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Abstract

The economic case for publicly funding science hinges on the commercial value its
new knowledge creates through technological inventions. Yet we only have a bird’s-
eye view of which funded science creates this value, how much it is worth, to whom,
and in which time frame. We measure the commercial value of science one scientific
publication at a time, attributing the market value of patented inventions backward
through a citation network of 521.3 million papers and patents, projecting each pub-
lication’s spillover over thirty years, and attaching it to the grants that paid for
the research. Per funding dollar, NSF grants return $20.18 of global technological
spillover against $8.60 for the NIH; most of the value is created by indirect links,
and more than half is realized on inventions made abroad. Applied to the 2,241 NIH
and NSF grants terminated in 2025, every dollar of terminated grant funding forgoes
$8.69 of spillover over thirty years, $5.61 in present value. The payoff arrives slowly:
a research dollar does not break even for 9.8 years, beyond a typical legislative win-
dow. Among the countries that would have shared in the spillover, China loses the
most: $2.46 of commercial value for every dollar of US grant funding cut, against
$0.76 for the EU-27.
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I. Introduction

Scientific research is a central input into technological progress, and the case for funding it
publicly rests on the economic spillovers it creates for the rest of the economy. Part of these
spillovers take the form of commercial value embodied in new inventions: the private value
patent holders appropriate from the science they build on. In the aggregate that case is well
established: because knowledge spills over, private actors appropriate only part of what their
discoveries create and so underinvest (Nelson, 1959; Arrow, 1962; Griliches, 1979), and invest-
ments in science generate productivity growth and welfare gains that substantially exceed their
private returns (Mansfield, 1991; Hall et al., 2010; Jones and Summers, 2022). What these
aggregate rates of return do not show is how the value is created — which funded scientific dis-
coveries become valuable inventions, over what horizon the spillovers unfold, and who captures
the resulting benefits. This paper measures that value directly, one publication and one grant
at a time, and applies the measure to the commercial value lost by the 2025 US science-funding
cuts.

Under fiscal pressure and rising demands for accountability, governments are cutting science
budgets and asking harder questions about what they buy. At the same time, policymakers face
growing pressure to direct science toward the areas where the returns to society are highest —
which presupposes knowing where and how those returns are realized. Underlying both is an
erosion of public trust in science. This is illustrated most eminently by the United States —
the largest scientific power in the world — which beginning in 2025 terminated thousands of
federally funded research grants.! Together these pressures have strengthened calls for evidence
on how much commercial value is lost when science funding is cut, and on when and where
those losses materialize.

Rather than asking how much value the average research dollar creates, we ask how funded
scientific knowledge travels through the innovation system, who turns science into patented
invention, and how much commercial value is created along the way, and by whom. We define
and measure commercial value, throughout, by the private market value of the inventions that

build on the science.

!The terminations implemented a series of executive orders directing agencies to defund research related to
diversity, equity, and inclusion, “gender ideology,” and adjacent priorities (Executive Orders 14151, 14168, and
14173; 90 Fed. Reg. 8339, 8615, and 8633). Grants were flagged by screening their text for terms associated with
the targeted topics — a mechanism the NIH Director acknowledged under oath before the Senate Appropriations
Committee in June 2025, and that a federal district court found “arbitrary and capricious” in American Public
Health Association v. NIH (D. Mass., June 2025); the Supreme Court stayed the part of that ruling ordering
the terminated funds restored in August 2025. The parallel FY2026 proposals to cut the two agencies’ budgets
outright were largely rejected in the appropriations process. This paper prices the terminations, which happened,
not the proposed budget cuts, which mostly did not.



To do so we use a bottom-up framework that reconstructs the knowledge network link-
ing scientific publications to patented inventions through citations: paper-to-paper, patent-to-
patent and patent-to-paper. The citation network contains 521.3 million nodes, made up of
452.1 million OpenAlex works and 69.2 million valued patent families, joined by 24.1 million
patent-to-paper links from Reliance on Science (Marx and Fuegi, 2020, 2022) and 2.87 bil-
lion article-to-article links. Every patented invention is assigned a commercial value through
a model that uses its patent characteristics to predict the stock-market valuation of patents
granted to US listed firms (Kogan et al., 2017; Guillard et al., 2021). This approach allows
extrapolating commercial values to the worldwide collection of patented inventions. A share
o of each document’s value is credited to the prior art it cites and split across its references,
so value propagates backward along citations and halves at each hop. Our recursive algorithm
thus assigns a decayed portion of the commercial value of each downstream invention that links
to it directly or indirectly. The sum of these values is an article’s commercial value, i.e., its
Science Rank (Martin et al., 2026). Any article’s commercial value can be decomposed by the
geography and timing of the patented invention, allowing us to trace where and with which
lag science translates into commercial value. Finally, by linking each paper to the grants that
funded it, we derive an approximation for the return on science-funding investment.

We start by documenting three facts about the commercial value of science. First, the value
of science is extremely concentrated: the top percentile of articles holds 82.9% of the realized
total. Second, a large portion of the value is assigned to science through indirect knowledge
spillovers. Just 38.8% of the value arrives through a direct patent-to-paper citation, and the
remaining 61.2% travels through chains of intervening papers or patents. Third, spillovers from
science arrive slowly: half of an article’s thirty-year commercial value is realized only after 18
years.

This slow arrival means that a record ending in 2022 captures only a fraction of what
recently published science will earn: only 34% of an article’s thirty-year spillover has arrived by
age ten. We therefore project every article to age thirty with a gradient-boosted Tweedie model
— a machine-learning regression suited to an outcome that is zero for most units and heavy-
tailed among the rest — fitted only on what was knowable at each point in an article’s life: its
spillovers and citations so far, the patent-uptake trajectory of its field, its novelty (Uzzi et al.,
2013; Wang et al., 2017), and its authorship. Over their first thirty years, we project the 189.0
million articles and reviews published since 1985 at $96.8 trillion. We validate the projection
out of sample, refitting it as of past cutoffs and scoring it against what had materialized by

2022: it ranks science well but under-predicts levels, so we treat every projected level as a floor.



To turn value into a return we link 29.2 million grant-to-paper edges from Dimensions (a
bibliometric and research-grants database) and OpenAlex, and divide a grant’s projected thirty-
year spillover by the money that produced it. Per funding dollar, NSF grants return $20.18 of
global technological spillover against $8.60 for the NIH among grants that produced a linkable
paper. These return rates do not count grants with no linked papers, assuming incomplete
coverage rather than having zero output. When assuming these unlinked grants had actually
zero output, we get return rates of $9.81 for NSF and $7.48 for NIH. The NSF-NIH gap reflects
the cost of producing science rather than scientific merit at the paper-level: the NIH paper costs
about 2.50 times more. Computer science and Engineering lead the return rate ranking for the
NSF directorates; Biomedical Imaging and “General Medical” lead the NIH.

We price the 2,241 NIH and NSF grants terminated in 2025, drawn from Grant Witness.
The cuts did not fall on weak science: benchmarked against contemporary survivors in the
same field, the terminated investigators sit at the 47th percentile on prior productivity and the
40th on prior spillover. Because the terminated grants are too young to project directly — the
median began in 2023 — we match each to similar mature donor grants within agency, field
and funding band, and use their realized spillovers to stand in for what the terminated science
would have produced. We find that every dollar of terminated grant funding forgoes $8.69 of
global technological spillover over thirty years, $5.61 in present value at 3%. The fields cut
most often and the fields worth most are not the same: the three patent-proximate divisions
— biomedical, information and computing, and biological sciences — account for 70% of the
forgone value. The loss is also global: well more than half of what the terminations put at risk
would have accrued outside the United States. Innovations from inventors located in China,
not the United States would have captured the largest share: 28.3% against the United States’
23.7%, with the EU about a tenth.

Our contribution is twofold. Methodologically, we provide a micro-level framework for mea-
suring the commercial value of scientific knowledge by tracing the full chain: from scientific
production, through diffusion, into patented invention, and on to the commercial value those
inventions create. Most studies measure one link in that chain; the final step, from scientific
knowledge to future commercial value, is largely missing from the empirical literature. Substan-
tively, we quantify the economic cost of disrupting the production of science, using the 2025 US

cuts as the application, and add evidence on the patterns through which scientific discoveries



create commercial value across the economy. The framework can also be used as a tool for the
er ante evaluation of science- policy: rather than assessing a grant’s outcomes retrospectively,
it can estimate the long-term cost of budget cuts, of shifts in research priorities, and of changes
to funding-program design.

The next section places the paper in the literatures it speaks to, and Section III sets out our
empirical methodology and the data we use. Section IV then asks what the commercial value of
science is worth, how concentrated it is, how slowly it arrives, and whose invention leans on it.
Section V turns to the science that public money paid for: what a funded dollar returns, when
the return arrives, and how much of it lands abroad. Section VI prices the 2025 terminations

against that background.
II. Contribution to the Literature

The paper speaks to several literatures: the aggregate social returns to research and devel-
opment, the link from science to patented technology, the causal returns to public research
funding, the geography of who captures scientific spillovers, and the estimation of the economic
impact of the 2025 grant terminations themselves.

The aggregate social returns to R&D. A large literature estimates the return to research
from production functions and growth accounting, and concludes that this return is high and
exceeds the private return, because knowledge spills beyond the organization that pays for it
(Griliches, 1958, 1979, 1992; Mansfield et al., 1977; Hall et al., 2010). Bloom et al. (2013)
separate technology spillovers from product-market rivalry and put the marginal social return
to R&D at 55% against a private return of 21%; Lucking et al. (2019) find the ratio has, if
anything, risen since. Jones and Summers (2022) calculate that a dollar of R&D returns $13.3
in present value and argue it is difficult to construct an average return below $4. For public
R&D specifically, Fieldhouse and Mertens (2024, 2025) exploit appropriations shocks and recover
gross returns of 140-210% on US nondefense research, implying that government-funded R&D
accounts for roughly a fifth of postwar business-sector productivity growth. Gazzani et al.
(2026) find that government-funded but privately owned patents, though a small share of the
total, explain close to a fifth of medium-term fluctuations in total factor productivity, with
NIH- and NSF-funded innovations most strongly linked to subsequent productivity growth, and

Dyevre (2024) traces public-research spillovers into private-sector productivity growth.



This strand of literature uses macroeconomic methods and models to estimate the returns to
science and technology, but doesn’t shed light on which science produced the return (Hall et al.,
2010). To fill this gap, we propose a microeconomic assessment which allows a decomposition by
field, funder and region, and even at the grant level, by tracing each scientific paper’s individual
return.

From science to patented technology. That industrial invention rests on public science
is long established, from the qualitative accounts of Rosenberg (1990) through the citation
evidence of Narin et al. (1997), who find that 73% of the papers cited by US industry patents
are public science, and the survey evidence of Cohen et al. (2002), who find that the channels
running from public research into industrial R&D are papers and conferences rather than patents
and licenses. Patent-to-paper citation data have since made the link measurable at scale (Marx
and Fuegi, 2020, 2022; Bryan et al., 2020): Ahmadpoor and Jones (2017) show that 80% of cited
articles link forward to a future patent and that the typical linked pair stands 2 to 4 citation
degrees apart. Li et al. (2017) find that only about 8.4% of NIH grants yield a patent that
directly acknowledges them, while 31% yield a patent that cites a paper acknowledging them.
Fleming et al. (2019) document that up to 30% of US patents rest on federally funded research.
A subset of this work attaches value to the link, and how it measures that value matters for what
the estimates mean: Poege et al. (2019) proxy a patent’s value largely by the forward citations
it receives, checking the result against market-based measures, while Krieger et al. (2024) and
Arora et al. (2021) price patents directly from stock-market valuations in the manner we adopt
here. Poege et al. (2019) find that patents building on high-quality science are roughly twice as
valuable as those building on low-quality science; Krieger et al. (2024) interact patent market
values with citation distance and find patents one hop from science 26% more valuable; Arora
et al. (2021) estimate an 11% value premium on science-linked patents. Masclans et al. (2025)
take the further step of predicting a paper’s commercial potential ex ante from its text, and
Munari et al. (2022) trace European Research Council grants into the patents that cite them. In
all of it the dollars stay attached to the patent, graded by its distance from science. We instead
conserve those dollars and propagate them backward, so that every article receives an additive,
region- and year-resolved share of the downstream invention value it enabled — a share that
can then be attached to a grant. Our decomposition allow to estimate the share of the value

that is attributable to direct science-to-technology links versus indirect links.



Causal returns to public research funding. A quasi-experimental literature, surveyed
by Azoulay and Li (2020), identifies the effect of public funding on scientific and inventive
output. Jacob and Lefgren (2011b,a) exploit NIH funding rules; Azoulay et al. (2019) find that
$10 million of additional NIH funding yields 2.7 additional private-sector patents, and back
out roughly $2.3 of downstream pharmaceutical sales per public dollar; Li et al. (2017) trace
NIH grants into patents; Myers and Lanahan (2022) show that for every patent a Department
of Energy grantee produces, about three more are produced by others; Bergeaud et al. (2025)
find €0.81 of induced private R&D per public euro in French public-lab clusters; Moretti et al.
(2025) document crowd-in and international spillovers from defense R&D; and Babina et al.
(2023) study university funding shocks directly. Not all of it is optimistic — Kantor and
Whalley (2025) find no persistent productivity spillovers from Apollo-era contract R&D — and
the dispersion is itself informative. These designs recover the value of the marginal public dollar
in specific agencies, fields and empirical settings. Our object is the average funded dollar, for
science selected by topic rather than by a funder’s value ranking, spanning both agencies and
every field. The two turn out to be of the same order, and Section V.A sets them side by
side. That the average and the marginal should be close here is not a coincidence: within the
fundable range, peer-review scores barely predict what a grant will produce (Fang et al., 2016;
Pier et al., 2018; Li, 2017), and reviewers penalize exactly the risky proposals whose returns
are largest (Azoulay and Greenblatt, 2025; Veugelers et al., 2025). A funder that cannot rank
its winners cannot select far up the value distribution. So the marginal dollar earns close to
the portfolio average — which is why the terminated grants, selected on topic, fairly price the
typical funded dollar.

