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Abstract
With calls to increase federal funding in the physical sciences, in particular for sustainable energy
technology (SET), there is a need to better understand the relationship between funding and innovation.
In this dissertation, I examine the relationship between federal funding and research productivity, as
revealed through publications and citations, for a sample of academic researchers with SET interests.
I consider three policy levers the federal government can use to increase researcher productivity: (1)
increase individual funding to increase individual research productivity, (2) increase individual funding in
a particular topic area to increase individual research productivity in that area, and (3) increase national‐
level funding in a topic area to increase researcher participation in that area. I focus on SET and
biomedical research as the topic areas of concern and created a sample consisting of academic chemists
with a stated interest in SET, with data on their person‐level federal grants received, publications, and
citations.
I find that doubling of research funding at the individual level is associated with a 16% increase in
publications and an 11% increase in highly‐cited publications. At mean values for the sample, the
publication increase is equivalent to a cost of $180,000 per additional publication with a funding
increase, as compared to an average cost per publication of roughly $60,000. Within‐topic relationships
between funding and productivity are similar, with a doubling of funding in a topic area associated with
a 5‐25% increase in publications in that topic area, for both SET and biomedicine. Increased funding in
one topic area is not negatively correlated with productivity in other topic areas, suggesting that
researchers do not readily shift from one topic area to another. Finally, I consider national‐level funding
for a topic area and its relationship to researcher participation in that topic area. A 25% increase in
national‐level funding is associated with an 18% participation rate increase for SET and a 7%
participation rate increase for biomedical research.
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Chapter 1 ‐ Introduction
Federal funding is the central resource for academic research and development (R&D) in the US
(National Science Board 2014). In fiscal year 2012, the US federal government spent $38.6 billion on
science and engineering (S&E) research and development (R&D) at universities, 63% of the total
academic S&E R&D budget. Thus changing federal funding climates have large ramifications for these
academics. Academic research is also key to US R&D, composing 55% of national basic research in 2011
(National Science Board 2014).
Over the past couple of decades, funding has increased, overall and in specific fields. In particular,
academic research funding in the life sciences doubled in constant dollars over the period 1996‐2006 (
Figure 1.1) (National Science Foundation 2013b). Funding for sustainable energy technology (SET) RD&D
more than doubled over the overlapping decade 1998‐2008, with a further spike in 2009 due to

funding through the American Recovery and Reinvestment Act (
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Figure 1.2) (International Energy Agency 2013a). With concern about climate change, many advocates
for SET R&D have called for federal funding to rise still further (Ogden, Podesta et al. 2008; Burnham
2010; Revkin 2014), some suggesting that we should dramatically increase funding, in a Manhattan
Project type approach (Nemet and Kammen 2007; Cohen 2014); others have recommended a more
stable and sustained approach (Narayanamurti, Anadon et al. 2009; Mowery, Nelson et al. 2010).
Figure 1.1: Federal Funding for Academic R&D in the Life Sciences
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Figure 1.2: Total US RD&D for SET (renewable energy, hydrogen & fuel cells, and energy storage)
1200

Millions of $2012

1000
800
600
400
200
0
1991

1996

2001

2006

Year
Source: International Energy Agency 2013a

Despite calls for increased funding, there is little research investigating whether past funding increases
have efficiently furthered innovation. There is also little understanding of how a given set of dollars can
best be spent to promote targeted research goals such as SET. While there is widespread belief that
R&D spending is good for economic growth (Congressional Budget Office 2007) as well as providing
innovations that directly serve the public good (e.g. by increasing health and longevity or developing
SET), there is little understanding of how increased funding affects research productivity, especially
during times of rapid increases.
Because research is typically a long‐term process, it may be difficult to efficiently adjust to changes in
funding levels. At the university or department level, research involves long‐term commitments in
building infrastructure, purchasing shared equipment, and hiring professors and staff. At the primary
investigator or researcher level, research involves commitments to students and other lab staff as well
as to equipment purchases. Although universities and researchers cannot predict the level of future
funding in general, large aggregate funding fluctuations increase this uncertainty, making long‐term
planning more difficult. In addition, with a limited supply of researchers, increased research effort may
not be able to scale with rapidly rising budgets. Sudden increases in funding availability may mean that
researchers submit less well‐conceived research proposals and that these inferior proposals are more
likely to be funded. Multiple national research goals may compete for academic attention and a
targeted increase in one area may detract from other areas of concern.
In this dissertation, I use data from past funding increases to consider the relationship between funding
levels and academic productivity. My goal is to better inform policymakers as they consider further
increases. I consider three policy levers. Each lever is a variation on how the federal government might
use R&D funding to increase research productivity:
1. Increase individual funding to increase individual research productivity
2. Increase individual funding in a particular topic area to increase individual research productivity
in that area
3. Increase national‐level funding in a topic area to increase researcher participation in that area

