify projects where a small number of reviewers view the project as promising even 

without widespread consensus. 

• Use of citation analysis, natural language processing, and/or validated generative AI to 

identify and characterize core conceptual underpinnings and methods in proposals, 

flagging projects that depart from the most common underpinnings. 

• Develop and validate methods to evaluate portfolios at the program level. 

• Apply science of science to explore best practices for an adversarial science initiative that 

promotes constructive disagreement, scientific dissent, and viewpoint diversity, including 

collaborative projects between teams with competing theoretical frameworks. 

• Develop and track clear success criteria and evaluation plans to accompany all 

investments in portfolio diversity initiatives. 
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• Identify projects that cross disciplinary boundaries or paradigms or otherwise appear 

risky to assess how they were evaluated, and what their outcomes may be. 

• Use validated generative AI to infer reviewers’ preferences on research and potential 

biases in reviews. 

 

A particular focus of this work should be to assess how to prioritize higher-return on investment 

work over lower-return work, including work that fits disciplinary and/or paradigmatic research 

and researchers. For instance, there is evidence that interdisciplinary research face review 

impediments that may limit the funding of high risk-high-reward research. 107 

Recommendation 9: Build global science indices to guide strategic NIH investment and 

benchmark U.S. competitiveness. 

Concerns are growing that scientific progress has slowed in areas critical to human welfare. One 

indicator is stagnating life expectancy improvements for some populations. 108 At the same time, 

U.S. leadership at the scientific frontier is increasingly contested, with other global players (e.g., 

China) now leading or co-leading in multiple domains. 109  110  This changing landscape is directly 

relevant to NIH’s interest in strengthening biomedical research competition. Effective 

competition requires benchmarking U.S. science not only internally but against global peers.  

NIH should consider supporting a measurement infrastructure to track scientific progress across 

fields, institutions, and countries. Such indices would include novelty, citation influence, patents, 

clinical trials, translation, reproducibility, and health impact. This evidence base could identify 

where stronger domestic competition is most needed and clarify predictors and methods for 

determining when cutting-edge work or collaboration abroad yields greater returns for U.S. 

health than strictly domestic investment.  

NIH also should consider establishing a science of science program that develops open, 

continuously updated global indices of scientific progress relative to research investment across 

biomedical fields. Priorities could be informed by portfolio analysis and external input by 

scientific experts. The program could also support research comparing marginal productivity of 

NIH funding across domestic and international settings, and pilot carefully governed funding 

experiments and/or partnerships guided by these indices. The aim is to provide a stronger 

empirical basis for deciding when domestic investment and/or global engagement will best 

advance U.S. health outcomes.  

Understanding the system response 

Knowledge is generated by academic scientists, industry researchers, government scientists, 

clinicians, and interdisciplinary teams. NIH policy and process changes alter incentives and 

generate responses that are sometimes unexpected and may lead to unexpected outcomes. 

Science of science can begin to systematically investigate how individuals and organizations 

respond and make recommendations based on evidence. The Working Group centered their 

recommendations on data and methods to better understand scientists’ behavior, the impact of 

scientific fields, and the required data that will be needed to measure outcomes and impacts. 
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Recommendation 10: Invest in datasets from university administrative systems to study 

scientists’ behavior and career progression. 

NIH tracks publications and patents but lacks a data infrastructure to understand how its funding 

shapes scientist behavior, team structure, scientific communities, and institutional incentives. 111  

Data on researchers and teams are needed to assess how policies and processes drive 

innovation, 112 workforce dynamics, 113  114 115  translation, dissemination of results, access gaps, 

and training outcomes. 116  117  Without such data, NIH cannot fully connect its funding policies 

and processes to subsequent scientific, workforce, economic and health impacts. 

NIH should consider negotiating agreements with funded institutions to provide access to 

deidentified administrative data, including information from human resources, sponsored grants 

and contracts, cooperative agreements, and procurement. These data could then be linked to 

scientific outputs (publications, patents, products, and other resources) at the individual, 

organizational, and award levels. With appropriate safeguards to protect personal privacy, 

linkages could also be made to external sources such as state employment and workforce 

records. The resulting datasets could be used to evaluate how NIH investments impact 

researchers’ career trajectories and to assess differences in the returns on those investments 

across institutions, research environments, and researcher career stages and other characteristics. 

One such example is the Universities Measuring the EffecTs of Research on Innovation, 

Competitiveness, and Science (UMETRICS). 118  119 120 121  Developed following 

recommendations made in the early 2000s of the White House Office of Science and Technology 

Policy122 and supported by NIH, the Alfred P. Sloan Foundation, the Ewing Marion Kauffman 

Foundation and the National Science Foundation (NSF). UMETRICS is a people-based data 

infrastructure that links information from participating university administrative systems, 

including human resources, and sponsored projects to publications, patents, products and 

dissertations. Recent NSF support has expanded the scope by integrating UMETRICS data with 

state employer and workforce data records. 123  124 125 126 127  

Datasets such as UMETRICS could be used to assess how emerging technologies, including AI, 

affect the structure, organization, and operation of scientific teams. NIH should consider 

establishing pilot projects potentially in collaboration with NSF that enable researchers to use 

university administrative data to examine the returns on research investments in terms of 

employment, earnings, economic impact, scientific productivity, and career development. 128 

Most importantly these projects should help clarify how people, teams, and institutions propagate 

and translate scientific ideas into advances in health outcomes and longevity. 

Recommendation 11: Use a human-centered approach to study the evolution of scientific 

fields. 