Who captures the value. Knowledge spillovers are geographically localized (Jaffe et al.,
1993; Audretsch and Feldman, 1996; Belenzon and Schankerman, 2013), though the localization
is weaker than first estimated (Thompson and Fox-Kean, 2005) and is mediated by people and
networks rather than by proximity as such (Agrawal et al., 2006; Kerr, 2008; Singh, 2005).
They also cross borders on a large scale: Coe and Helpman (1995) find that about a quarter of
the benefit of G7 research accrues to trading partners, Eaton and Kortum (1999) that research
performed abroad is roughly two-thirds as potent as domestic research, and Keller (2004) that for
most countries foreign sources account for the overwhelming majority of domestic productivity
growth, with spillover intensity halving at roughly 1,200 kilometers (Keller, 2002). On public
research specifically, Myers and Lanahan (2022) find that about 40% of the spillovers from



Department of Energy grants land outside the United States, and Moretti et al. (2025) document
that one country’s public R&D raises private R&D abroad. We find far more international
spillovers than the aggregate literature, possibly because our approach credits indirect spillovers
to a larger extent.

The 2025 terminations. A fast-growing literature intends to estimate the economic im-
pact of the the discontinuation of science funding, notably in relation to the recent science
policy changes in the United States. citetliu2025characterization characterize the terminated
NIH grants and the trials they disrupt; Oliveira et al. (2026) document their demographic
incidence on the same Grant Witness universe we use; Azoulay et al. (2025) ask what a his-
torically 40%-smaller NIH would have cost in drug approvals; Esposito (2026) trace citation
paths from NSF-funded papers to patents; and Azoulay et al. (2026) studies the response of
young scientists. A further set prices the withheld budget itself — Congressional Budget Office
(2025), Gonzalez et al. (2025) and United for Medical Research (2025) in drug counts or through
economic-activity multipliers. Cutler and Glaeser (2025) values a proposed NIH cut through
lost life expectancy, while Jalali and Hasgul (2025) and Hasgul et al. (2025) model the resulting
trade-offs and the lasting “aftershock” on a shrunken research pipeline, and the scientific press
chronicles the ongoing upheaval (Kozlov et al., 2026; Garisto and Lenharo, 2026; Garisto, 2026).
The literature on negative funding shocks more broadly establishes that funding disruptions re-
duce scientific output and distort its direction (Aghion et al., 2008; Freeman and Van Reenen,
2009; Stephan, 2012). Examples include he displacement of scientific talent (Moser et al., 2014;
Borjas and Doran, 2012; Doran et al., 2022; Ganguli, 2017), policy uncertainty (Baker et al.,
2016), and the chilling of US-China scientific ties (Jia et al., 2024). These studies investigate
the economic effects of past science funding disruptions; and for the ones focusing on the cur-
rent science funding cuts in the US, they are high-level estimates. Our approach looks at the
disrupted science at the grant level, which allow us to investigate where science is being cut and

what is the spillover impact on commercial inventions of this cuts at a more granular level.
III. Measurement framework and data

In this paper, first we develop a microeconomic framework to measure the commercial value of
science at the level of individual publications: we trace the market value of patented inventions
back to science through the citation network. Second, we aggregate this measure at the grant
level to estimate the commercial value derived from publicly funded science for two agencies,

the National Science Foundation (NSF) and the National Institutes of Health (NIH). Third, we



apply this methodology to quantify the commercial value lost due to the 2025 cuts to NSF and
NIH by estimating with a counterfactual analysis of the commercial value of the papers that
have not been published and the patents that haven’t been filed and granted due to lost science
funding.

To value science we need a dollar figure for the spillover a scientific article creates for
technologies, which represents the part of the private value of downstream patented inventions
that the article plausibly enabled. To that end, we define three metrics. The commercial value
of an invention (C'V},) represent the private value attached to a patented invention captured by
its owner, and we estimate this value from the characteristics of the patent. (Section A). The
commercial value of science (CV;) is the part of that value a scientific article article enabled,
and it should be understood as a spillover rather than as a return rate. We compute it by
propagating C'V,, backward along citations, following the Science Rank measure of Martin et al.
(2026) (Section B). The commercial value of funded science (C'V¢) restricts C'V; to the articles
linked to a grant and divides it by the grant’s funding, yielding a return per dollar of funding
(Section C). We now discuss each measure and its data sources in detail.

Importantly, we model the fact that science spillover take time to materialise, and estimate
the commercial value of scientific article over a third-years windows. This is crucial not only
to correctly model the value created by articles which are too young to have diffused entirely
through science and technology, but also to estimate the impact over time of the 2025 science
funding cuts. Then, the commercial value of cut science (CVsc) is the commercial value that

will not materialize because of the funding cuts.
A.  The commercial value of an invention (C'V),)

Only a patented invention earns a private return on the knowledge it embodies. A scientific
article does not create commercial value per itself: its commercial value reaches it as a spillover
from the inventions built on it. The unit of observation for C'V,, is the patent family, the set
of filings protecting one invention. Patented invention is also the only channel from science
to commercial value that we can measure: value arriving through regulatory guidance, clinical
practice, or the training of people goes uncounted. Quantifying these channels is an important
avenue for other work.

Following Guillard et al. (2021), we predict an invention’s value from four characteristics:
filing year, technology classes, patent family size, and number of claims. The calibration comes
from Kogan et al. (2017), who infer a patent’s private value from the patenting firm’s abnormal

stock return in the three days around the news of the patent grant, scaled by the firm’s market



capitalization, across 3.42 million US patents in constant 2010 dollars. This market value is
observed only for patents held by firms listed on a US exchange (2.9% of the world’s patent
families) so it serves as a training sample rather than as the measure itself. We group families
into cells defined by the four characteristics and assign each family the mean market value of
its cell, coarsening cells until each holds at least ten observed values.? Every family receives the
fitted value, including those whose market reaction we observe. This estimation procedure re-
duces the noisiness of Kogan values: a three-day abnormal return carries the value of the patent
plus everything else the market learned that week, but projecting onto patent characteristics
discards the part that has nothing to do with the patent.

We hold 50,000 valued families out of the fit and compare the value we assign with the
value the market paid (Figure 1). The rank correlation is 0.444, deciles of assigned value are
monotone in realized value, and the assignment is unbiased in the mean: $28.34 million realized
against $28.49 million assigned. A tighter family-level fit is not to be expected: a grant-window
return measures average value accurately for a group of patents but noisily for any individual
one, which is why Guillard et al. (2021) require ten observations per cell. This accuracy is
sufficient for our purposes, because we sum and average CV,, over large sets of patents and

never interpret a single family’s value.?

When a cell holds fewer than ten observed values, we coarsen the filing year first, then the technology class,
and finally drop the claim count and the class rather than leave a family unvalued; a family in several classes
takes the mean across them. Two kinds of family are zero by construction. Utility models (which is a lesser,
largely unexamined patent right, 23.3 million of which fall in our window, the overwhelming majority Chinese)
receive zero because the calibration sample contains none. Applications never granted receive their fitted value
multiplied by the year-specific probability that a pending application is eventually granted, set to zero for filing
years before 2004.

3The fitted values are more centrally distributed than the market values they are trained on: their standard
deviation is 0.35 times that of the observed values. Further validation is required to establish whether this reflects
our measure not picking up all of the heterogeneity in patent value, or the Kogan et al. (2017) method inflating
the variance with news unrelated to the patent.
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Figure 1: What the commercial value of an invention is fitted on, and how well it fits

(a) hold-out fit (n=50,000)
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Notes: Panel (a) plots the value we assign against the market value Kogan et al. (2017) observe, for 50,000 patent
families held out of the fit. Panel (b) bins the held-out families by decile of assigned value and plots the mean
realized value in each: the fit orders deciles correctly. Read the two together: the assignment is unbiased in the
mean ($28.34M realized against $28.49M assigned) and correctly ordered, but it is a cell mean, so it compresses
the tail and sits above the median of its cell. It is a summary of a group of patents, not an estimate of one
patent’s worth. Source: authors’ calculations; market values from Kogan et al. (2017).

We locate each family’s value geographically on two bases: the inventor basis, which records
where the technology is developed, and the assignee basis, which records where its value is
owned. On each basis, we split the family’s value equally across its distinct countries and map
the countries to seven recipient regions: the United States, the EU-27, the United Kingdom,
China, Japan, South Korea, and the rest of the world. Families with no resolvable country
form an explicit unattributed category rather than being added to the rest of the world. These
families are disproportionately low-value: they make up 37.6% of families but only 23.4% of

value.
B.  The commercial value of science (CVy)

We build a science and technology citation network comprising both academic publications and
patents. The scientific side comes from OpenAlex (Priem et al., 2022): 452.1 million works
linked by 2.87 billion article-to-article citations. We use 189.0 million articles and reviews
published between and 1985-2022, however we allow value to travel through out-of-sample
documents as long as there are citation links. The technology side comes from PATSTAT, the
European Patent Office’s worldwide patent statistical database (autumn 2025 edition): 69.2
million families with filing years 1985-2022, linked by 220.2 million family-to-family citations.
Reliance on Science (Marx and Fuegi, 2020) joins the two sides by matching the references

on patents’ front pages to bibliographic records. We keep links scoring at least four on its
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confidence scale, the operating point Marx and Fuegi (2020) recommend (precision above 99%
at roughly 88% recall), giving 24.1 million patent-to-paper links. The full network contains
521.3 million nodes and 3.12 billion edges. Papers are 86.7% of the nodes but account for 92%
of the edges: the scientific side of the network is the denser one, a paper citing nearly twice as
many documents as a patent family does.

A crucial design choice in our methodology is how to attribute the commercial value of
patented inventions back to the documents it builds on, and how to distribute it across differ-
ent cited documents. The attribution rule follows Martin et al. (2026), who derive it from a
production function for the value of a patented invention with two inputs: the inventor’s own
R&D, and the stock of public knowledge the invention draws on, approximated by the patents
and papers it cites. The spillover a document creates, that is, the share of the invention’s value
that the document accounts for is the derivative of this function with respect to the stock.
Because the papers in the stock are themselves produced this way, solving the recursion writes
the spillover of every node in the network as a function of the structure of the network, the
private value of each node lying downstream of it, and the elasticity of an invention’s value with
respect to its knowledge stock. We take the knowledge stock of an invention or article j to be
the n; documents it cites, weighted equally, so that each is credited a share o/n; of j’s value.
We set o, the elasticity of value with respect to that stock, to 0.5, so that value halves at every
citation hop. The calibration follows Aghion et al. (2016), whose estimates for the car industry
put the elasticities of innovation value with respect to own R&D and with respect to external
knowledge at similar magnitudes, implying equal weight. The evidence is from one industry
and we apply it to all of them, so ¢ is a calibration and not an estimate. This design choice
affects magnitudes but not the relative values: across a grid of ¢ the dollar levels we report,
the rates of return included, move by more than an order of magnitude, while the ranking the
measure induces across articles is close to invariant (Guillard et al., 2021).

We attribute values to the nodes of the network recursively. We collect the patent values in
a vector C'V}, and define the backward-citation matrix M, with M;; = 1/n; when j cites i and
zero otherwise. The commercial value of science — an article’s Science Rank — is the decayed,

citation-weighted sum of all private value downstream of it:

cv, = Y (eM)t OV, (1)
k>1
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where k indexes citation hops: at k = 1 a patent cites the article, at £ > 1 a chain of citations
leads back to it. Because our sample is limited to article and reviews between 1985 and 2022,
value leaks at every hop, because n; counts every reference j makes, including the 4.3% that
fall outside our network.

Crediting each of j’s references the same o/n; says that a document owes as much to any
one of them as to another. We admit this is a strong assumption. One way of relaxing this
assumption is to use textual similarity measures to weight citations, an extention we plan to
incorporate in future work.

The k > 1 terms separate Science Rank from citation-distance measures (Ahmadpoor and
Jones, 2017; Poege et al., 2019; Krieger et al., 2024): basic science that patents rarely cite
directly, but that applied science builds on, still accumulates commercial value. Benchmarked
against scientific prizes, Science Rank ranks such upstream science far better than direct patent-
to-paper citation counts do (Martin et al., 2026).

We build on Martin et al. (2026) closely, but extend it in four ways. First, we rebuild the
network on a February 2026 OpenAlex snapshot, keeping every document type — 452.1 million
works and 2.87 billion article-to-article edges, against the October 2024, article-only network
of roughly 159 million works in the original and push the citing window from 2018 to 2022,
which matters because the terminated grants are young. Second, where they attribute one
global dollar figure to each article, we resolve each article’s spillover by recipient region, priority
year and basis, the partition that makes the incidence of a cut, and its time profile, observable.
Third, where they report cumulative realized spillover through the end of their citing window
and flag the resulting truncation as a limitation, we project every article to age thirty and
validate the projection out of sample, without which grants awarded in the last five years could
not be priced. Last, we supply a denominator: Martin et al. (2026) attribute value to science
but never link that science to the money that paid for it, so no rate of return follows from
their measure. The NSF-versus-NIH comparison, the return on a funded dollar, and the setting
of foregone spillover against budget withheld all depend on that link. Appendix A describes

Science Rank in more detail and compares it to its closest antecedents.
C.  The commercial value of funded science (CVsy)

We complement our measure of the commercial value of science (CVf) by comparing it with the
public funding received. Constructing C'V;s takes two inputs: what each grant paid, and which
articles it paid for. The amounts come from Dimensions, which records the lifetime award of a

US federal grant rather than its annual obligation. We take that lifetime award as the grant’s
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cost and deflate it to constant 2010 dollars, matching the patent-value calibration. The articles
come from two sources: an article names the grants that supported it in its acknowledgements,
which Dimensions indexes, and funders report their own outputs, which OpenAlex records. The
union of the two gives 29.2 million grant-to-article edges. A grant’s return is then the thirty-year
commercial value of the science it produced, divided by its lifetime award. Where an article
names several grants, we split its value equally across them.