3

In all cases I consider a fixed sample of researchers, chemists who conduct research on SET as a
component of their research portfolio, and focus on the targeted research areas of SET and biomedicine.
I focus on SET researchers as SET research is of strong current social interest, with many advocating for
large funding increases. For the purposes of this dissertation, SET research is research relevant to
technologies associated with more sustainable energy generation, transport, or storage, with the aim of
reducing greenhouse gas emissions. See Chapter 3 for further discussion. I use biomedical research as a
contrasting research area to SET as it is also of broad social concern and is associated with a large
funding pool. I use chemistry researchers as a case study as chemistry lies at the intersection of these
SET and biomedicine R&D goals and thus provides an opportunity to look at interactions between two
current and significant research targets. It is also a resource‐intensive discipline and should be relatively
sensitive to funding constraints.
I conduct regression analysis over the period 1992‐2013 to consider each of the three funding policy
levers and their relationship to the individual‐level productivity of these chemists. I consider the
association between individual‐level federal grants and productivity by using Poisson regression of the
researchers’ publications and highly‐cited publications on their lagged federal grant amounts.
Individual‐level analysis allows me to consider individual researcher behavior and analyze the
relationship between funding and productivity at the level considered by the funding agency when they
award grants. Individual‐level analysis also allows consideration of specific research topic areas, an
analysis that would be much more difficult at the institutional level for tailored topic areas such as SET.
However analysis at the individual level also comes with incomplete data on funding as it is difficult to
trace all funding sources. In contrast, full institutional‐level funding data is readily available thanks to
NSF survey work (National Science Foundation 2013b). Individual‐level analysis also neglects any
spillover effects: funding for one researcher may provide benefits for others through shared institutional
resources or collaborations.
Although this work focuses on the contribution of academic research to new knowledge, academic
scientists make a much broader set of social contributions. They teach, both in the classroom and in the
laboratory, with the training of graduate students often an explicit requirement of grants. They also
perform administrative tasks that keep the system running, both in their institution and for the broader
research community (e.g. reviewing papers, hosting conferences).
This dissertation is composed of seven chapters, including this introduction. In Chapter 2, I review
literature on funding for academic research and academic productivity, with a section focusing on SET
R&D. In Chapter 3, I discuss the process I used for collecting the dataset used in Chapters 4‐6. Chapters
4‐6 describe the econometric analysis and results, with one chapter for each of the three policy levers.
In Chapter 4, I consider the relationship between federal grants and productivity and find that a
doubling of research funding is associated with a 16% increase in publications. Chapter 5 extends the
analysis of Chapter 4 to consider targeted research areas. I apply the regression model developed in
Chapter 4 to within‐topic relationships between funding and productivity for both SET and biomedical
research. I find these within‐topic relationships to be consistent with those estimated without
consideration of topic area. For both SET and biomedicine, a doubling of funding is associated with an
increase in publications of roughly 5‐25%. I also find that cross‐topic effects are minimal. In Chapter 6, I
examine the relationship between national‐level funding in a topic area and researcher participation in
that area. I use logistic regression of individual‐level participation in a topic area, as indicated by
publications, on DOE and NIH appropriation amounts. These appropriation amounts are proxies for
national‐level funding in SET and biomedical research respectively. I find that a 25% increase in
national‐level funding is associated with an 18% participation rate increase for SET and a 7%
4

participation rate increase for biomedical research. Finally, I summarize the conclusions of this work in
Chapter 7.
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Chapter 2 ‐ Literature on Federal Funding and Academic Science
This literature review examines the current state of research on the role of federal funding for academic
science to provide context for my findings. I begin by looking at arguments for a role for public funding
of science and explore the economic benefits of publicly funded research. I then examine the
motivations of academic researchers with an eye to incentivizing productive behavior from them. The
heart of this review is an examination of the current US federal grant system and prior work on the
relationships between grants and productivity, work that is directly related to one of my research
questions. I summarize previous findings as well as highlight potential concerns with analyzing the
relationship between funding and academic productivity. I then consider literature on factors other
than funding that may influence productivity. Because the empirical analysis in my dissertation has a
focus on SET, I end with a section on the funding of SET research.