NIH has invested in strong biomedical classification systems, including Medical Subject 

Headings (MeSH), for organizing and retrieving literature and Research, Condition, and Disease 

Categorization for standardized reporting of research expenditures. While effective for 

tracking publications, topics, diseases, spending, and reporting, these systems are less well 

equipped for analyzing how scientific fields emerge, grow, interact, and innovate. 129 130   



NIH Council of Councils Working Group on Science of Science | Final Report 

Final Report — August 20, 2026  Page 27 

A large science of science literature provides a complementary approach to characterizing 

scientific fields and understanding innovation that could expand measurement and reporting. 131  
132  Researchers have argued that scientific fields are really networks of people whose 

movements and relationships govern how knowledge develops, diffuses and gets used. 133   

Others have also described a people-centric approach to understanding how commercial 

innovation evolved from university research. 134  135 136 137  More recent evidence demonstrates the 

importance of a people-centric approach to characterizing research fields. 138 139 140 141 142 143 

This literature has informed the development of an extensive science of science conceptual and 

empirical framework for characterizing scientific fields as a network of invisible colleges of 

people whose movements and relationships govern how knowledge develops, diffuses and is 

applied. 144 Some well-known examples in health sciences include molecular biology145 , 

biotechnology146 and stem cell research. 147  

New technologies like LLMs and network analysis, when validated, can enable a human-

centered approach to the classification of science. Using a science of science framework, fields 

can be defined by patterns of collaboration, shared models, common data, the transmission of 

ideas from academia to commerce148 and the source of high-growth startups. 149 Network analysis 

groups researchers by co-authorship, shared grants, or topic similarity, while LLMs help identify 

common models and datasets. 150  

NIH should develop and apply human-centered classification and network analysis to provide 

empirical evidence to study the evolution of scientific fields and evaluate how NIH investments 

contribute to their emergence, growth, and impact. This human-centered network information 

could also complement existing NIH classification systems. For example, MeSH could 

incorporate network signals (co-authorship patterns) to improve indexing accuracy by relying on 

collaborative network signals and changes in researchers’ interests over time to refine document 

classification, entity resolution and relation extraction for ambiguous or changing 

categories. Integrating non-linguistic document to document linkages has been shown to improve 

supervised classification of scientific documents into MeSH categories and the addition of 

similar socially defined connections among documents also yields promising results for 

unsupervised classification of grants and publications suggesting that such extensions may 

improve indexing in cases where gold standard data are present and in emerging fields that lack 

them. 151 A human-centered approach could also improve the classification of diseases and 

conditions used in NIH spending reports by allowing categories to evolve as scientific 

communities, concepts, and research priorities change. This could provide NIH leadership and 

the public with more timely and informative evidence about how scientific fields develop and 

how NIH investments contribute to their progress. 

Recommendation 12: Promote standards for data usage descriptors to support responsible 

data reuse and reproducibility. 

NIH prioritizes collaboration and data sharing and has invested in major infrastructures like the 

Protein Data Bank152 and the Knockout Mouse Phenotyping Project. 153 But access to data alone 

is not enough: researchers need structured metadata that link datasets to publications, authors, 

and institutions, as well as data trustworthiness to support reproducibility and public confidence. 

Policies like the 2016 Commission on Evidence-based Policymaking154 and the Foundations for 

Evidence-Based Policymaking Act of 2018155 emphasize using data to inform policy and require 

agencies to produce data inventories, track and report data use, and engage with the public.  
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NIH should consider using new tools that can generate data usage statistics that demonstrate how 

datasets are used by employing validated LLMs to mine scientific publications. 156 Such statistics 

could support an institutional framework that recognizes data as an output and develops norms in 

data citations, metadata, classifications, and persistence. Results could be reported through 

platforms like the National Data Platform and Data Commons. 157 Such an incentive-based 

framework could ensure that data information is persistently referenceable, navigable and 

contextual. Application of these descriptors could strengthen NIH investments by showing which 

data are used most, by whom, and where gaps or risks exist. 158 They can also reveal how quickly 

repositories drive data use, affects speed discovery and translation, indicate quality and reliability 

of research, and the return to taxpayers. They can also identify dataset experts and recognize 

their contributions. This would help to better align data investments with scientific impact and 

public value. 159 160 

Recommendation 13: Design data trust measures that can be used to support credible and 

replicable research. 

Data reuse across fields creates a need for contextual trust measures, not simple binary 

judgments. 161 Data trust measures can systematically document how data are produced and used 

for specific purposes. 162 They support data utility (whether data are fit for specific purposes, 

including appropriate and inappropriate use), and data quality (how data are produced, 

processed, and validated, using traceable evidence). 163 Trustworthiness is a broader concept 

than reproducibility and replicability. It reflects the extent to which data and findings are credible 

and can support valid and reliable conclusions. 

 

 

 

All data carry risks when reused outside their original context. Data quality signals make these 

risks explicit, including known biases, temporal or spatial limitations, and potential failure 

modes in automated or high-stakes applications.  Ultimately, the measures can serve to 

strengthen data trust through community validation, as researchers and other users test and refine 

these descriptors over time. 164 

Developing such measures is operationally difficult because of (at least) three challenges. The 

first is quantifying the elements of data quality that underpin data trust: producing a scalable set 

of signals or a rubric. 165 The second is identifying the different purposes for which data can be 

used and applying the rubric to assess data quality in that context. Data quality is not a 

characteristic of any specific dataset, but rather a “context-dependent attribute that must be 

assessed relative to specific goals and users.”166 The third challenge is engaging a user 

community to define the use to which the data will be put, to ensure that data quality signals are 

sound, and to establish trust in data use. This last challenge is particularly important, since trust 

is not a static construct, but evolves over time based on a series of observations and 

interaction. 167 

NIH should consider developing data trust measures based on (i) identifying and translating the 

elements of data quality into a rubric that fits the NIH context, (ii) capturing those elements as 

metadata for specific NIH use cases of interest, and (iii) disseminating the results in data 

repositories in a manner that that can be readily understood, tested, and certified by the relevant 

NIH communities. 168 Such data trust measures could help NIH scientists and NIH program staff 
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make informed decisions and align data use with reliable, real-world performance. Data-trust 

measures for both data quality in production (accuracy, reliability, objectivity, producer 

reputation, and data production) and use have been developed in other contexts.  