We collect additional data from Dimensions and OpenAlex, including their age, their Prin-
cipal Investigators (PIs) and field classifications. Of the 189.0 million articles and reviews
published between 1985 and 2022, 6.5% name a grant we can trace, and those articles account
for 35.3% of the commercial value we attribute to science over a thirty-year horizon (Section
D). Coverage is far from complete, and its gaps are not random. Grant acknowledgements are
barely indexed before 2000 and outside the funders whose awards are systematically recorded,
and the share of grants with a traceable article climbs from 36% for the 1990 cohort to 75% for
2010. Appendix Table A7 and Appendix Figure A6 show what this coverage does to a naive
comparison of grant-linked with unlinked science: the gap between the two tracks the spread of
acknowledgement indexing rather than any change in funding, so we do not read it as a return
to funding.

Because a grant with no traceable article is not necessarily a grant that produced nothing,
we report every rate two ways: treating unlinked grants as zeros and dropping them. The two
can differ by at most 16.3%.%

A second issue is what counts as a grant. Our panel covers every funder Dimensions records,
and outside the NIH and the NSF it is dominated by award vehicles our acknowledgement-based
linkage cannot see: Department of Energy laboratory contracts, the European Commission,
national research ministries, and private foundations, which are large, few, and rarely tied to
their outputs by an acknowledgement. An aggregate over all of them measures that composition
rather than the return to a research dollar: it more than doubles depending on how the largest
awards are treated, while within either of our two agencies it moves by a quarter to a third,
because there the large awards are linked about as well as the small ones. We therefore do not
report a single global rate of return. We report rates within funders, and we restrict granters
in this paper to two research agencies most affected by the 2025 US Science funding cuts, the

NIH’s and the NSF’s.

4Unlinked grants make up 26.9% of the mature donor pool by count but only 14.0% by dollars, since linkage
rises with award size; scoring them as zeros biases rates downward (treating unobserved spillover as no output),
while dropping them biases rates upward (if funded grants are also more likely to be acknowledged), so we report
both and let the reader see the bound.
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D. Projecting over thirty years

So far our measures capture the commercial value an article has generated through 2022, which
makes a young article and an old one incomparable: the science in a 1990 article has had three
decades for inventors to build on, that in a 2018 article almost none, and half of an article’s
thirty-year spillover arrives only after 18 years. To compare them, we put every article on a
common thirty-year clock and predict, for each one, how much commercial value it will have
generated by the time its science is thirty years old. We fit that prediction on the articles old
enough to be observed for a full thirty years, reading off how their commercial value accumulates
with age and letting the profile depend on what could be seen early in an article’s life: the
spillovers and citations it had drawn so far, how quickly its field turns into patents, how novel
it was (Uzzi et al., 2013; Wang et al., 2017), and who wrote it. An article younger than thirty
is projected forward along the fitted profile; one already past thirty keeps its age-thirty value,
and whatever it earned later is set aside. To check the exercise, we run it in the past: we return
the model to a series of earlier years, give it only what would have been known at each date,
have it forecast each article’s spillover, and compare the forecast with the value the article had
in fact generated by 2022.

The test tells us three things. The model is very good at telling apart the articles that will
eventually have commercial value from those that never will: shown one of each, it ranks them
in the right order more than nine times in ten (0.91-0.95). It is reasonably good at judging
how large that value will be, ordering articles by their eventual value loosely rather than closely
(a rank correlation of 0.71-0.74). Its levels are biased low: run in the past, it falls 3-35%
short of the value that actually materialized, and short by more for the youngest articles — the
vintage the terminated grants occupy. We therefore read every projected total in this paper as
a conservative floor, and we use the model only for sums over many grants, never to value a
single article.

Projected this way, the 189.0 million articles and reviews published between 1985 and 2022
generate $96.8 trillion of commercial value over their first thirty years, against the $39.4 trillion
the same articles had realized by 2022. Most of the commercial value this body of research will
create has yet to arrive.

Appendix B sets out the prediction panel, the model, and the out-of-sample validation in

full.
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IV. Results on the commercial value of science

The commercial value of science is large. For the 189.0 million research articles and reviews
published between 1985 and 2022, those articles had realized $39.4 trillion of commercial value
by 2022, and we project them at $96.8 trillion over their first thirty years, which means that
what this body of science will be worth to invention has still to arrive.

These magnitudes pass a basic sanity check. Cumulative world output over the same 1985—
2022 window was about $2,008 trillion in constant 2010 dollars, so the $39.4 trillion science had
realized is about 1.96% of it, which is close to one dollar for every dollar of the roughly $41.9
trillion the world spent on research and development over the period.” The level itself is an
order of magnitude: it scales with the citation-decay parameter o, running from $4.7 trillion to
$299 trillion across the range we consider (Section B).

Two limits apply to every figure that follows. We price only the commercial value that
runs through patented invention, leaving out the non-patented and uncommercialized uses of
science, and we price only its private, appropriable part read via the stock-market value of the
patenting firms, a producer’s return that excludes consumer surplus and other benefits such as
the health, longevity, clinical and human-capital benefits of research. Except for the thirty-year
projection above, every number in this section is commercial value realized through 2022, read
off the citation network as it stands rather than projected forward. Three properties of that
value organize the rest of the section: it is extremely concentrated in a few articles, it arrives

only after decades, and it flows back to the invention of some countries far more than to others’.
A. The commercial value of science is very concentrated

Commercial value is extremely concentrated in a few articles. Measured on the value realized
through 2022, only 22.2% of articles lead to any commercial value at all, and the top percentile
of articles holds 82.9% of the total.

This concentration makes identifying high-value science valuable, and difficult. With almost
all of the return in the top percentile, the gain from directing funding toward it is large, but
so is the precision the task demands: a selection that lands anywhere below the top percentile

reaches only a small fraction of the value.

SWorld output is World Bank series NY.GDP.MKTP.CD (current US$, world aggregate) deflated year by year
to constant 2010 dollars with the same deflator we apply to grant funding throughout; cumulative world R&D
applies the World Bank R&D-intensity series to that GDP. Each total is cumulated over the same 1985-2022
window as the realized spillover: comparing any of these stocks to a single year’s world output would confuse a
stock with a flow.
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Figure 2 plots this concentration as a Lorenz curve, and sets it against the same curve for
the private value of the patented inventions themselves (C'V},). That patent values are highly
skewed is well established (Hall et al., 2010; Kogan et al., 2017): the invention curve already
bows well below the diagonal, its Gini reaching 0.62 among families with any value. The
commercial value of science is more concentrated still, at a Gini of 0.95. The natural worry is
that science simply inherits the skew of the patent values it is built from. It does not: assigning
every patent an identical value, which strips the market valuation out entirely and leaves a
pure citation-network statistic, leaves the science-side Gini essentially unchanged at 0.95. The
concentration is generated by the structure of the citation network and not by the Kogan et al.

(2017) calibration.

Figure 2: The concentration of commercial value across articles
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Notes: Lorenz curves for the private value of patented inventions (CV,) and the commercial value of science
(CVs), among the units of each with any positive value. The commercial value of science is the more concentrated
of the two (Gini 0.95 against 0.62). Both curves are drawn over positive-value units only, so neither speaks to
the share of units with no value at all: on the invention side that share is set by our valuation rule — utility
models and never-granted applications are zero by construction (Section A).
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B. How value reaches science, and when

Because our measure traces each dollar of invention value back along the citation path it actually
travelled, we can see not only how much commercial value science creates but how it gets there,
and how long it takes. The value can reach an article by four routes: a patent may cite the
article directly; it may reach it through a chain of intervening papers; it may reach it through
a chain of intervening patents, the last of which cites the article; or it may travel through both.
Figure 3 shows how the commercial value of science divides among them — first by the route
the value took (panel a), then by how long each route took to arrive (panel b).

Most of the value reaches science indirectly. Panel (a) plots the realized value cumulated year
by year, split by route: only 38.8% of it arrives through a direct patent-to-paper citation, while
25.4% travels through chains of papers, 22.2% through chains of patents, and 13.5% through
both. So 61.2% of the commercial value of science is invisible to any measure that reads only
a patent’s direct citations to the literature. Li et al. (2017) document the same pattern at
the level of grants: only about 8.4% of NIH grants are linked to a patent that cites the grant

directly, against 31% linked through a patent that cites a paper the grant funded.
Figure 3: The four routes from an invention’s value back to the science it rests on

(a) The four routes sum to the total (b) ...but they do not arrive at the same time

$51.7T 1004

(%)
S
L

Mixed

80

I
S
!

— Patent chain

60 /'.’
’
rect — 11 yr /J{ftcm chain — 19 yr

w
S
!

__ Science chain half of the route's 30-year valug

d
o

£
&£ Sciencé chain>- 19 yr

/ Mixed — 24 yr
/ J

40

[ )
S
!

% of that route's 30-year value realized

— Direct 20 1

Cumulative commercial value of science ($ trillion, 2010)
S

0 T T T T T d
1985 1990 1995 2000 2005 2010 2015 2020 0 5 10 15 20 25 30
Year the value is realized (priority year of the citing patent) Years since the paper was published

Notes: Panel (a) plots calendar time: the cumulative commercial value realized through each year, split by the
route the value travelled from the citing patent back to the article, and summing to the $51.7 trillion that reaches
scientific articles. The four routes are exact sub-sums of the same attribution, not separate estimates, so they
add to the total by construction. The final year is shaded because the patent record for priority year 2022 is
still filling in. Panel (b) plots the article’s own clock, for the 1985-1992 articles old enough to be observed for
a full thirty years; the marked points are each route’s half-life. Direct value is half-collected within 10.9 years
while every indirect route takes about twice as long, so the lag reflects not only how long the science takes to be
built on, but how long the resulting inventions take to be built on in turn. Source: authors’ calculations on the
1985-2022 citation network; patent values from Kogan et al. (2017).
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The indirect routes are also the slow ones, which lengthens the lag from science to commercial
value. Panel (b) follows each route on the article’s own clock. Direct value is half-collected
within 10.9 years of publication, but every indirect route takes about twice as long — 18.6
years through the literature, 19.3 through the patent record, and 23.7 through both. The
patent chain is no faster than the science chain, so the delay is not simply that science is slow
to be noticed: it takes time for inventors to build on the science, and more time again for later
inventors to build on those inventions in turn.

The two results compound whenever a research dollar is judged on a short horizon. Within
five years of an article’s publication, 75.3% of the commercial value it has generated has arrived
through the direct route; over a full thirty years the direct share falls to 35.9%.% Said differently,
a short evaluation window therefore not only understates the return to science but also distorts
its composition, giving more weight to the most direct citation routes and less weight to indirect

routes.
C. Whose invention leans on science

Some countries’ inventions draw on science far more heavily than others’. We can see this
because the measure resolves each dollar of invention value both ways: by the region whose
inventors hold the patent, and by the region whose inventors hold the patents that a piece of
science ultimately feeds. Comparing the two shares for a region measures how science-intensive
its invention is. US inventors hold 18.9% of the private value of the world’s patented inventions
but account for 32.1% of the value that flows back to science: American technology leans on
science about 1.70 times as heavily as the world’s does.

The pattern sorts countries into two groups. On one side are the science-based economies
of the West: alongside the United States, the United Kingdom’s inventions lean on science just
as heavily, and the EU-27’s clearly more than average (10.9% of invention value against 13.5%
of the science value, a ratio of 1.25). On the other are the scale-manufacturing economies of
Fast Asia: Japan and South Korea each account for a share of the value reaching science that
is only about half their share of invention value, and China (which is the largest single holder
of invention value on this basis, at 29.7%) draws 26.9% of the science value, a ratio of 0.91,
slightly below parity.

Again, this ordering is a property of the citation network, not of the patent valuation.
Setting every patent’s private value to one, so the measure becomes a pure citation statistic,

reproduces 82% of the United-States-to-China regional tilt (Appendix Figure Al).

SBoth shares are computed on the 1985-1992 articles observed for a full thirty years and capped at that
horizon.
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V. Results on the commercial value of funded science

Section III attached each grant’s spillover to the money that bought it. We now read three
things off that link: what a public research dollar returns, how much of the return is realized

abroad, and when it arrives.
A. The return per funding dollar

A public research dollar returns a large multiple of itself in global technological spillover. Table
1 reports the rate at the NIH and the NSF, on the thirty-year projected basis of Section D:
each agency’s projected thirty-year spillover from the articles its grants funded, divided by the
money that funded them, in constant 2010 dollars. Among grants that produced a traceable
paper, a dollar of funding returns $8.60 of global technological spillover at the NIH and $20.18
at the NSF. A multiple remains even when the spillover is counted only where it is realized
on inventions by US inventors: $2.45 and $4.53 respectively, under a third of the global figure.
Most of what a US research dollar buys is therefore realized abroad. This is the well-known
appropriability problem of Nelson (1959) and Arrow (1962) operating across borders: scientific
knowledge diffuses internationally along the same citation chains that spread it across fields, so
a large share of what any one country funds accrues to inventors elsewhere (Coe and Helpman,
1995; Eaton and Kortum, 1999; Keller, 2004).