Why Should the Government Fund Basic Research?
Before considering the relationship between federal funding and academic research, it is worth asking
whether government should be funding academic research at all. Economic theory suggests a role for
government in funding academic science, particularly when it is basic science in the public domain. Left
to the free market, investment in R&D is subject to several market failures in which the market supply of
research does not reach the socially optimal level. For example, R&D findings in the public domain can
act as public good: generated knowledge can be accessed by all and use by one entity does not restrict
access by others. More specifically, in addition to being used by those who have directly invested,
innovation can be used by others to further the development of their own new technologies, so that the
overall benefits from R&D spending exceed the direct financial benefits to those doing the research
(Solow 1957; Romer 1990). If left in the private domain, it is unlikely that one firm would be able to
appropriate, or even recognize, all potential benefits of basic research as it can often be used in multiple
and unexpected ways (Stephan 2012). Government funding for R&D can increase the production of new
knowledge in the public domain to better maximize the benefit to society. In addition to these gaps
between the publicly and privately optimal levels of R&D, firms may be hesitant to invest in high‐risk
technologies. In many cases, payoffs will be generated many years in the future, if at all.
A more recent perspective argues that the public goods argument for basic science is oversimplified
(Pavitt 1991; Salter and Martin 2001). Pavitt notes that in practice, the research produced from basic
science is not a true public good as consumption is not costless. It often requires an investment in
knowledge to understand and use (Pavitt 1991). Thus those who wish to make use of research done by
others, whether in industry or in other nations, are unlikely to be able to successfully freeload; they
need to invest in their own research in order to use others’ well. In addition, the technologies
associated with this knowledge are often tacit, either because it is difficult to codify the details, many of
which may not be explicitly known, or because the inventors choose to keep the details required for
technology use private. For example, the ability to create transgenetic mice likely spread via lab
trainees rather than through publications because the technology was kept tacit (Stephan 2012). Pavitt
argues that a major contribution of academic research is providing trained scientists who can
understand research and have the tacit knowledge associated with particular knowledge; these human
capital research products can disseminate new knowledge and ways of acquiring further knowledge
(Pavitt 2001). Rather than a public goods argument, he believes better justifications for public funding
are the uncertainty in basic science’s practical utility and generating a trained labor force that
understands science and may have access to tacit knowledge (Pavitt 1991).
6