Outcomes: Evaluating progress 

For NIH, the key outcomes are the real-world, long-term results that the investments are intended 

to produce (not necessarily the short-term products such as publications). Outcomes include 

accelerating the pace of biological discovery, strengthening the quality and capacity of the 

biomedical workforce, expanding the translation of research into clinical benefits and 

commercial applications, improving rigor, transparency, and reproducibility, and ultimately 

advancing human health and longevity.  

 

Using a science of science approach, progress toward these outcomes should be evaluated not in 

isolation, but relative to what might have occurred under alternative uses of the same resources. 

The Working Group therefore focused its recommendations on methods and processes that can 

more effectively measure and assess how scientific communities respond to actions taken 

through NIH policy, funding, programmatic, and other institutional levers by better capturing 

outcomes. 

Recommendation 14: Launch targeted living systematic reviews. 

In fast-moving scientific fields, conventional literature reviews that summarize published studies 

and other scientific evidence at a single point in time can quickly become outdated. As new data, 

methods, and findings emerge, these fixed summaries may no longer represent the current state 

of knowledge. This makes it harder to determine which conclusions are well supported, where 

uncertainty remains, and whether the field is moving toward a shared interpretation of the 

evidence. Without that shared understanding, researchers and decision-makers may struggle to 

reach consensus, which in turn slows confident, evidence-based decision-making.  

Living systematic reviews (LSRs) can address this by continuously updating evidence while 

maintaining rigor to reduce the lag between discovery and synthesis of new and innovative 

ideas. 169 170  LSRs have been used in areas such as oncology and infectious disease. 171 A related 

model, the Pop-Up Journal, focuses on curating research that could help to bridge the science– 
policy gap on a single key research question and gather evidence needed for decision-making. 172 

NIH has longstanding investments in evidence synthesis capacity, including systematic review 

support through the NIH Library. 173 The Agency for Healthcare Research and Quality has 

operationalized living systematic reviews within its Evidence-based Practice Center program, 

providing a federal precedent. 174 However, NIH has not yet institutionalized living evidence 

synthesis as a core, enterprise-wide function.  

The NIH should consider launching a limited number of targeted living evidence synthesis pilots 

in domains characterized by rapid evidence generation, high decision relevance, and 

demonstrable uncertainty. Examples of appropriate pilot areas include rapidly evolving fields in 

which new evidence accumulates continuously, and decisions have important implications for 

research priorities or clinical care. Potential domains include Alzheimer's disease and related 

dementias, long COVID, obesity therapeutics, antimicrobial resistance, rare disease therapeutics, 

and environmental health. These areas combine rapid evidence generation, high practitioner 

decision relevance, and persistent uncertainty.  
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Each pilot should require a preregistered protocol specifying search cadence, updating triggers, 

inclusion criteria, strength-of-evidence grading, and transparent versioning. Ideally, living 

evidence synthesis could provide a practitioner infrastructure to shorten the interval between 

discovery, cumulative assessment and clinical use. For each pilot, links should be made between 

study design characteristics, population attributes, and replication status to the synthesis platform 

to enable machine-assisted evidence surveillance, reducing burden and redundancy.  Each pilot 

could include from its inception an evaluation plan with key performance indicators including 

time from study publication to incorporation in the synthesis, influence on funding or policy 

decisions, the cost per each update cycle, and user uptake. 

Recommendation 15: Develop a range of performance measures to capture outcomes of 

research. 

Rigorous evaluation depends on having endpoints that accurately measure the desired outcomes. 

Using a range of performance measures is important for NIH because its outcomes are broad, 

long-term, and often difficult to capture with a single metric. Measures should reflect not only 

immediate outputs, such as publications, grants awarded, and clinical trials launched, but also 

longer-term impacts, including scientific breakthroughs, improved health outcomes, workforce 

development, innovation, and public trust. A balanced set of measures will help NIH 

demonstrate accountability while recognizing that biomedical research often produces benefits 

over many years and through complex pathways. It also supports better decision-making by 

showing where investments are producing progress, where gaps remain, and how NIH’s work 

contributes to public health and scientific advancement. 

Measures should be adaptable and capture major policy changes in NIH funding priorities no 

matter whether the changes occur gradually or on a rapid timetable.  For example, recent policies 

resulting in grant terminations or narrowing of already-awarded funds should be evaluated using 

common outcome metrics that will assess both negative and beneficial effects of such changes. 

Metrics should inform rather than replace expert judgment.  

NIH should work with the science of science community to develop and validate different 

metrics to evaluate NIH funding, including distal and near endpoints, such as publications, 

clinical translation, public health advances and other measures to evaluate the performance of its 

portfolio. Near endpoints should include measures that address the trustworthiness of the science, 

including the extent to which the research is accountable, evaluable (transparent and shared 

openly), well-formulated, reviewed, controlling for bias, reducing error, inclusive of both 

positive and negative findings, statistically sound, and whether the research claims are based in 

facts and warranted by the evidence. Once developed and validated, the measures could be used 

to provide evidence to rigorously and transparently optimize funding and used to communicate 

the value of NIH investments to the research community and to the broader public. This analysis 

should be conducted independently of NIH. 

Recommendation 16: Develop a range of performance measures to capture outcomes of 

training programs. 

In improving upon NIH performance measures, one area of particular importance is the 

outcomes of trainees. Evidence indicates that NIH training programs have large impacts on 

future scientific productivity and a considerable economic footprint. 175 176 177 178  Moreover, the 

relationship between the research outcomes of labs and their training outcomes are far from one-
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to-one, 179 so that a focus on improving research outcomes does not necessarily improve upon 

training outcomes.  

 

At the same time, NIH has often trained more researchers than the biomedical research enterprise 

is funded to effectively absorb, 180 181 182  so that increasing the quality and impact of training 

should be a priority over arbitrarily set numbers of trainees. Much of the work on measuring 

research outcomes should expand beyond publications to examine how research contributes to 

technological and medical advances, while also developing better measures of the capabilities 

and career trajectories of trained researchers, including their movement into businesses, 

occupations, and earnings. 