The two agencies differ: the NSF returns about 2.35 times as much per dollar as the NIH.
Part of that gap may be due to coverage. Although there are linked-grant rate conditions on a
grant having produced a traceable paper, the NSF’s grants link to papers appear less complete
than the NIH’s. We control for that by counting every grant instead with unlinked grants
entered as true zeros; and that brings the two agencies closer ($9.81 against $7.48), yet the NSF
displays higher returns on either basis.

The natural explanation for the rest of the gap is field composition: the NSF funds computer
science and engineering, which are closer to the patent frontier. But reweighting the NSF’s field-
by-field returns to the NIH’s field funding mix leaves the gap essentially unchanged, at 2.33
times.” This points to the idea that the gap is instead a matter of funding amounts. Splitting

each agency’s return into the value of a resulting article and the funding it takes to produce one,

"Fields are the two-digit fields-of-research divisions, a coarse control. On the 2006-2013 grant cohorts, where
the two agencies’ grant-to-paper linkage coverage is comparable and the comparison is cleanest, the same reweight-
ing widens the gap to 3.67 times — so field mix is not the explanation on either basis.
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the two agencies’ articles have comparable projected value, but the NIH pays about 2.50 times
as much grant money per resulting article as the NSF ($0.37 million against $0.15 million).® In
short, the NSF returns more per dollar because it produces publishable, patent-relevant science
more cheaply.

Within each agency, the return tracks proximity to the patent frontier. Computer and
information science ($47.6 per dollar) and engineering lead the NSF’s directorates, and the
method-oriented institutes (e.g. biomedical imaging and bioengineering ($26.9)) lead the NIH’s
disease-oriented ones. Fields far from the patent frontier are less visible to our measure by

values patented inventions (Section VII).

Table 1: Return per funding dollar, by funder

Grants Funding Rate ($ / 9)

Funder (N) ($B) Global US only
NSF — all directorates 619,906 282 20.2 4.5
NIH — all institutes 534,718 1,037 8.6 2.5

Highest-return NSF directorates

Computer & Info. Sci. 69,193 30 47.6 12.5
Engineering 70,841 26 41.9 9.1
Math. & Physical Sci. 110,944 62 22.6 4.3
Technology & Innov. 20,612 6 19.7 5.0

Highest-return NIH institutes

Biomedical Imaging (NIBIB) 6,835 8 26.9 6.5
General Medical (NIGMS) 45,726 94 14.0 3.9
Cancer (NCI) 73,567 175 11.4 3.2
Arthritis & Musculoskeletal (NIAMS) 12,698 19 10.6 2.9

Notes: Rate = projected thirty-year Science Rank spillover of a funder’s linked articles, divided by the lifetime
award value of the linked grants, in constant 2010 USD. “Global” counts spillover realized on patents anywhere;
“US only” counts spillover realized on patents with US inventors. Grants and funding cover the full linked history
of each agency. The rate shown is the return among grants that produced a traceable paper; counting every
grant, with unlinked grants entered as true zeros, gives a conservative floor of $9.81 (NSF) and $7.48 (NIH).
Because incomplete linkage only omits spillover, that floor is a genuine lower bound. NIH and NSF linked grants
together account for 10.9% of all projected thirty-year spillover. Directorates and institutes are ranked within
agency; no cross-agency total is reported, because the award vehicles are not comparable across the full funder
population (see text).

8Per credit-weighted paper, splitting each paper’s credit equally across the grants that funded it. On the full
linked history the NSF-to-NIH value-per-paper ratio is 0.94 and the NIH pays 2.50 times as much per paper; on
the comparable 2006-2013 window the value ratio is 1.00 and the price ratio 3.29.
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These returns can be set against the existing estimates of the aggregate return to research,
but only once the estimates are harmonised. Jones and Summers (2022) express the return as a
present value per research dollar, as we do: they put it at $13.3, and argue that an average below
$4 is hard to construct. Our present value at a 3% discount rate is $5.61 for the terminated
grants; that figure, and the undiscounted $7.48-$9.81 we find for the average funded dollar, both
clear their $4 floor and fall below their $13.3 headline. One reason we fall below the headline
may be that we count less of the same thing: their estimate recovers the whole social surplus of
research, including the value that reaches society and consumers and firms that never patent,
while we recover only what patent-holders appropriate, and only the part of that a citation
chain reveals.

Bloom et al. (2013) and Fieldhouse and Mertens (2024, 2025) report an annual rate of return
on a stock of R&D capital rather than a present value per dollar, so a conversion is needed to
compare them. Discounting a perpetual annual return at 3% and depreciating the R&D stock
at the rate each study adopts,” Bloom, Schankerman and Van Reenen’s 55% marginal social
return becomes about $3.06 per dollar, which our all-grant rates exceed, and Fieldhouse and
Mertens’s 140-210% gross return becomes $7.37-$11.05, which brackets our $7.48-$9.81. The
closest quasi-experimental benchmark, Azoulay et al. (2019), is smaller in magnitude (about
$2.3 of downstream drug sales per NIH dollar) but measures a different object: the effect of
funding at the margin, identified off NIH funding rules, for biopharmaceutical firms alone, in
drug sales. The authors themselves stress that valuing those patents is difficult and report a

range rather than a rate of return, so we read it as a related magnitude.
B.  When the return arrives

Different public investments repay on different schedules, and governments are held to account
over short and recurring windows, which biases funding toward projects that pay back inside a
political horizon (Nordhaus, 1975; Rogoff, 1990). Science is at the far end of that trade-off, so
how long its commercial value takes to arrive is relevant for policy-makers.

We link each grants in 5-years windows to the articles it funded (Section C with 29.2 million
grant-to-article edges), and we track each cohort’s cumulative realized spillover against the
money that bought it. Figure 4 plots one line per grant-start cohort and displays the cumulative
realized spillover as a percentage of that cohort’s funding, so that break-even is the 100% line.

Appendix Table A5 collects the statistics.

9We convert an annual rate r to a present value r/(p + ), taking the discount rate p at 3% and the R&D
depreciation rate ¢ from each study. The converted figure is sensitive to §, which neither we nor the literature
pin down, so we report it as ours rather than theirs.
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An NIH or NSF research dollar breaks even after 9.8 years, and after 11.3 years discounted
at 3%.' The grants we have observed for a full thirty years have realized $5.57 of commercial
value per dollar of funding.

Only 2.4% of a grant’s thirty-year commercial value is realized inside a three-year budget
window, and 7.4% inside five years; the half-life of a grant’s spillover, clocked from its start, is
20.5 years. A government books the savings from a cut immediately and in full, but inside the
window on which it is judged it sees about one fortieth of what it gave up.

Appendix Table A5 decomposes the payback by the route the value travels, and the ordering
restates the timing result of Section B in grant-level units. Direct patent citations alone repay
a grant’s funding in 13.1 years, and the science chain in 19.6 years; the patent chain (47.9%
of funding recovered by year twenty) and the mixed route (24.4%) do not break even inside
the window we can observe. The slow routes repay as well, on horizons beyond the observable
window.

The differing slopes across cohorts in Figure 4 do not identify a trend. The recent cohorts’
curves rise more steeply than the old ones, and it is tempting to read this against the literature
on the declining productivity of research (Bloom et al., 2020), as though a research dollar bought
more downstream value in 2010 than in 1990. Two confounds block that reading. First, linkage
coverage roughly doubles across the cohorts (36% of 1990’s grants have a traceable paper against
75% of 2010’s). A correction for this bias is beyond our current scope, so we claim no trend
in either direction and read the figure only for the level and the censoring: the young cohorts’

lines are short because the data stop in 2022, not because their science stopped paying.

10Cohorts 1990-2002, each observed at least twenty years, undiscounted, keeping grants whose papers we cannot
trace in the denominator. Every figure here is an upper bound on the payback time, because an untraceable
grant contributes funding but no spillover and the linkage sees between 36% and 75% of grants depending on the
cohort. Restricting to grants with at least one traceable paper gives 8.6 years; the highest-coverage cohorts give
10.7; the fully matured 1990-92 cohorts give 7.9.
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Figure 4: How long a research dollar takes to pay for itself

(a) Undiscounted (b) Discounted to the grant's start year at 3%
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Notes: NIH and NSF grants. Each line is one grant-start cohort, beginning at its own start year and stopping at
2022; the young lines are short because the data stop, not because the value does. The vertical axis is cumulative
realized spillover as a percentage of the cohort’s total funding, so break-even is the dashed 100% line. Panel
(a) is undiscounted; panel (b) discounts each cohort’s spillover to its start year. Cohort curves are aggregate
ratios (total spillover divided by total funding), not means of per-grant ratios. The solid line divides by all of a
cohort’s funding; the band’s upper edge divides only by the funding of grants whose papers we can trace, so the
width of the band reflects linkage coverage, not differences in returns. Dashed lines give the direct route alone,
for three cohorts. The differing slopes across cohorts do not identify a trend in science and should not be read
as one (see text); this figure identifies the level and the censoring only.

VI. Results on the 2025 science cuts

Everything so far has been about science and funding in general: what the commercial value of
science is worth, how concentrated it is, how long it takes to arrive, and where in the world it
lands. We now use this framework to quantify the lost commercial value due to the 2025 US
Science funding cuts. This section describes the cuts, builds the counterfactual that stands in
for the science the terminated grants would have produced, and reports what the terminations

cost, who held the terminated grants, which fields lost the most, and where the loss is borne.
A. The cuts, and the data

In early 2025 federal agencies terminated active research awards whose subject matter conflicted
with the administration’s stated priorities, implementing the executive orders described in Sec-
tion I. Available evidence seems to indicate that agencies selected grants to stop by topic, not by
scientific merit: they screened award text for diversity, “gender ideology,” vaccine hesitancy, and
China-related research (Liu et al., 2025; Oliveira et al., 2026). We take the terminated awards
from Grant Witness, a public tracker of federal research awards ended under the 2025 executive

actions, which compiles grant-level data from agency notices and litigation records. We use
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the March 2026 snapshot. We restrict the headline analysis to NIH and NSF (1,116 and 1,363
terminated awards across all award types) and within them to research, career-development,
and fellowship grants: 2,241 awards. Of these, 2,225 survive de-duplication and 2,221 have both
positive recorded funding and a matched counterfactual. We exclude CDC, EPA, and SAMHSA
terminations from the headline because our patent-citation measure cannot see put a value on

1" We count grants terminated and

these grants, not because we believe they are worthless.
not reinstated: awards restored after the June 2025 court rulings (and the partial survival of
those rulings at the Supreme Court) are excluded, so the treated set is the policy’s footprint as
of March 2026 rather than its maximal intended scope. Counting every award ever disrupted
would roughly double the size of the dataset.

The median terminated grant is a $570 thousand award (Table 2); the median start year is
2023, and 88.8% started in 2021 or later. This young age of the disrupted grants is the central
measurement problem: only 197 of the 2,241 grants have even one publication in our network

(4,666 articles in total), because their science was still in the pipeline when the awards were

cut.

Table 2: The terminated NIH and NSF grants

N Median award ($k) Median Started
Terminated Project start year >2021 (%)

NIH 867 931.7 938.5 2023 83.6
NSF 1,354 500.0 387.5 2023 92.1
Total 2,221 579.4 462.3 2023 88.8

Notes: NIH and NSF grants recorded as terminated (and not reinstated) in Grant Witness (March 2026 snap-
shot), restricted to research, career-development, and fellowship awards. The two award columns are medians
in thousands of current dollars: Terminated is the value of the terminated award as Grant Witness records it
— one segment of a multi-year NIH project, but essentially the whole of an NSF award — while Project is the
lifetime project funding recorded in Dimensions, the denominator the per-dollar results use (Section B). “Started
>2021 (%)” is the share of terminated grants in the row whose recorded start year is 2021 or later.

B.  The counterfactual design

We estimate the expected 30-year global technology spillover embodied in the terminated re-
search, and express it per dollar of grant budget. This is not a question that prior estimates
of the marginal return to research funding can answer, because the cuts were ideological rather
than made at the funding margin: a marginal funding cut removes the science a funder values

least, while these cuts removed whatever matched the targeted topics. Where the cut science

Most are block or community grants that fund services rather than research, so the measure would mechan-
ically assign them near-zero spillover, and their $55.1 billion of budget would drag down the per-dollar ratio
without saying anything about the science channel. For EPA the measure also misses regulatory and environ-
mental benefit channels entirely.

25



falls in the value distribution is therefore an empirical question, answered directly in Section D,
rather than something the design can assume. Two things bound what the resulting estimate
claims. First, it is an accounting projection, not a causal treatment effect: we ask what spillovers
the terminated research lines would plausibly have generated, not what the general-equilibrium
effect of the policy on innovation will be. Second, we do not model substitution(e.g. a termi-
nated line may be partly continued by the same investigator under other funding, or taken up
by another team).

The obvious approach (projecting the terminated grants’ own publications forward with the
Section D model) fails for the reason Table 2 makes plain: the grants are too young to have
publications, and for young articles the projection’s level bias is at its worst. We instead borrow
observed outcomes from comparable grants that ran their course. In other words, we have to
estimate the papers that haven’t been written, the other papers that will not build on them, and
the value of the derived patents that will not be filled or granted. To do so, for each terminated
grant we match mature donor grants, that is, non-terminated NIH and NSF awards with start
years 2001-2013.

The donors are the population of comparable non-terminated grants: 403,134 NIH and NSF
awards drawn from Dimensions with start years 2001-2016, of which 323,134 are mature and
enter the matching.'?> A terminated research line is thus measured against the science that
similar grants (same agency, field and funding band) actually produced. Matching is coarsened
exact matching (lacus et al., 2012) on agency x field x funding band. More precisely, field
at the level of Dimensions’ two-digit research divisions, funding bands on the pooled treated-
and-donor distribution. The counterfactual assigned to a terminated grant is the mean donor
spillover vector in its cell: 100% of treated grants match in the finest cell, and the median
treated grant draws on 2,943 donors. Section D discusses the principal investigators in charge
of the disrupted research grants.

The design rests on one key assumption: that mature donors’ realized spillovers transport
across a vintage gap to younger grants. A pseudo-cutoff backtest inside the donor universe

supports it, and we apply no transport correction.'?

12\Whether the population pool is the safer choice hinges on how to read its zeros. On the canonical grant-
to-article linkage, 72.85% of the mature population pool links to at least one article (235,394 grants, 1,851,823
articles), so most of the pool’s zeros are real zeros — grants whose science generated no traceable downstream
invention value. A design that discarded them would condition on success; keeping them is the conservative
choice.

13Using only earlier donors to predict the realized spillover of later grants, through the same matching pipeline:
compared over windows of the same length — so both sides have had the same number of years to accumulate
spillover — the prediction recovers 0.94-0.98 of the later grants’ realized aggregate spillover, and the transport
does not decay as the vintage gap widens. Comparing a short prediction window against a long truth window
would manufacture an apparent decay, because the window mismatch grows with the vintage gap by construction;
equalizing the windows removes it.
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The headline statistic sets each grant’s counterfactual foregone spillover against the money
that bought the science. The denominator is the lifetime project funding recorded in Dimen-
sions, for the terminated grant and for the donor grants whose realized spillover stands in for
it. The total sums to $3.00 billion across the 2,221 grants.'*

Because a dollar of spillover decades out is not a 2025 dollar, we discount each grant’s
projected flow along the empirical development curve from the backtest (Figure A3 in the

Appendix), giving a present-value multiplier of 0.65 at a 3% discount rate.'”
C. What it cost

We estimate as a result that every dollar of terminated grant funding forgoes $8.69 of global
technology spillover, $5.61 in present value at 3% (Table 3). That means that the 2,221 termi-
nated NIH and NSF grants would have generated $26.1 billion of expected spillover over thirty
years ($16.9 billion in present value) against $3.00 billion of funding.'¢

The resulting ratio is a floor, for two reasons. The projection under-predicts aggregate
spillovers, especially for younger articles that the terminated grants would have produced (Sec-
tion B). And the grant-to-article linkage coverage is incomplete, so a terminated grant’s counter-
factual omits the spillover that a fuller linkage would have credited to it. More fundamentally,

we price only the patent channel; Section VII returns to what that leaves out.

YWe divide by lifetime project funding rather than the terminated-award value recorded by the tracker: an
award record is one segment of a multi-year NIH project but essentially the whole of an NSF one, so dividing
by it would deflate the NIH denominator and reverse the agency ordering. Appendix C.1 sets out that segment-
versus-whole wedge and shows it is mechanical. Table A2 also reports the ratio per dollar of terminated award
and per dollar actually withheld, which answer different questions rather than variants of this one.

150.74 at 2% and 0.41 at 7%; 18 years to the halfway point. Starting the clock at the 2025 cut slightly front-loads
the flow, since the terminated grants’ articles would have appeared with a lag of a few years, so a publication-lag
variant would lower the multiplier; the undiscounted ratio is unaffected. Confidence intervals resample donor
investigators — the level at which donor information clusters — holding the treated census fixed.

1Drawing the donors instead from the grants held by the terminated investigators themselves — the more
established among them, since a donor grant exists only where an investigator holds more than one award —
raises the ratio to $11.31 per dollar, about 30% higher; those grants earn more per dollar than population grants
in the same agency, field and funding band, so the population pool is the conservative choice (Appendix C).
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A second force can push the headline the other way: acknowledgement coverage itself has
risen sharply over time, so part of the measured increase in spillover per dollar may just reflect
better linkage, not more valuable science. Because this drift could compound to a factor of 1.4
over the decade between cohorts, we report a band from $6.21 (treating the rise as pure artifact)
to $8.69 (treating it as fully real), since the bias can be bounded but not pinned down exactly
(Appendix C).1718

Table 3: Foregone spillover per dollar of grant budget

N Funding ($B) Foregone ($B) Spillover per $ Spillover per $ (PV@3%)

NIH 867 2.03 15.2 7.48 4.83

NSF 1,354 0.97 10.9 11.20 7.23

Total 2,221 3.00 26.1 8.69 5.61
[8.42, 8.98]

Notes: Terminated NIH and NSF grants with positive recorded funding and a matched counterfactual (2,221
grants). Foregone spillover is the sum of matched-donor counterfactual 30-year global spillovers (Section VI),
in millions of constant 2010 dollars under the Kogan et al. (2017) calibration. PV@3% discounts the spillover
flow along the empirical development curve from the 2025 termination date (present-value multiplier 0.65). The
per-dollar columns divide by lifetime project funding as recorded in Dimensions, the same object on the treated
and the donor side — not by the value of the terminated award, which is a segment of an NIH project but
essentially the whole of an NSF one, and which for that reason reverses the agency ordering (Section B). Each
article’s spillover is split equally across the grants that supported it. The donor-sampling 95% confidence interval
on the total foregone spillover is [25,307, 26,977] million dollars, clustered at the donor-investigator level.

Because science matures into patented technology slowly, the loss quantified above is not a
2025 event but a decades-long flow. Only 34% of the 30-year loss has accrued ten years after
the cut, and half arrives only after 18 years: the empirical development curve applied to the
totals of Table 3 (Figure 5). The bulk of the cost therefore lands in the 2040s, long after the

2025 savings were booked.

170Our per-dollar measure relies on grant-to-article linkage, and the share of papers acknowledging a grant rose
several-fold from the oldest to the youngest donor cohorts, inflating measured spillover under our equal-split
convention even absent any real change.

18The accounting choices that define a matching cell are second-order by comparison: re-banding the same
donors on alternative edges moves the peer-pool construct from $11.31 to $12.17 per dollar (a 7.6% change), and
restricting the donor window to its oldest or youngest cohorts moves it by a further 5.9% and 5.8%. Appendix
Table A2 collects these accounting variants.
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Figure 5: The 30-year trajectory of the foregone spillover
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Notes: Cumulative foregone spillover (in billions of 2010 dollars) over the 30 years following the 2025 terminations,
globally and for the three largest recipient regions (inventor basis). We build the time profile by applying the
empirical development curve to the totals of Table 3; the shaded band applies the donor-sampling 95% confidence
interval to the global trajectory. Source: authors’ calculations from the held-out backtest development curve
applied to the Table 3 totals.

D. Who held the terminated grants

A political justification and natural defence of the grant terminations is that they removed
weak or unproductive science. Our matched counterfactual already sheds light on this: the
cut grants are priced by ordinary donor grants in the same agency, field and funding band.
A limitation is that it matches on only three characteristics and on relatively few terminated
grants, so we add an independent piece of evidence that uses no spillover model: the publication
records of the people whose grants were cut. To that end, we match each principal investigator
to their publication record, strictly as of the grant year, for 87% of the terminated grants.'” On
that record, evidence suggests that the cut grants are held by established, actively publishing
scientists (Table A3): the median terminated investigator had 47 prior publications over a 21-
year career, and only 6% had fewer than five prior papers. Only the fellowship awards diverge,
but these are by design attributed to trainee grants whose holders are early-career (median 5
prior papers, 129 grants). For the rest, the research grants that account for almost all of the
foregone spillover are held by senior people (median 54 papers, 1,742 grants). On aggregate,

the terminations did not select on inexperience.

YPrincipal investigators are resolved from Dimensions to their OpenAlex author record by ORCID (Open
Researcher and Contributor ID, a persistent per-researcher identifier), DOI match, and author-name matching
against the authors of their grant-linked papers (Section VI); the unresolved remainder are disproportionately
early-career fellowship holders, whose thin publication records reflect genuinely early careers rather than a reso-
lution failure.
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A fair comparison with the investigators who survived must hold across vintages. We there-
fore compare the terminated investigators to the holders of grants awarded in the same years
(2021 to 2024) that were not terminated, resolving both cohorts to OpenAlex by ORCID (the
same resolution method on both sides, reaching 76% of the terminated research investigators).
Because the two cohorts are contemporaries, we can use a measure closer to scientific impact
than raw output: the Science Rank spillover each investigator’s prior research had already
generated, per career-year. We restrict the terminated side to research grants (to exclude fel-
lowships) and rank each terminated investigator among the 62,471 surviving contemporaries,
deduplicated to unique people.

Table 4 narrows the comparison from all survivors down to the investigator’s own agency
and field. Against the national pool the terminated investigators rank below the median grant-
holder — the 42th percentile on productivity and the 29th on prior spillover. Within the
same agency and field, the finest cell that still covers the whole cohort, they reach the 47th
percentile on productivity (which is essentially the peer median) and the 40th on prior spillover
(modestly below the peer median). The layered comparison could in principle produce a below-
median result on its own, so we check it against a placebo: relabelling random surviving grants
as terminated and running the same layers returns the median percentile at every one, as a
neutral procedure should.?"

All in all, the terminated investigators are established and productive; they are at the
median of their same-field contemporaries on output and somewhat below it on prior spillover;
and per research dollar their grants rank at the 38th percentile of comparable grants, modestly
below the middle rather than at the bottom.?! They are not the markedly weaker scientists,
nor, on our measure, the best of their peers. Termination appears uncorrelated with the future

commercial value of the science it removed.

20A second placebo confirms the same for the counterfactual positioning machinery: relabelling random donor
grants as pseudo-terminated and running the positioning pipeline recovers a median percentile of 50.15, against
the 50 a null pipeline yields by construction.

21Unconditional on grant size their foregone spillover ranks lower, at the 20th percentile, that is, the gap a
portfolio of below-median-sized grants produces. What the terminations removed were the smaller of the grants
on offer (Appendix Figure A5).
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Table 4: Terminated investigators’ standing among their surviving contemporaries

Percentile among surviving contemporaries

Comparison set Productivity Prior spillover
All 2021-2024 survivors 41.6 29.2
Same agency and field 46.9 40.2
Same field and institution 49.7 45.1
Placebo (random survivors) 49.9 50.6

Notes: Median percentile of the 1,234 terminated research-grant investigators within the distribution of 62,471
surviving contemporary investigators, on two as-of measures of prior track record: publication productivity
(papers per career year) and Science-Rank spillover per career year, both computed strictly from pre-grant pub-
lications. Both cohorts are 2021-2024 NIH and NSF grant-holders, resolved to their OpenAlex record identically
by ORCID and deduplicated to unique investigators, so the comparison has no vintage gap and no resolution
asymmetry. Each row restricts the comparison set to survivors in the same cell; a percentile of 50 is the peer
median. The all and field rows cover the whole resolved cohort; the institution row covers only the 34.6% of
terminated grants that fall in a field-and-institution cell with at least twenty surviving investigators — those
at large research universities. Its near-median standing therefore describes that subset, not additional condi-
tioning on the whole cohort. The field row is the headline conditional comparison. ORCID resolves 76% of
the terminated research investigators; the unresolved remainder, disproportionately those with thinner records,
are omitted, so the resolved comparison is if anything favourable to the terminated side. The placebo relabels
random survivors as terminated and recovers the median at every layer.

E.  The fields that lost the most, and whether the cut was selective

Importantly, the fields that lost the most grants are not the fields that lost the most value.
By count, Education is the most-terminated division (742 grants, reflecting the topic-driven
targeting of diversity- and education-related work) yet it accounts for only 8.5% of the foregone
spillover. This is expected by our measure that is based on patentable inventions, excluding
the wider societal benefits of education.?? By value, the loss concentrates in patent-proximate
science: biomedical and clinical sciences (29.8%), information and computing (23.6%) and bio-
logical sciences (17.0%) jointly account for 70% of the total (Appendix Table A4, which reports
the dollar loss and grant count of each field).

A raw count of terminations cannot show whether the cuts singled out particular fields or
recipient countries, because it ignores how large each field or region is in the funded portfolio.
Table 5 supplies the missing benchmark: it compares each field’s and each region’s share of
the foregone spillover with its share of the funded NIH and NSF portfolio, and calls a field or
region over-represented, or spared, only when the ratio stays on one side of parity across every
vintage window we can construct. On that standard the selectivity is narrow. Only Education

and Commerce are robustly over-represented (Education by a factor of 2.9 to 14.1) and only

22Grant Witness flags diversity-related language for a subset of terminations. Read strictly as a proxy as the
flags are coded from award text and termination lists, not from official rationales, these diversity-, equity-, and
inclusion- (DEI-) flagged grants account for 10% of the foregone spillover: frequent among the terminations by
count, but a modest share of the value put at risk.
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Biological Sciences robustly spared. Biomedicine and every recipient region, China included,
are untargeted in this sense: their ratios cross parity as the benchmark’s vintage changes, so
an apparent over-representation of China, or under-representation of biomedicine, on any single
window is a composition artifact rather than evidence that the cut selected on geography or on

those fields.