 

Conventionally, NIH has largely treated research and training separately. That is, there is a set of 

funding mechanisms that support trainees and early career researchers (e.g., “T”s and “F”s and 

“K”s) and a separate set of mechanisms that support research (e.g., “R”s). Yet most trainees are 

supported on research projects and not training grants. 183 Moreover, there is evidence that the 

emphasis on mechanisms to support early career researchers, while intended to ease the 

transition to independent funding, has kept early career researchers from applying for research 

projects. 184  

 

Given the importance of capturing training outcomes, the NIH should develop and validate a 

series of measures specifically related to the impact of training supported on all funding 

mechanisms, including research projects, fellowships, and training grants.  This could include 

partnering with NSF in the expansion of the Industries of Ideas, in which NSF piloted a novel 

people-centric approach to assess the impact of its investments on regional firms and jobs in key 

technology areas in Ohio. NIH could develop additional impacts such as changes in the firm 

demand for education and skills - to include NIH research investments.  

Recommendation 17: Improve and validate grant–patent linkages to better enable 

assessment of NIH’s impact on health products. 

A large body of research attempts to link NIH funding to patents and drugs using administrative 

and citation data. 185 186 187 188 189  While promising, this approach has key limitations including 

underreporting of patents in iEdison / Research Portfolio Online Reporting Tools Expenditures 

and Results (RePORTER)190  191  and public data on patents linked to specific products only exist 

for small-molecule drugs, not biologics or other health products. 192 However, patents and drugs 

are widely recognized as providing a narrow and incomplete lens on outcomes, and existing 

ways to link grants to patents and patents to drugs (including through citations) suffer from 

missing data and lack of serious validation. Limited information on the value of NIH-supported 

patents constrains science of science analyses and might lead to underestimation of the broader 

outcomes of NIH investment.  

 

NIH should consider generating a more robust evidence base on the outcomes of its investments 

by improving existing linkages, validating commonly used measures, and supporting the 

development and validation of new/improved links to health outcomes. This could be done, for 

example, by partnering with the U.S. Patent and Trademark Office (USPTO) to reconcile grant 

support data across RePORTER, iEdison, and patent records, including those recorded in 

USPTO certificates of correction to issued patents.  
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More complete information on government-funded patents and better patent-product linkages 

can help generate more reliable and comprehensive information on health products directly 

linked to NIH research. As an example, NIH could support validating in-text and front-page 

citations in patents as measures of intellectual influence and knowledge flows, and in non-

citation-based natural language processing approaches linking patents to NIH grants. NIH 

could seed studies that validate citation-based and other bibliometric links from NIH-funded 

research to policy documents, clinical guidelines, pivotal trials, and other outcomes beyond 

patents. Additionally, NIH could explore increasing transparency by making iEdison data on 

licensing and revenues available to researchers, requiring grantee institutions to report back any 

U.S. Food and Drug Administration approved products and associated patents resulting from 

NIH grants and making data broadly available. This would allow links to health products to go 

beyond small molecule pharmaceuticals (where patent-product linkages are publicly available 

using the Orange Book193).  

Recommendation 18: Validate output measures against outcomes.  

NIH already provides a significant body of data linking its research funding to patents, 

publications and clinical trials through RePORTER. These conventional science of science 

measures (e.g. citation-based measures of patent and publication value; text-based measures of 

novelty and disruptiveness) measure the output of NIH research.  

 

Whether these and other measures are associated with public health outcomes (e.g. quality-

adjusted life years, disability-adjusted life years, mortality) is less well-known. NIH should 

validate or promote the validation of these measures against measures of health impact and 

health outcomes.  

 

NIH engagement with stakeholders across ICOs can help identify the health outcomes most 

relevant to each of their missions and research portfolios. This process can also clarify which 

conventional science of science indicators are most informative for assessing progress toward 

those outcomes, how the usefulness of established indicators varies across ICOs, and where 

improved or additional indicators are needed. 

Recommendation 19: Support the development of measures for scientific openness, self-

correction, and public trust. 

NIH leadership has made restoring public trust a priority. 194 Practices like data sharing, 

disclosure of uncertainty, and reproducibility are intended to strengthen trust. Trust is typically 

measured as a multidimensional construct (both self-reported attitudes and observed behaviors). 

Current assessments of science applications and publications do not include institutional 

measures of scientific freedom, openness to dissent, willingness to publish null or unpopular 

results, peer-review and editorial gatekeeping, self-censorship, and the capacity for self-

correction, or communication of results with community-based partners.  

 

The Working Group understands that not all these characteristics are under the control of the 

scientists themselves. The decisions by publishers, conference organizers, are important. Further, 

these concepts are harder to measure than bibliometrics, but they are not beyond study. Surveys, 

archival work, confidential administrative data, text analysis, and public-opinion research can be 
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combined to develop and validate credible indicators of whether scientific communities are open, 

and self-correcting, and suggest ways to increase public confidence.  

In addition, NIH should consider incentivizing research specifically aimed at measuring the 

institutional conditions that sustain trustworthy science. NIH should consider support for work 

on community engagement, openness of debate, replication climates, censorship and self-

censorship, the treatment of heterodox ideas, and the relationship between these factors and 

public trust. It should include retrospective studies as well as prospective work on institutional 

designs that better protect contestation and self-correction. The aim is not to relitigate past 

controversies but to build a durable evidence base for a more open, self-correcting, and trusted 

scientific enterprise. 

Recommendation 20: Study K–12 levers that produce future scientists. 

The U.S. scientific workforce has become increasingly reliant on immigration, 195 which has 

provided a major resource. But as global competition for scientific talent intensifies, it is risky to 

rely too heavily on immigration of scientists. Federal efforts to discourage and reduce 

immigration of highly qualified foreign researchers compounds the issue.  