Table 5: Was the cut field- or region-selective? Over-representation relative to the funded portfolio

Panel A. By field (ratio of cut share to portfolio share)
cut % matched all vintages funding verdict

Biomedical 29.8 1.03 0.89 0.73 not identified
Information & computing 23.6 1.47 1.97 2.81 not identified
Biological sciences 17.0 0.65 0.55 0.70 spared
Education 8.5 11.6 14.1 2.94 over-cut
Health sciences 5.6 2.68 2.03 0.83 not identified
Engineering 3.9 0.30 0.42 1.11 not identified
Chemical sciences 3.5 0.48 0.56 2.01 not identified
Commerce & management 2.2 11.2 13.7 3.01 over-cut
Psychology 1.3 2.73 2.68 0.88 not identified

Panel B. By recipient region, inventor basis
cut % matched all vintages cut-era verdict

China 28.3 0.98 1.11 1.16 not identified
United States 23.7 1.04 0.88 0.73 not identified
Unattributed 16.3 0.97 1.11 1.20 not identified
European Union 8.8 1.01 0.90 0.95 not identified
Rest of World 8.2 1.02 0.99 1.05 not identified
Japan 7.2 1.00 0.97 1.19 not identified
South Korea 5.9 0.98 1.07 1.19 not identified
United Kingdom 1.7 1.02 0.88 0.92 not identified

Notes: Each ratio compares a field’s or region’s share of the cut’s foregone spillover to its share of the NIH
and NSF portfolio’s spillover, which is the benchmark the raw field counts of Table A4 do not supply. Because
the cut grants are priced by mature donors started 2001-2013, the portfolio denominator is reported on several
vintage windows; a field or region is called over-represented or spared only when the ratio stays on the same
side of parity across all of them. On that standard, only Education and Commerce are robustly over-represented
(Education by a factor of 2.9 to 14.1) and Biological Sciences robustly spared. Biomedicine and every recipient
region are untargeted in this sense: their ratios cross parity as the benchmark’s vintage changes, so the apparent
under-representation of biomedicine and over-representation of China on any single window is a composition
artifact rather than evidence of selective cutting.
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F.  Where it is borne

The commercial value of this science does not stay where it was funded. The free-riding pattern
of Section A, which means a national funder pays the whole bill and collects a minority of the
value, also holds for the specific grants that were cut. Of the foregone spillover, 60.0% would
have been realized on inventions made outside the United States, against 23.7% at home.??
Among the foreign locations China is the largest, at 28.3% on the inventor basis (which locates
where the downstream technology is developed) and 39.4% on the assignee basis, which locates
who owns it; the EU-27 is a distant third at about 8.8% (Figure 6).

We read these shares as accounting incidence of where the value would have surfaced, and
not as value destroyed, transferred, or taken from anyone as science is not a zero-sum game.
Even read as pure incidence, the asymmetry is large: the country that bore the entire fiscal
cost of this science would have realized under a quarter of the technological value built on it.
Two measurement features pull on the Chinese number in opposite directions. The cells that
assign C'V}, have no country dimension, so a Chinese family is assigned the value of US-listed
families sharing its technology, vintage, family size and claim count (Section A), which likely
overstates it. Pulling the other way, the geographic tilt is not only due to patent valuation:
setting every patent’s private value to one, so the measure becomes a pure citation-network
statistic, reproduces most of the pattern.

The geographical location of commercial value has a policy corollary. A region has a private
incentive to fund research only up to the value it expects to appropriate from it, and on that
criterion the country with the most to gain from this particular science is not the one that
paid for it: China would capture a larger share of its commercial value (28.3%) than the United
States would (23.7%). No government funds another’s terminated grants, and we do not suggest
one would. But the number makes the structural point precise: research whose benefits diffuse
across borders is underfunded by any single national budget, and a unilateral cut transfers, in
the first instance, future commercial value to the countries that build on the science it stops

producing.

23 A further 16.3% falls on inventions we cannot place in any country. The shares reported here are shares of
the full total, so this unplaceable residual is stated rather than reallocated across the regions.
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Figure 6: Foregone spillover by recipient region, inventor and assignee bases
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Notes: The foregone 30-year global spillover of Table 3 across recipient regions, on the inventor and assignee
bases, ordered largest to smallest. The inventor basis locates the downstream technology’s development; the
assignee basis locates the ownership of its value. The two bases are alternative partitions of the same total
and are never summed. “Unattributed” collects patent families with no resolvable country — a residual and a
coverage diagnostic, not a region. The held-out backtest cannot sign the direction of any error in the regional
split, because the held-out predictions do not include region components (Appendix B), so the shares are reported
without a bias correction.

G. Cross-cutting findings

In this final results section, we illustrate the advantage of our bottom-up approach to measure
the lost commercial value from the science cuts, by comparing the distribution of commercial
value at each stage, from the invention that carries it to the terminated grant whose science

would have produced it. Table 6 sets the four stages side by side:
 the commercial value of patented inventions (C'V,),
o the commercial value of science from the patented inventions building on it (C'Vj),
« the commercial value carried by grant-linked science (C'Vyy),
o the commercial value of the cut science (CVs.).

Each of these stages is a successively narrower restriction of the same downstream dollars, from

$868.39 trillion to $26.1 billion, as illustrated in Table 6.
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Table 6: The four commercial-value objects, defined and described

cv, cv, Ccvy, Ccv,.

inventions science funded science the cut

Unit patent family article grant terminated grant

Sample global, priority 1985-2022 global global, all funders US, NIH + NSF, 2025

Basis realized realized through 2022 realized through 2022 30-year projection®

N units 69,215,274 452,057,476 (78,438,549 with value) 12,336,794 linked articles; 29,214,405 edges 2,221

Total $868.39T $51.66T $8.92T (allocated to grants) $26,112M

Mean per unit $12.55M all; $22.58M among positive ~ $0.11M all; $0.66M among positive - $11.76M
Share carrying any value 55.6% 22.2%

Concentration: top 1% of units hold 13.2% 82.9% - -
Gini (among units with any value) 0.62 0.95

Rate ($ per § of funding) =
Share of the object above b

Region: US / CN / EU® US 145 / CN 22.8 / EU 8.3

- 2.91 all funders; 4.62 NIH+NSF'
5.9% of C'V, 19.1% of CV;¢

US 27.5 / CN 23.1 / EU 11.6 -

8.69 undisc.; 5.61 at 3%
d

US 23.7 / CN 28.3 / EU 8.8

Notes: Each object is the same downstream technological value, restricted to a narrower set: the private value
of a patented invention (C'V},), the value that reaches scientific articles (CVs), the value on grant-linked articles
(CVsy), and the value of the terminated grants’ science (CVi.). CV,, CV, and CV; are realized through 2022;
CV. is a thirty-year projection (keyed cell *). Moments and concentration are computed on the network window,
not on the separate patent-value table, which covers a different population. Table 7 breaks each column down
by macro-field. Science’s commercial value is far more concentrated than invention’s (Gini 0.95 against 0.62),
a gap generated by the citation network rather than by the patent-value calibration. Keyed cells: * CV, is a
thirty-year projection — an estimator, not a sum over an observed set: the cut grants are too young to have
produced the science whose value we price. ® C'V,, is the source of the downstream value, not a superset of the
science objects, so it has no share of an object above it. ¢ a coverage floor, not the funded share of science: grant
linkage is incomplete and collapses before 2000. ¢ no like-for-like share exists — CVi. is US, NIH and NSF only,
while C'Vs5 is world, all-funder — so dividing one by the other is not printed. ° region shares are value-weighted;
the unattributed residual is a coverage gap, not a region, and is omitted from these three. The C'V; split is the
paper-side global partition at the baseline o = 0.5. f both rates are realized through 2022 on grants started by
2013, so neither is comparable to the projected thirty-year rates of Table 1. They differ only in the funders they
cover, and the gap is the reason we report rates within funder (Section C): the all-funder figure pools award
vehicles whose outputs our acknowledgement-based linkage cannot trace — national-laboratory contracts, the
European Commission, research ministries, foundations — and is dragged below both of the agencies it contains.
We pool the NIH and the NSF here rather than splitting them, because on this vintage window the split is a
linkage artifact and not a fact about the agencies.

Several observations are worth highlighting. First, commercial value is scarce and extreme-
tailed. Table 6 allows us to compare this across the stages, decomposing the contribution of
each stage to the skew. Table 6 confirms the finding reported in Section A, that the value of
science is far more concentrated than the value of the inventions it feeds: a Gini of 0.95 against
0.62. It is science more than inventions that skews the distribution of commercial value created.
Only 22.2% of articles carry any commercial value, and the top percentile holds 82.9% of the
total commercial value from science, resulting in the extremely high Gini value of 0.95, much
higher than the Gini for the total commercial value among patents. This gap is generated by

the knowledge linkage networks rather than by the patent value calibration.
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Second, science functions as a global public good. The commercial value of science falls
where science’s downstream users are, and they are geographically dispersed. Table 6 shows
this geographic distribution for the various stages. The dominance of the US is not particularly
because of its dominance in creating patenting value, but in creating patenting value out of
science. Among the foreign countries, China is the strongest country on both, while the EU is
weak on both. This translates into the highest losses outside the US from the 2025 funding cut
falling on China.

Finally, we look at the distribution of the commercial value of science, split up by scientific
discipline (Table 7). When looking from the patent perspective (C'V,), the most important
scientific field is by far physics, engineering and energy. But looking from the publication
perspective, life sciences and biomedicine dominate by far, reflecting the larger size of the
scientific discipline. This dominance of the life sciences is further exacerbated when looking at
the value of funded science, with the high share of the NIH in total US funding. All this results
in the life sciences being also the field most represented in the loss of commercial value from the
2025 US science funding cuts, although somewhat less than their commercial value in funded
science would have predicted. The physical sciences and engineering seem to be less affected in
the commercial value loss than would have been predicted from their value in funded science,
with the exception of information and computing, which seems to be overly affected. These

numbers, however, need to be taken very carefully, as the number of grants in this field is very

small.
Table 7: Commercial value by macro-field (share of each object’s total, %)

cv, CV, CV,; CV,,

inventions science funded science the cut

Life sciences & biomedicine 12.8 44.5 62.1 52.5
Chemistry & materials 16.7 16.4 10.8 3.5
Information & computing 20.6 13.8 8.6 23.6
Physics, engineering & energy 34.9 21.5 16.8 6.0
Social sciences, humanities & education - 2.0 1.8 14.4
Other & unclassified 15.1 1.9 0.0 0.0

Notes: Share of each object’s total commercial value held by each of six macro-fields, aggregated from the
OpenAlex concept and patent-class hierarchies. The four objects (C'V,, the private value of a patented invention;
C'Vs, the value reaching articles; C'Vyy, grant-linked science; C'V., the value of the cut) are defined, with their
unit counts and dollar totals, in Table 6; each cell is that field’s share of the corresponding column total there.
The patent channel does not price the social sciences, so that cell is empty for C'V, by construction. Column
shares need not sum to exactly 100 because of rounding.
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VII. Conclusions

Recent policy developments have made the measuring and understanding of the returns to
public investments in science more important than ever. This is in particular relevant in the
major scientific powerhouse, the United States, whose public funding of science is significantly
changing course.

This paper focuses on the commercial value created from patented inventions using science.
To do so, we develop a bottom-up framework that reconstructs the knowledge network linking
scientific publications to patented inventions. Rather than asking how much commercial value
is created on average from investing in science, we look bottom-up at how funded scientific
knowledge travels through the innovation system. We decompose the sources and users of
science by geography, by field and by quality segment, at both the paper and the patent level.
We identify which scientific disciplines generate the largest commercial spillovers. We trace
these patterns internationally to assess how much of the commercial value is created outside
the national funder’s territory.

We demonstrate the usefulness of this measurement framework by studying the consequences
of the 2025 US executive actions that terminated large numbers of federally funded research
grants. We quantify the downstream commercial spillovers that are put at risk by these funding
cuts, compared to the fiscal savings achieved through grant termination. Terminating 2,241
NIH and NSF research grants gave up an expected $26.1 billion of global technology spillover
over thirty years against $3.00 billion of funding, which is $8.69 per dollar, $5.61 in present
value. An interesting finding is that the cuts did not fall on weak science. And the loss arrives
on a schedule no budget window can see: a research dollar breaks even only after 9.8 years, and
2.4% of its eventual value lands within three.

Five limitations bound what these estimates can claim. First, they are accounting attribu-
tions, not causal effects: we do not model substitution when terminated lines partly continued
by the same investigators under other funding, or taken up elsewhere. Second, every monetary
estimate of commercial value (the headline per-dollar ratio included) scales with the Kogan
et al. (2017) market-value calibration and with the decay o. The paper’s comparative structure
is however invariant to that calibration: the rankings of per-dollar returns across agencies and
fields, the regional shares, and the positioning percentiles. Third, the patent-citation channel
misses economic spillovers of science that never pass through a patent, for example because it is
not captured by firms or takes the form of wider societal benefits such as clinical practice, reg-
ulation, environmental and public-health benefits, and the training of people. Fourth, the seed

values themselves are noisy in a way that biases our partitions. Arora et al. (2024) show that the
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measurement error in Kogan et al. (2017) values is negatively correlated with true patent value,
which leaves the values usable as a regressor but biases comparisons across groups of patents.
We have no correction for this bias, and we flag it as an unresolved bias of the composition
results. Last, the data carry known coverage gaps: investigator disambiguation is imperfect, a
share of patent geography is unattributable, grant-to-article links may be incomplete, and the
diversity-related flags are coded proxies rather than official rationales. The grant-to-article link-
age reaches only 35.3% of projected spillover, and roughly a third of patents built on federally
funded research fail to disclose that support at all (Kwon, 2024), so acknowledgement-based
linkage undercounts by construction. Except for the measurement-error threat, each limitation
we can sign pushes the true loss above our estimate.

Taking these caveats into account, we see our contribution as twofold. More broadly, the
paper contributes to a growing literature seeking to understand not only the overall returns
to science funding, but also the patterns through which scientific discoveries create commercial
value throughout the economy. Methodologically, we provide a new micro-level framework
for measuring the commercial value from scientific knowledge by micro-tracing the pathways
through which science generates economically valuable inventions. Most studies only measure
one of the steps in the chain. Our framework offers not only a new metric for the returns on
science but can also be used as a new tool for the ex ante evaluation of science policy. Instead
of measuring the outcomes of a grant retrospectively, the method can be used to estimate the
long-term costs of budget cuts, shifts in research priorities, or changes to funding programs.

Finally, an important conclusion is that the United States’ public science functions as a
global public good. The loss falls where science’s downstream users are, and they are not
mostly based in the US. More than half of the value would have surfaced outside the country
that paid for the science. Among the non-US destinations, China would have captured the

largest part.
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Appendix
A. Science Rank: the measure in full

[back to main text]

Every node in our network is an innovation: a patented invention or a scientific article.
Innovation j cites a set of prior innovations — its knowledge stock, of size B; — and is cited in
turn by the set Fj. Following Martin et al. (2026), we model the value of j as Cobb-Douglas

in the knowledge it inherits and the effort it adds:
V; = A;B] RD;™°, (2)

where RD; is j’s own research effort, A; an innovation-specific shifter, and o € [0,1] the
elasticity of value with respect to prior knowledge. A higher ¢ means inherited knowledge
matters more — equivalently, that replacing it would take more own effort.

The spillover an innovation ¢ creates for a downstream innovation j that cites it is the value

7 loses when 7 is taken out of its knowledge stock. To a first-order approximation,

oV; V;
AV, ~ —L AB; = 0L AB,. 3
J 0B, J g B; J (3)
Weighting each cited innovation equally makes the knowledge stock proportional to the number
of references, B; = n;, and removing one of them AB; = 1. The spillover from 7 to j is then
oVj/n;, which is the rule Section B states.

An innovation contributes to everything that cites it, so summing over F; gives the spillover

i creates in total, and adding what 7 captures privately gives its total value:
Vg:C’Vpi+aE —VJ (4)
b - n .
jer; I

The object that propagates matters: i is credited a share of the total value of each innovation
citing it, not merely of the value that innovation captures privately. This is how value travels
along chains — an article cited by an article cited by a patent is credited through the middle

term. Equation 4 is one linear equation per node. Collecting them gives V = CV, + c MV,
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whose solution is V = (I —oM)~1CV,, = ZkZO(UM)kCVp. The k = 0 term is the private value
a node already held; everything above it is the spillover it receives from downstream, which
is equation 1. We solve by iteration rather than inversion, starting from C'V),, applying oM
repeatedly, and truncating at K = 24 hops.?*

Three inputs have to be supplied: the seed CV,, the commercial value of every patent
(Section A); the citation network from which M and the reference counts n; are built (Sections
B and C); and 0. Only the last is free, and we calibrate rather than estimate it. Figure Al
recomputes the whole measure over a grid of ¢: two things move, and one does not. The level
of attributed value runs from $4.7 trillion at the bottom of the grid to $299 trillion at the top,
so every dollar figure in this paper is contingent on the calibration. The regional split tilts
monotonically: the United States falls from 31.1% of the value reaching science to 23.7%, while
China rises from 19.1% to 27.5%, and the two cross just above our baseline. A higher o weights
long citation chains more heavily and Chinese invention reaches science along longer chains,
so we do not claim the regional shares are invariant to o; Section F discusses the movement
directly. The ranking the measure induces across articles does not move. Setting every patent’s
private value to one, which strips the valuation out entirely and leaves a pure citation-network
statistic, reproduces 82% of the regional tilt: it is a property of the citation structure, not of

what we think patents are worth.

21 Because n; counts references that leave the network, M is column-substochastic and the Neumann series
converges geometrically at rate o. At o = 0.5 the truncated tail, of order 0¥, is below 1077 of the total.
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Figure A1l: Sensitivity of the spillover level and its regional shares to the per-hop decay o
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Notes: The Science Rank attribution recomputed over a grid of the per-hop citation decay o on the same network
(Section III); the baseline is o = 0.5, discussed in the text above. Panel (a): the global paper-side spillover level,
on a log axis, from $4.7T at the sparsest decay through $51.7T at the baseline to $299T at the densest. Panel
(b): the regional shares (inventor basis), which tilt monotonically and cross just above the baseline — the United
States 31.1% to 23.7% (27.5% at the baseline), China 19.1% to 27.5% (23.1% at the baseline). Dashed: the same
shares with every patent’s private value set to one, which reproduces 82% of the United-States-to-China tilt, so
the tilt is structural to the citation network rather than a product of the valuation.

Our attribution rule is a backward propagation of dollars on a citation network, and its
ancestry runs through two families. The first is influence weights and eigenvector centrality
(Katz, 1953; Pinski and Narin, 1976; Bonacich, 1987; Brin and Page, 1998) — a document’s
importance derives from being cited by important documents, the principle behind PageRank —
which economists have used to measure intellectual influence (Palacios-Huerta and Volij, 2004)
and physicists to find undervalued science (Chen et al., 2007). The second is the innovation-
network and technology-proximity approach to spillovers in economics (Jaffe, 1986; Bloom et al.,
2013; Acemoglu et al., 2016). From the first family we take the recursion; the difference is that
dollars propagate rather than influence scores, decaying by a fixed factor at each hop. Guillard
et al. (2021) apply that logic to the patent network alone and Martin and Verhoeven (2023)
to clean-technology spillovers; Martin et al. (2026) extend it across the patent—paper boundary
and introduce Science Rank, the measure we adopt. Closest in purpose, though not in method,
are the citation-distance measures (Ahmadpoor and Jones, 2017; Poege et al., 2019; Krieger
et al., 2024), which locate science by how many citation steps separate it from a patent rather
than by how much value flows back along them. Section B sets out why the difference matters
and what we add to Science Rank itself — above all the funding denominator that turns an

attribution into a return.
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B. The prediction panel and the backtest

[back to main text]

The modeling table has one row per article per year: 898.9 million rows with 159 predictors,
each frozen at what was knowable in that year. Time-varying predictors — citations, spillover-
so-far, the realized regional split — use running values truncated at the row’s year, never totals
that peek ahead. Field- and journal-level patent propensities are estimated leave-one-out from
older, fully observed cohorts, so an article never helps predict itself. Static predictors use only
pre-publication information.

Most article-years have no spillover at all, and a panel holding every one of them would
be an order of magnitude larger than the one we can compute on. We therefore keep every
article-year with positive spillover and a 5% random sample of those with none, and attach to
each row the inverse of its sampling probability — a weight of one for a positive row, twenty
for a sampled zero. We sample for tractability, not because the data force it, and the sample
is unbiased provided the weights are used: every mean, total, error metric and fitted model
in this paper is computed on the weighted panel, so each quantity describes the population of
articles rather than the sample drawn from it. Dropping the weights silently discards 95% of the
zero stratum, which biases every aggregate downward and, worse, mimics a real phenomenon:
recent cohorts, where the zeros are most numerous, look as though their science had stopped
generating value.

Four families of predictors provide most of the signal. First, spillover and attention so far:
cumulative and recent patent-linked value and scholarly citations, the autoregressive core and
the strongest predictor where any history exists. Second, patent proximity: how patent-prone
the article’s field, topic, and journal are, measured as of the row’s year and leave-one-out;
patent proximity drives the base rate. Third, novelty: atypical combinations of referenced
journals (Uzzi et al., 2013) and new-to-science combinations weighted by their distance (Wang
et al., 2017); novel recombination is the kind of science that occasionally seeds an entire patent
lineage, so it lifts the predicted tail. Last, authors and geography: the team’s prior output,
reach, and inventor overlap, and the article’s own country mix, the best available predictor of
where its spillover will land.

Arranged as publication-year cohorts (rows) against age since publication (columns), the
data form a lower-left triangle — old cohorts observed at all ages, young cohorts only young
— and the task is to fill the upper right out to age 30. We learn each horizon directly rather
than chaining one-year-ahead forecasts. A training pair is an article observed at anchor age a

and again at age a + h; the features are the article’s observed state at a (plus a and h); the
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target is cumulative spillover at a + h. One pooled model across cohorts, ages, and horizons
lets data-starved long horizons borrow shape from data-rich short ones; recency weighting sets
how hard we lean on recent cohorts. No prediction is ever fed back into another: the model is
indexed by age and horizon rather than calendar year, and every feature is an observed anchor
state.

Cumulative spillover is zero for most articles and heavily fat-tailed among the rest — the top
percentile of articles holds 82.9% of the realized total — and the object we need is the mean, since
dollars must sum across articles. We therefore fit a gradient-boosted Tweedie regression, whose
compound Poisson—-Gamma structure matches this shape exactly, and constrain predictions to
be monotone in the horizon so no article’s projected trajectory decreases.

We model regional composition separately: we predict the global total with the full ma-
chinery, then the sixteen regional shares (eight regions on two bases, each set summing to one),
so that small regions borrow strength from the well-estimated total and the parts add up by
construction.

The projection reaches thirty years into the future, so the only way to test it is against the
past: stand at a past year, use only what was known then, project forward, and compare with
what actually happened by 2022. For pseudo-cutoffs 1997, 2002, 2007, and 2012, we refit the
entire pipeline using only information available at the cutoff — between 10.8 and 36.7 million
articles per cutoff, at horizons of ten to twenty-five years. Table A1l reports the results; Figure

A2 shows the three headline diagnostics.
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Table A1l: Rolling-origin backtest of the spillover projection

[back to main text|

Ranking Discrimination Level bias

(how much) (whether) (% error)
Pseudo- Papers Spearman AUC Top-1% value Aggregate Young-anchor Naive
cutoff (M) p (any spillover) captured (%)
1997 10.8 0.71 0.91 75 —-14 -29 —79
2002 17.2 0.74 0.93 79 -3 —11 —69
2007 25.8 0.74 0.94 79 —28 —53 —66
2012 36.7 0.73 0.95 82 -35 —53 —60

Notes: Each row refits the full prediction pipeline using only information available at the pseudo-cutoff year,
projects every article forward to the age observable by 2022, and compares predictions to realized spillovers.
Spearman p ranks articles by predicted versus realized spillover. AUC measures discrimination between articles
with and without any realized spillover. Top-1% value captured is the share of total realized dollars found in
the articles the model ranks in its top percentile. Aggregate % error is (predicted — realized)/realized on the
sum over all articles; young-anchor % error restricts to articles at most five years old at the cutoff. Naive %
error uses a forecast that freezes each article’s spillover at its cutoff value. Every metric in this table is sampling-
weighted. The training panel holds all articles with positive spillover and a 5% random sample of the zeros, and
each row is weighted by the inverse of its sampling probability; those weights make the metrics describe the
article population, not the sample (Section B). The weighting sharpens the model’s separation of any-value from
zero-value articles and dulls its measured ranking of magnitudes; it leaves the direction and size of the aggregate
bias essentially unchanged.

Figure A2: Held-out validation of the spillover projection
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Notes: Held-out diagnostics pooled over the four pseudo-cutoffs of Table A1. The calibration panel plots mean
realized against mean predicted spillover by predicted-decile bin, which tracks the 45-degree line across four
orders of magnitude. The concentration panel sorts articles by predicted spillover, and the top few percent hold
most of the realized value. The aggregation-error panel plots absolute aggregation error against the number of
articles per group, alongside the 1/v/N benchmark: the error falls toward the benchmark as groups grow, so the
projection is reliable at the scale of grants and portfolios but not for a single article.

The model discriminates excellently between the articles that will and will not have com-
mercial value: it separates them at an AUC of 0.91-0.95 (the area under the receiver-operating
characteristic curve, a discrimination score on which chance is one half and perfect separation

is one), and the articles it places in its top percentile hold 75-82% of all the value eventually re-
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alized. It ranks magnitudes less well: rank correlations between predicted and realized spillover
run 0.71-0.74. We can therefore tell reliably which science matters, but not order the winners
among themselves, so we use the model for aggregates over grants and portfolios, never for
an individual article. The level is biased low: aggregate spillover falls 3-35% short of realized
depending on the cutoff, and 11-53% short for articles young at the cutoff — the regime the ter-
minated grants occupy. The bias is a shape error in the development curve: the model saturates
trajectories too early, in the fat tail that dominates aggregates, while the median per-article
error is approximately zero. A post-hoc recalibration closes the gap in sample and fails out of it
— fitted on the 1997-2007 cutoffs, it moves the held-out 2012 error only from —35% to —30%
(Figure A4) — so we do not apply the correction and keep the raw model. Every aggregate
level in this paper is therefore a conservative floor.

The backtest validates the global projection but does not separately test its regional split,

so we apply no regional correction: the shares of Section F are reported as measured.

Figure A3: The empirical development curve of article-level spillovers
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Notes: Mean predicted and realized cumulative spillover by article age in the 1997 pseudo-cutoff backtest. The
realized profile is the development curve used to distribute 30-year spillovers over calendar years for discounting
(Section B): half of the 30-year total accrues only after 18 years. The predicted profile saturates earlier than the
realized one — the development-curve shape error behind the aggregate under-prediction in Table A1.
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Figure A4: Out-of-sample failure of post-hoc level calibration
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Notes: Aggregate percentage error before and after an age-and-horizon level recalibration fitted on the 1997-2007
pseudo-cutoffs. In-fit cutoffs calibrate to approximately zero by construction; the held-out 2012 cutoff improves
only from —35% to —30%. Because the correction does not generalize to the young-article regime the terminated
grants occupy, the paper reports raw (uncalibrated) projections and treats aggregate levels as conservative floors.