At the same time, there is surprisingly little rigorous work on the levers in domestic K–12 

education that affect the number and quality of students who become scientists. Work on how K–

12 education affects future scientists and Science, Technology, Engineering, and Mathematics 

(STEM) participation has been funded primarily by NSF, through its STEM education and 

workforce programs.  Other federal agencies have contributed as well, including NIH through its 

Science Education Partnership Award, 196 Department of Education, Department of Energy, 

NASA, and other private and philanthropic funders. Existing measures of school quality 

prioritize test scores, graduation rates, and college attendance and do not focus on the production 

of future scientists. NIH has a direct interest in understanding the upstream determinants of 

participation in the biomedical workforce.   

NIH and the American biomedical enterprise would benefit from a dedicated research initiative 

on the domestic scientist pipeline, with emphasis on linked longitudinal datasets. NIH should use 

a science of science methodology to link early educational environments and investments to later 

outcomes such as STEM persistence, PhD entry, biomedical research employment, and NIH 

grant participation and subsequent publication, patents and career outcomes. This would make it 

possible to identify levers, such as advanced science and math access, teacher quality, laboratory 

exposure, mentorship, research experiences, science competitions, or advising, that have long-

run career effects, and for which demographic groups. The output should be an evidence base to 

study the mechanisms and upstream investments that most reliably increase the future supply and 

quality of U.S.-based scientists.  

Recommendation 21: Study the effects of major policy changes in NIH funding priorities 

and procedures. 

Recent federal actions have introduced broad disruptions across the NIH-supported biomedical 

research enterprise, affecting awarded grants, workforce capacity, funding opportunities, peer 

review, funding decisions, and the scope of supported scientific domains. These changes include 

large-scale grant terminations, reductions in workforce and funding mechanisms, modifications 
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to funded project terms, targeted cuts to diversity, equity, and inclusion (DEI) research, altered 

review and funding procedures, and expanded scrutiny of scientific alignment with agency 

priorities. Like most previous funding and policy changes, these were implemented in the 

absence of systematic evidence evaluating their likely effects on research processes, funding 

outcomes, and the broader biomedical research enterprise. Significant changes to NIH policies, 

programs, or funding priorities, regardless of their origin, policy rationale, or timing, should be 

treated as opportunities for rigorous evaluation using science of science methods. 

 

Going forward, NIH should treat all policy shifts as testable, system-level interventions, and 

rigorously evaluate their effects and use a science of science approach to capture how changes in 

funding, workforce composition, and topic legitimacy propagate through the research ecosystem.  

Specifically, NIH should consider launching independent science of science evaluations of major 

policy changes in NIH funding priorities. Evaluations should account for NIH’s legal obligations 

and address empirical questions as to the effects of the policy changes on NIH outcomes and 

create longitudinal datasets that link affected and unaffected awards to publications, workforce 

exits, health outcomes, and other measures. At the same time, the evaluations should explicitly 

test whether new policies produce beneficial portfolio reallocations. Importantly, this evaluation 

should prioritize outcome measures that extend beyond traditional bibliometrics to include 

health-relevant impacts, such as the generation, dissemination, and implementation of evidence 

needed to reduce health disparities, respond to public health threats, and improve population 

health. 

 

More broadly, NIH should reaffirm that future changes to funding policy, portfolio priorities, and 

administrative processes are introduced only alongside empirical evidence, or structured and 

transparent evaluation plans capable of generating such evidence, that they will improve 

scientific productivity, workforce resilience, and, ultimately, health outcomes. Embedding this 

standard within a continuous learning framework would align NIH policy with core science of 

science principles, ensuring that decisions are not only responsive to external directives but are 

also accountable to evidence on their effects across the full research–to–health causal chain. 

From Recommendations to Implementation: Strengthening the 

Science of Science Agenda at NIH 

 

The Working Group’s report underscores that NIH is uniquely positioned to strengthen the 

biomedical research enterprise by adopting a systematic, evidence‑driven, science of science 

approach to understanding how its actions and policies shape scientific behavior and outcomes. 

By applying a causal‑chain framework, investing in robust data infrastructure, and embedding 

continuous learning across its programs, NIH can more effectively evaluate the impact of its 

decisions at-scale and adapt its strategies to maximize scientific progress and public health 

benefit. The recommendations presented here offer a diversity of options and pathways for NIH 

to build a roadmap for continuing excellence and success. Though beyond the scope of this 

Working Group’s charge, it is important to note that NIH would benefit from piloting alternative 

approaches and assure that the results of the proposed approaches in these recommendations be 

used to improve upon NIH programs, policies, and operations. If so, the Working Group believes 

that these actions will allow NIH not only to steward biomedical research more effectively, but 
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also to accelerate discovery, enhance transparency and rigor, and ensure that the Nation’s 

biomedical research investments achieve their greatest possible impact on human health.   

 

Undertaking any of these recommendations will take strategic commitments of time and funding.  

The Working Group does not advocate funding of its recommendations by assessing a 

proportional "tax" or set-aside against existing ICO budgets. While such mechanisms have 

occasionally been used at NIH, the current fiscal environment characterized by sustained 

pressure on discretionary spending and flat or declining appropriations in real terms means that 

any mandatory assessment would come directly at the expense of investigator-initiated research. 

The Working Group's credibility depends on proposing solutions that strengthen the overall 

enterprise, not ones that pit NIH-wide priorities against the scientific communities that individual 

ICOs serve. 

 

Instead, the Working Group suggests a dedicated, line-item funding through the NIH Office of 

the Director's budget. The selection of topics and themes to be funded under these initiatives 

must follow a rigorous, transparent, and reproducible process, grounded in systematic review of 

the scientific literature, identification of critical knowledge gaps, and expert input from 

credentialed scientists with relevant domain expertise. This process should be explicitly and 

vigorously protected from distortion by political considerations and institutional conflicts of 

interest. Conscious and unconscious bias in priority-setting, including the tendency to favor 

fashionable research areas, well-networked investigators, or institutional incumbents over 

genuinely high-impact but underexplored questions, must likewise be actively identified and 

mitigated through structured decision-making frameworks and diverse and balanced external 

advisory bodies selected based on scientific merit and objectivity. 