C. Additional exhibits

[back to main text]

C.1. The headline ratio: the denominator and the accounting variants

[back to main text]

The headline ratio is $8.69 of foregone spillover per dollar of terminated funding (Table 3).
One force could move it materially: the grant-to-article linkage has densified over the donor-to-
terminated vintage gap, which lifts measured spillover per dollar as a coverage artifact; Section
C bounds that drift, and treating it as entirely artifactual lowers the headline to $6.21. The
remaining accounting choices move it far less. Re-drawing the funding bands, and restricting
the donor pool to its oldest or youngest cohorts, each shift the peer-pool ratio by well under
a tenth (Table A2), and the same-investigator donor arm reads about 30% higher. Measured
against the budget the terminations actually withhold, rather than the lifetime value of the
awards they cancel, the ratio rises to $30.18 per dollar — a different question from the one the

headline answers, reported as such (Section C).
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The higher-return agency is the NSF. Each terminated NSF dollar forgoes $11.20 of spillover
against $7.48 at the NIH, a factor of 1.50. The ordering holds only when both agencies are
measured against a comparable denominator: dividing instead by the terminated award would
deflate the NIH denominator and reverse it, the segment-versus-whole wedge of Section B. The
wedge is visible directly in the data. Among the terminated grants for which the award and
the lifetime-funding concepts coincide, the two ratios coincide too (10.60 against 10.64, 1,752
grants); among those for which they diverge, the ratios diverge by a factor of 2.37 (469 grants).
The wedge is mechanical rather than economic: with a consistent denominator, the NSF ranks
first.

Measuring both agencies against the same object — the lifetime project funding recorded in
Dimensions — puts this counterfactual into agreement with Section A. That section, running
on the entire population of funded grants by an independent route and for a different purpose,
reaches NSF $20.18 against NIH $8.60 among linked grants ($9.81 against $7.48 counting every
grant). Two pipelines, one on 2,221 terminated grants and one on more than a million funded
ones, agree on the ordering and roughly on the magnitude. The gap reflects price rather than
scientific merit: the median NIH award is $905.4K against $307.1K at the NSF, and although
an NSF- and an NIH-funded article have comparable commercial value, the NIH pays about
2.50 times as much grant money per resulting paper. Both ratios are far above one under every
accounting variant we report (Table A2), so the qualitative conclusion — the foregone spillover
exceeds the budget saved, several times over — does not depend on any single accounting choice.
It does depend on the Kogan et al. (2017) value calibration, with which all dollar levels scale

proportionally.

93



Table A2: Sensitivity of the headline ratio to accounting choices

[back to main text|

Variant Per $
Headline (Arm B, equal split, coherent $; 5.61 at PV@3%)  8.69

Selection bracket

Arm A (same investigator) 11.31
Credit rule

Full credit (upper bound; double-counts) 24.57
Donor window

Oldest donors (2001-2007) 9.21

Youngest donors (2008-2013) 8.18

Youngest three cohorts (2011-2013) 7.66
Denominator

Per $ of the terminated award 12.33

Per $ withheld 30.18

Notes: Variants of the headline dollars-per-dollar ratio of Table 3. Selection bracket: the same-investigator
donor arm, which reads high (Section C). Credit rule: crediting each article’s spillover in full to every grant that
supported it, rather than splitting it equally, double-counts articles with more than one funder and is reported as
an upper bound only. Donor window: restricting the donor pool to its oldest or youngest cohorts. Denominator:
the last two rows answer a different question rather than testing the same one — dividing by the value of the
terminated award, or by the budget not yet outlaid at termination, rather than by the lifetime project funding
that bought the science. No transport correction is applied: the cross-vintage gradient an earlier draft corrected
for was an artifact of the measurement window and is withdrawn (Section B). All dollar levels scale proportionally
with the Kogan et al. (2017) calibration; the per-dollar comparisons and shares do not.

C.2. Who held the terminated grants

The terminated grants were held by established, productive investigators, and were the smaller
of the grants those investigators held (Section D). Table A3 reports the investigators’ prior
publication records; Figure A5 sets the size of the terminated grants against their matched

donors.
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Table A3: Who held the terminated grants

Principal investigators of the N Prior Career Publications
terminated grants (resolved) publications (years) per year
. Research grants 1,742 54 22 2.4

back t text ’
[Pack to main text] Career-development 71 24 12 2.0
Fellowships 129 5 4 1.0
All resolved 1,942 47 21 2.3

Notes: The principal investigators of the terminated grants, measured strictly as of the grant year from each
investigator’s publication record, so that nothing published after the award enters. The principal investigator is
resolved to a publication record for 87% of terminated grants; the unresolved remainder are disproportionately
fellowship holders, whose thin records are genuine rather than a resolution failure. A surviving-grant benchmark
is available only for donors whose investigator also resolves, and resolution correlates with productivity strongly
enough that the resolvable slice of the donor pool returns about twice the spillover per dollar of the full pool
— 50 a terminated-versus-surviving contrast drawn here would be measuring who is findable in a bibliographic
database. The same-vintage comparison in Section D, against contemporaries resolved identically on both sides,
does not have that defect. All entries are medians across the resolved investigators in each row.

Figure A5: The terminations removed the smaller grants
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Notes: Cumulative distributions of the expected 30-year spillover of a grant, in millions of 2010 dollars, with
each grant placed at the mean of its agency X field x funding-band cell on both sides: the terminated grants
(matched-donor counterfactual) and the comparable surviving grants that serve as their donors. The horizontal
axis is a level per grant, not a rate: the terminated distribution sits to the left because the terminated grants
are smaller. The per-dollar comparison, once size is divided out, is the 38th percentile reported in Section D,
alongside the peer comparison of Table 4. Source: authors’ calculations on the matched treated-and-donor grant
panel.

C.3. The field partition

Table A4 reports the full field partition of the foregone spillover; Section E discusses the three

patent-proximate divisions that dominate it.
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Table A4: Foregone spillover by field: full partition

[back to main text|

Field (ANZSRC FOR-2020 division) Terminated grants Foregone ($M) Share (%)
Biomedical and clinical sciences 426 7,779 29.8
Information and computing sciences 212 6,170 23.6
Biological sciences 218 4,430 17.0
Education 742 2,220 8.5
Health sciences 157 1,451 5.6
Engineering 36 1,030 3.9
Chemical sciences 15 919 3.5
Commerce, management and services 66 582 2.2
Psychology 59 339 1.3
Built environment and design 12 250 1.0
Creative arts and writing 23 153 0.6
Human society 104 148 0.6
Physical sciences 3 128 0.5
Environmental sciences 14 116 0.4
Language, communication and culture 43 98 0.4
Economics 22 73 0.3
Philosophy and religious studies 15 70 0.3
Law and legal studies 26 59 0.2
Agricultural, veterinary and food sciences 4 34 0.1
Earth sciences 9 31 0.1
History, heritage and archaeology 12 18 0.1
Mathematical sciences 2 3 0.0
Field not recorded 1 13 0.0
Total 2,221 26,112 100.0

Notes: The foregone 30-year spillover of Table 3 partitioned by research field (ANZSRC 2020 two-digit divisions,
from the Dimensions classification of each grant). We assign grants spanning several divisions to their primary
division, and give the single grant Dimensions leaves unclassified its own row rather than dropping it, so the
partition matches Table 3 up to rounding. Rows are rounded to the nearest $M and so need not sum to the
displayed total; the grant counts and shares reconcile exactly.

C.4. Break-even, by route and by field

The break-even calculations of Section B are reported in full here: by the route the value travels

(Table A5) and by research field (Table A6).

o6



Table A5: Payback time of a research dollar, overall and by route

% of funding  Break-even Half-life
recovered (years) (years)
Panel A. Overall (NIH4+NSF, cohorts 1990-2002, each observed >20 years)
Undiscounted 339.7% 9.8
Discounted at 3% 232.6% 11.3
Linked grants only® 400.8% 8.6
Highest-coverage cohorts” 10.7
Panel B. By route (undiscounted; half-life is on the paper’s own clock)
Direct 163.7% 13.1 10.9
Science chain 103.8% 19.6 18.6
Patent chain 47.9% not reached 19.3
Mixed 24.4% not reached 23.7
All four 9.8 16.8
Panel C. The budget window (cohorts 1990-92, observed a full 30 years)
Realized inside 3 years 2.4%
Realized inside 5 years 7.4%
Realized in 30 years 557.2% 7.9 20.5

Notes: Cumulative spillover realized through 2022 — never projected. Cohort curves are aggregate ratios (total
spillover + total funding), not means of per-grant ratios. Funding in constant 2010 USD; spillover credited to
a grant at an equal split across the grant(s) supporting each paper. The half-life in Panel B is on the paper’s
clock (years after publication); the one in Panel C is on the grant’s (years after the award starts), and the gap
between them is the publication lag. * The denominator is the funding of grants with at least one traceable
paper, rather than all funding; the gap between the two is linkage coverage, not economics. ® Cohorts 2000-02,
the highest-coverage cohorts we can still observe for 20 years; every estimate here is an upper bound on the
payback time, because a grant whose papers we cannot see contributes funding but no spillover. The cross-
cohort comparison is not identified and no trend is claimed: linkage coverage doubles across cohorts and
the patent-value pool itself grew four- to six-fold, and holding that pool fixed reverses the sign of the apparent
gradient.

[back to main text|
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Table A6: Break-even by field (NIH+NSF, cohorts 1990-2002, undiscounted)

All four routes

Direct route only®

Cum. value

Break-even

Cum. value

Break-even

Field (ANZSRC division) Grants (% of cost) (yrs) (% of cost) (yrs)
Biomedical and Clinical Sciences 50,262 320% 9.6 171% 12.6
Biological Sciences 45,731 480% 7.4 234% 9.5
Information and Computing Sciences 22,647 378% 11.3 132% 16.0
Engineering 21,947 770% 6.8 280% 8.2
Earth Sciences 17,039 42%  not reached 17%  not reached
Chemical Sciences 11,015 1123% 4.6 509% 5.2
Education 9,749 32%  not reached 14%  not reached
Physical Sciences 7,083 112% 19.0 44%  not reached
Health Sciences 6,533 65% mnot reached 34%  not reached
Mathematical Sciences 6,134 85%  mnot reached 32%  not reached
Psychology 3,495 81%  not reached 41%  not reached
Agricultural, Veterinary and Food Sciences 3,333 311% 10.8 141% 14.7
Human Society 2,683 33% not reached 18%  not reached
Economics 2,073 65% not reached 36% not reached
Commerce, Management, Tourism and Services 1,934 41%  not reached 17% not reached
Philosophy and Religious Studies 1,784 120% 18.3 54%  not reached
History, Heritage and Archaeology 1,723 89%  not reached 40%  not reached
Language, Communication and Culture 1,705 34% not reached 16%  not reached
Built Environment and Design 1,670 250% 12.7 110% 18.5
Law and Legal Studies 1,106 44%  not reached 20% not reached
Environmental Sciences 1,097 155% 16.9 76% not reached
Creative Arts and Writing 506 86%  not reached 39% not reached
Unclassified 27,687 278% 8.9 143% 12.9
Notes: Grant-side ANZSRC Field-of-Research divisions — the grants’ native taxonomy, so no crosswalk is

imposed. Unclassified is the 22% of grants Dimensions leaves uncoded; it is not a field. ® The conservative
variant: value reaching the paper only because a patent cites it directly, discarding every indirect route. This
table measures commercial value and nothing else. A field that does not break even here has not been
shown to be without value; it has been shown to deliver little of its value through the patent channel, which is
the only channel this paper prices — and which is precisely the wrong instrument for reading the worth of, say,
history or law.

Table A6 reports the break-even calculation of Section B field by field, and it is easily
misread. The fields closest to the patent frontier repay their funding quickly — chemical sciences
in under five years, engineering in under seven — while several do not repay it at all inside the
twenty years we can observe. Among those are education, human society, law, language, and
economics — and, more surprisingly, mathematics and health sciences.

A low number in this table does not show that a field is without value; it shows that little
of the field’s value travels through the patent channel, the one channel this paper prices. The
patent channel is a reasonable measure of the commercial value of chemistry. It is a poor
measure of the value of history, law, or education research, whose returns run through human
capital, institutions, public health, and practice, none of which cite a patent. For such fields

the measure is silent, and we report the field split so that these silences are explicit.
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C.5.  Funded versus unfunded science

The funded-versus-unfunded contrast of Section C is confounded by the coverage of grant ac-

knowledgements, not identified. Table A7 reports the contrast and Figure A6 the confound.

Table AT: Realized commercial value of science, funded versus unfunded

[back to main text|

N articles Mean value ($M) % with positive value Funded/unfunded ratio

Al articlos funded 12.3M 0.799 82.7 8.4x
artieies unfunded 440M 0.095 15.5

i at funded 2.03M 1.158 96.7 3.2x
1gh-coverage stratuii - funded 5.13M 0.367 60.1

Notes: Realized commercial value of science on grant-linked versus unlinked articles. Unfunded means not linked
to any grant we observe, so the raw contrast is confounded by linkage coverage, which collapses before 2000
and outside acknowledgement-indexing funders. We therefore report a high-coverage stratum — US-authored
articles published 2005-2018 in dense-coverage fields — alongside all articles, and disclose the confound directly
in Figure A6. The gap falls from 8.4 to 3.2 times from the all-article to the stratum panel, and even the stratum
figure is a correlational lower bound: it removes neither the coverage confound nor selection into funding, so it
is not a causal effect of funding. N is the population-scaled article count — each sampled article is scaled by its
sampling weight back to the full population (Section B) — not a raw count of articles. No test is implied; the
ratio is a raw ratio of means.

Figure A6: Funded versus unfunded is confounded by coverage, not identified
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Notes: Grant-acknowledgement indexing, not a change in funding, drives most of the pre-2000 rise. The figure
plots the share of articles linked to a grant (a count share) and the share of commercial value on linked articles
(a value share), by publication year; acknowledgements are barely indexed before 2000. This is the confound
behind the funded-versus-unfunded contrast of Table A7. Commercial value accrues with a lag, so the most
recent publication years are right-truncated: the decline in the value share after 2019 reflects value not yet
realized, not a fall in the grant-linked share.
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