 

Finally, and perhaps most importantly, the Working Group recommends the establishment of a 

formal, recurring evaluation framework that operates at both the internal and external levels, on a 

defined and predictable schedule. Internally, NIH program officers and initiative leads should 

conduct structured annual reviews assessing whether science of science funded activities are on 

track to meet their stated objectives, whether the evidence base has shifted in ways that warrant 

course correction, and whether administrative processes are functioning efficiently and equitably. 

Externally, independent scientific advisory bodies composed of researchers, clinicians, and 

public health experts with no financial or institutional conflicts relative to the programs under 

review should conduct comprehensive evaluations at regular multi-year intervals, with findings 

made publicly available in full. These external reviews must be empowered to recommend 

reallocation, restructuring, or discontinuation of programs that are not demonstrably advancing 

decision-making at NIH.  

 

The authority and independence of these evaluative bodies must be protected by charter, and 

their findings must feed directly and transparently into subsequent funding decisions. Progress 

reports and assessments by internal and external advisory bodies should be reported back at 

regular intervals to the NIH Council of Councils. An NIH that holds itself to this standard of 

evidence-driven, bias-conscious, and continuously evaluated stewardship will not only make 

better use of public resources, but it will also model for the broader scientific community the 

integrity that the enterprise of human health research demands. When, as the largest funder of 

biomedical research in the world, NIH harnesses the full power of science by better 
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understanding the data and processes that fuel it, it will unlock discoveries that can cure disease, 

extend human life, and transform what is possible for generations to come. 

  



NIH Council of Councils Working Group on Science of Science | Final Report 

Final Report — August 20, 2026  Page 37 

Acknowledgements 

The Working Group is grateful to Dr. Kaye Husbands Fealing for reviewing and providing 

feedback on this report.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



NIH Council of Councils Working Group on Science of Science | Final Report 

Final Report — August 20, 2026  Page 38 

Glossary of Terms 

This glossary provides plain-language descriptions of technical terms and concepts used in the 

Working Group’s Science of Science report that may be unfamiliar to readers outside of 

economics and the social sciences. 

 

Adversarial Science Adversarial science is a method where scientists with opposing views 

work together to design and conduct studies, aiming to resolve disputes and enhance research 

rigor. This approach brings rivals together to agree on methods, fostering transparency and 

reducing confirmation bias. 

 

Causal-Chain Framework A structured way of thinking about cause and effect in a complex 

system. In this report, it refers to tracing how NIH policy decisions (inputs/levers) lead through a 

series of intermediate responses (mediators) to ultimately produce outcomes (scientific 

discoveries, health improvements). The framework insists on understanding not just whether 

something happened, but why and through what pathways, rather than simply correlating inputs 

with outputs. 

 

Counterfactual / Counterfactual Reasoning      In evaluation, a counterfactual is a hypothetical 

question, such as “What would have happened if the policy or intervention had NOT been put in 

place?” It is the comparison baseline needed to assess whether a policy truly caused an observed 

result. For example, if NIH-funded research produced 100 new drugs, the counterfactual would 

ask “how many of these drugs would have been developed without that funding?” Without 

counterfactual reasoning, it is impossible to know whether an outcome was caused by the policy 

or would have occurred anyway. 

 

Epistemic Narrowing / Paradigm Capture A situation in which a scientific field or review 

panel becomes intellectually dominated by a single framework, set of hypotheses, or 

methodology, crowding out alternative approaches. Paradigm capture specifically refers to a peer 

review study section becoming so entrenched in one theoretical model that proposals using 

different approaches are systematically disadvantaged, even if scientifically valid. At NIH, this 

can slow scientific progress by suppressing potentially transformative heterodox ideas. 

 

FAIR Data Principles A framework for data management and sharing that stands for: 

Findable, Accessible, Interoperable, and Reusable. 197 FAIR data principles are widely adopted in 

the scientific community to ensure that research data can be discovered by others, accessed under 

clear conditions, used across different systems and software, and reused for future research. NIH 

has increasingly required data sharing policies aligned with FAIR principles. 

 

Generalizability The degree to which findings from a specific study apply to other 

populations, settings, or conditions beyond those directly studied. A treatment that works in a 

clinical trial conducted in a specific hospital with a specific patient population may or may not 

generalize to the broader population. This is particularly relevant in biomedical research, where 

study populations have historically not been representative of all demographic groups. 

 

Heterodox Science Heterodox science refers to research that challenges or departs from the 

dominant theoretical framework in a field. Like the concept of adversarial science, a heterodox 
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approach is a deliberate strategy of funding competing research teams with opposing theoretical 

frameworks to test ideas more rigorously through constructive scientific disagreement. This 

concept aims to prevent groupthink and encourage exploration of alternative explanations. 

 

In Silico Review / Multi-Agent AI System Computer-based simulation of processes that would 

otherwise require human deliberation. An in silico review committee would be an AI system 

trained on historical grant data to mimic the decisions of human peer review panels, allowing 

researchers to test how different funding rules would perform without disrupting the live grant 

system. Multi-agent means that the AI system would include multiple interacting components, 

analogous to multiple reviewers on a traditional review group panel. 

 

Large Language Model (LLM) / Token Costs  Large language models (LLMs) are AI 

systems trained on vast amounts of text that can read, summarize, classify, and generate 

language at high capability. Accessing these systems via an API (application programming 

interface) typically incurs costs based on 'tokens’, meaning the number of words or word-pieces 

processed. At the scale of analyzing millions of scientific papers or grant applications, these 

token costs become a significant financial constraint on research. 

 

Living Systematic Review (LSR) / Evidence Synthesis A systematic review is a rigorous, 

structured summary of all available evidence on a research question. A living systematic review 

is continuously updated as new studies are published, in contrast to traditional static reviews that 

quickly become outdated. Evidence synthesis is the broader practice of combining findings from 

multiple studies to arrive at more reliable conclusions than any single study can provide. 

 

Marginal Productivity Economic concepts describing how the value of additional 

investment changes as the amount invested increases. Marginal productivity refers to the 

additional output gained from one more unit of investment. Diminishing returns describes the 

phenomenon where each additional dollar (or grant) produces less benefit than the previous one. 

This concept is relevant to debates about whether concentrating multiple large grants in a single 

laboratory is optimal. 

 

Metadata / Metadata Set Data that describes other data. In research contexts, metadata 

includes structured information about a study's design, methods, sample characteristics, data 

sources, and outcomes rather than the underlying data itself. A core metadata set for 

reproducibility would be a standardized set of fields that all funded studies must report, enabling 

systematic comparisons across research and automated monitoring of research quality. 

 

Modern Portfolio Theory A framework from financial economics showing that a diversified 

portfolio of investments with varying risk and return profiles can achieve better outcomes than 

concentrating resources in the highest-expected-return opportunities alone. Applied to research 

funding, it suggests that NIH should support a diverse mix of research approaches and risk 

levels, including some speculative, high-risk/high-reward projects, rather than concentrating only 

on the safest or most conventional science. 

 

Natural Language Processing  A branch of artificial intelligence that enables computers to 

understand, interpret, and generate human language text. In the science of science context, 
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natural language processing tools can analyze grant applications, scientific papers, and reviewer 

comments at large scale, identifying topics, measuring novelty, detecting intellectual similarity 

across proposals, and extracting structured information from unstructured text. 

 

Network Analysis / Citation Network / Co-Authorship Network Mathematical methods for 

studying the structure of relationships among interconnected entities. A citation network maps 

how papers cite one another, revealing intellectual lineages and the spread of ideas. A co-

authorship network maps collaborations among researchers. Clustering coefficients measure how 

tightly interconnected a group is. For example, high clustering in a study section's reviewers 

could signal intellectual insularity or paradigm capture. 

 

Out-of-Order Funding When an NIH Institute, Center, or Office (ICO) funds a grant application 

that did not achieve a sufficiently high priority score to be within the normal payline prior to the 

2026 policy relative to its peer review ranking. This discretion allows institutes to pursue specific 

programmatic priorities but requires transparency and justification to prevent arbitrary or opaque 

decision-making. 

 

Person-Centered Data Infrastructure Data systems organized around individual researchers, 

tracking the people who conduct science, their roles, career trajectories, training, collaborations, 

and economic contributions, rather than focusing solely on grants or publications. This approach 

enables a more complete picture of how NIH investments shape the scientific workforce over 

time. 

 

Portfolio Optimization / Portfolio Analysis Applying concepts from financial investment 

portfolio management to the allocation of research funding. A financial portfolio should be 

diversified across assets of different risk and return profiles. Adapting this principle to scientific 

investment, a research portfolio should balance investments across different scientific questions, 

methodologies, and risk levels. Portfolio correlation analysis would thus examine whether 

funded projects are too similar to one another, which might reduce the portfolio's overall value 

relative to its cost. 

 

Preregistration The practice of publicly registering a study's hypotheses, methods, and analysis 

plan before data collection begins. Preregistration makes it possible to distinguish confirmatory 

findings (testing a hypothesis stated in advance) from exploratory findings (patterns discovered 

after the fact). It reduces 'p-hacking,' selective reporting, and publication bias which have been 

associated with the reproducibility crisis in science. 

 

Quasi-Experimental Design / Quasi-Experiments Research methods that approximate a true 

controlled experiment without randomly assigning subjects to groups. Because it is often 

ethically or practically impossible to randomly assign who receives research funding, scientists 

instead seek to exploit plausibly exogenous natural variations, such as comparing researchers 

who scored just above or just below a funding cutoff, to estimate the causal effect of a policy. 

These simple 'natural experiments' potentially allow researchers to draw more precise causal 

conclusions than simple observational comparisons. The downsides of such quasi-experimental 

analyses include: 1) the obtained estimates are local in nature (i.e. the estimates are only 

applicable to a very limited types of individuals such as those likely to score near the cutoff), 2) 
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the estimates do not reveal what happens if policy is adopted on a larger scale (i.e. the estimates 

ignore so called general equilibrium effects), and 3) the incentive to focus on less important 

research questions due to unavailability of plausible exogenous variation for studies on the most 

important questions (such as impact of large research funding shocks on health, or effect of 

country-wide school closures on health outcomes). 

 

Reproducibility vs. Replicability Related but distinct concepts central to scientific rigor. 

Reproducibility is the ability of independent researchers to test a hypothesis through multiple 

methods and consistently achieve results that confirm or refute it, ensuring findings are 

generalizable and robust across different approaches. Replicability is the ability to perform the 

same experiment or study using the same methods and conditions to achieve the same result. The 

reproducibility crisis refers to the widely documented finding that many published scientific 

results fail to hold up when re-tested, raising concerns about publication bias, p-hacking, and 

inadequate methods reporting. 

 

Science of Science (SoS) / Metascience The systematic, empirical study of how science itself 

works, examining how scientific research is organized, funded, conducted, and evaluated in 

order to improve its efficiency and impact. 198  199  Just as scientists study diseases or materials, 

metascientists study the scientific enterprise as a system. It draws on economics, sociology, 

computer science, and data analytics to understand what makes research productive and how 

funding policies shape scientific progress. 

 

Theory of Change An explicit, testable statement of the logic behind a policy or program,  

describing what it is intended to achieve, what assumptions underlie it, and through what specific 

pathway it is expected to produce its intended effects. It is a roadmap from “here is what we are 

doing” to “here is why we believe it will work”. Making theories of change explicit allows them 

to be tested, refined, and compared. 
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Acronyms (Alphabetized) 

• AI — Artificial Intelligence 

• DPCPSI — Division of Program Coordination, Planning, and Strategic Initiatives 

• FAIR — Findable, Accessible, Interoperable, and Reusable 

• ICO — Institute, Center, or Office 

• LLM — Large Language Model 

• LSR — Living Systematic Review 

• MeSH — Medical Subject Headings 

• NIGMS — National Institute of General Medical Sciences 

• NIH — National Institutes of Health 

• NSF — National Science Foundation 

• RePORTER — Research Portfolio Online Reporting Tools Expenditures and Results 

• SoS — Science of Science 

• SoS: BIO — Science of Science Approach to Analyzing and Innovating the Biomedical Research 

Enterprise 

• STEM — Science, Technology, Engineering, and Mathematics 

• UMETRICS — Universities: Measuring the Impacts of Research on Innovation, 

Competitiveness, and Science 

• USPTO  — U.S. Patent and Trademark Office 

• WG — Working Group 
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Working Group Charge and Roster 

Introduction 

As the largest public funder of biomedical research in the world, NIH is the driving force behind 

decades of advances that have expanded scientific knowledge and improved health. As stewards 

of public funds, NIH continues to seek new ways to engage the research community, including 

science of science, which applies rigorous and empirical analysis to study how science is done, 

to help us understand the impacts of NIH policies and programs. NIH has a long history of 

engaging with researchers to generate evidence to inform improvements to its programs, policies, 

and processes. This includes making a wide array of grants-related data and statistics publicly 

available through the NIH Research Portfolio Online Reporting Tools (RePORT) website and 

providing outside researchers access to NIH administrative data. NIH also supports research to 

strengthen NIH decision making through the NIGMS Science of Science Approach to Analyzing 

and Innovating the Biomedical Research Enterprise Program. Recently, the Office of Extramural 

Research and the Office of Evaluation, Performance, and Reporting launched a pilot NIH 

Science of Science Scholars Program that will pair science of science researchers with NIH staff 

to conduct in-depth analyses on NIH processes, programs and outcomes of NIH-supported 

research. In light of these efforts and other advancements in biomedical research, NIH is seeking 

continual improvement in generating evidence to inform its work and to drive more discoveries 

to improve health.  

Charge 

To maximize NIH’s use of evidence in decision-making, DPCPSI is seeking advice from experts 

to identify scientific areas with the greatest potential for improving upon NIH’s programs, 

policies, and operations. Specifically, the Council of Councils Working Group on Science of 

Science is charged with:  

 

1. Reviewing the efforts that NIH has undertaken to generate evidence about its programs, 

policies, and processes. 

2. Identifying significant gaps in knowledge where leveraging science of science and related 

research may better influence NIH decision-making. 

3. Providing recommendations on potential approaches that NIH could consider to enhance its 

use of the science of science and ensuing results. 

4. Providing recommendations for how NIH can engage the science of science research 

community and communicate results of science of science research. 

 

 

 

 

 

 

https://report.nih.gov/
http://www.nigms.nih.gov/Research/specificareas/Pages/Science-of-Science-Policy-Approach-to-Analyzing-and-Innovating-the-Biomedical-Research-Enterprise-(SCISIPBIO).aspx
http://www.nigms.nih.gov/Research/specificareas/Pages/Science-of-Science-Policy-Approach-to-Analyzing-and-Innovating-the-Biomedical-Research-Enterprise-(SCISIPBIO).aspx
https://grants.nih.gov/aboutoer
https://grants.nih.gov/aboutoer
https://dpcpsi.nih.gov/oepr/index
https://dpcpsi.nih.gov/oepr/pilot-nih-science-science-scholars-program
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Marina Volkov, PhD 
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Office of the Director  

National Institutes of Health 

 

Executive Secretary 

Ira Kuhn, PhD 

Science Advisor to the Director 

Office of Evaluation, Performance, and Reporting 

Division of Program Coordination, Planning, and Strategic Initiatives  

Office of the Director  

National Institutes of Health 

 

Working Group Members 

Pierre Azoulay, PhD 
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Massachusetts Institute of Technology 

 

Maryann Feldman, PhD 

Watts Professor of Public Policy and Management 
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Professor 

School of Public Affairs 

Research Director 
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Arizona State University 

 

Monica Gandhi MD, MPH 

Director, UCSF-Bay Area Center for AIDS Research  

Professor of Medicine and Associate Chief 

Division of HIV, Infectious Diseases, and Global Medicine 
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https://physicians.ucdavis.edu/details/21942/kevin-lloyd-cancer-genetics
https://dpcpsi.nih.gov/oepr/directors-bio
https://mitsloan.mit.edu/faculty/directory/pierre-azoulay
https://search.asu.edu/profile/4215976
https://medicine.ucsf.edu/people/monica-gandhi
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Daniel Goroff, PhD  

Vice President and Program Director 

Alfred P. Sloan Foundation 

 

Karen C. Johnston, MD, MSc  

Harrison Distinguished Professor of Neurology, Department of Neurology  

Associate Vice President for Clinical & Translational Research  

Office of the Vice President for Research  

University of Virginia 

 

Julia Lane, PhD 

Professor Emerita 

Wagner Graduate School of Public Service 

Provostial Fellow for Innovation Analytics 

New York University Wagner 

 

Jennifer J. Manly, PhD 

Professor of Neuropsychology 
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Department of Neurology  

Columbia University Irving Medical Center 

 

Brian Nosek, PhD 

Co-Founder and Executive Director 

Center for Open Science 

Professor 

University of Virginia 

 

Mikko Packalen, PhD 

Associate Professor  

Department of Economics  

University of Waterloo 

 

Bhaven Sampat, PhD 

Professor 
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Dashun Wang, PhD 
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Professor of Management & Organizations 
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https://sloan.org/about/staff/daniel-l-goroff
https://med.virginia.edu/faculty/faculty-listing/kj4v/
https://wagner.nyu.edu/community/faculty/julia-lane
https://www.neurology.columbia.edu/profile/jennifer-j-manly-phd
https://www.cos.io/team/brian-nosek
https://uwaterloo.ca/economics/profiles/mikko-packalen
https://carey.jhu.edu/faculty/bhaven-sampat-phd
https://www.kellogg.northwestern.edu/faculty/directory/wang_dashun/
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https://ifp.org/author/caleb-watney/
https://economics.osu.edu/people/weinberg.27
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