With the increasing globalization of knowledge and the R&D workforce, the benefits of subsidized R&D
are less localized, suggesting that the optimal level of public investment is perhaps lower than in the
past. However, this factor may be counteracted by the movement of R&D intensive industries across
borders to regions with strong basic science capabilities, suggesting sustained economic benefits of
knowledge investment (Freeman and Van Reenan 2009).
Economic Growth and Academic Research
Public funding for academic science may be justified in theory, but it is difficult to estimate the impact of
academic research in generating technologies that eventually make it to market. This is especially true
when the research is more basic than applied. Basic research from many sources may be used in the
development of a single technology and only a small component of any broad‐ranging basic science
project may prove relevant. It is also difficult to trace influence.
Although the relationship between academic research and economic growth appears to be large and
positive (Adams 1990; Martin 1998; Salter and Martin 2001; Stephan 2012), it is difficult to establish the
mechanism or even causality. Lags between academic work and the effects on the economy may be
long, on the order of twenty years in Adams’ study (Adams 1990), although this work was done using
data from 1953‐1980 and may no longer be applicable. Public funding for academic work may also
operate differently than private funding and may have a lower rate of return (Salter and Martin 2001).
Survey work suggests that firms primarily value scientific literature as a source of knowledge transfer
and then informal and formal communication (Cohen, Nelson et al. 2002).
In one of the most thorough approaches examining the impact of academic research on the private
sector, Mansfield surveyed the heads of R&D in a sample of large firms in seven major industries and
found that approximately one tenth of new products and processes would not have occurred without
substantial delay if it had not been for the contribution of academic research (Mansfield 1991). Based
on these results, he estimated a preliminary rate of return of 28% on the investment. An updated study
showed an even higher reliance on academic work (Mansfield 1998).
Aside from the impact of new knowledge and technologies, basic science and academic research make a
broader set of contributions to economic growth, some of which facilitate the transfer of knowledge and
technology. As a result, an economic impact estimate based only on research products will be an
underestimate (Stephan 2012). Additional contributions include increasing knowledge and technology,
training individuals for the scientific workforce, creating networks of experts through which information
can be shared, and generating new spin‐off companies (Salter and Martin 2001).
There is also a geographic relationship between academic research and nearby industrial innovation
(Jaffe 1989; Acs, Audretsch et al. 1992). Proximity may facilitate knowledge transfer, a shared labor
pool, and shared resources (Jaffe 1989), but this effect may have lessened with the increasing ease of
long‐distance communication. However a case study of Silicon Valley firms founded by Stanford
University faculty or students (Stanford University 2011) suggested some of these proximity effects have
persisted.
The ways and degree to which the private sector benefits from publicly funded academic research
differs widely by industry (Salter and Martin 2001). At the high end, the pharmaceutical industry has
very strong ties to academic research, with universities as the first discoverers of 31% of scientifically
7

novel drugs approved by the FDA between 1998 and 2007; basic academic research was likely influential
in many more (Kneller 2010). Although it is difficult to quantify, with variation by discipline and location,
academic research can have great benefit for economic growth and private innovation.

Academic Research and Motivation
If society aims to optimize the research products that scientists generate, it is useful to understand the
reward systems and motivations of these scientists. In this dissertation I focus on the relationship
between funding and productivity; however the benefits of being an academic scientist are diverse and
extend beyond the financial. The benefits do include the standard financial and status benefits of
employment, but also the security of tenure once it is achieved, any intrinsic enjoyment of science, and
the freedom to pursue the problems the researchers choose.
Financially, most academics receive salaries for the nine‐month academic year (Stephan 2012). These
salaries are relatively flat, although there is some correlation between productivity and salaries (Stephan
2012). Higher promotion levels and/or employment in a better funded department will typically
generate better pay (Ehrenberg 1992). The promotion system within academia is typically limited to
three levels: assistant, associate, and full professors, although there are additional rewards such as
named professorships. Some individuals may choose to obtain additional financial and/or professional
rewards through the administrative track, for example through positions as deans. Compensation for
work during the summer is typically provided through grants. Researchers may also receive additional
compensation through initiatives in the private sector such as collaborations, advisory roles, or start‐
ups.
From the perspective of the researcher, salary can be seen as a fixed part of financial compensation,
providing a secure basis for participating in the academic research funding cycle. A fixed salary can be
especially valuable to the risk averse who might otherwise choose not to rely on fluctuating grant dollars
for their compensation (Dasgupta and David 1994). Additional sources of financial reward, such as grant
funding and private sector initiatives, are more closely tied to research success and incentivize effort
(Stephan 2012).
For those who fund research, there is a principal‐agent problem: the incentives of the funder (principal)
and the researcher (agent) are not necessarily aligned. Funders would like to provide resources to
researchers who both have the high ability to produce quality research and who exert effort. A better
capability to secure future funding can be used as an incentive for researcher effort. However it is
difficult to monitor ability and effort; good ideas and strong effort will not necessarily generate
publishable results and so funders cannot be sure their incentives are maximizing researcher effort.
Over the long term, there will be a greater correlation between effort and positive results, although
cumulative advantage (see below) may cause disproportionate advantages for those who are lucky at
the beginning of their careers.
The funder’s principal‐agent problem is also mitigated by a researcher’s intrinsic motivation to do
research and succeed. Successful academic scientists are typically motivated by more than money. If
money were the primary driver they would likely have targeted the private sector where financial
compensation is generally higher and research resources may be higher as well. In addition to financial
compensation, academic researchers receive the opportunity to work on the problems that they choose,
any enjoyment that they receive in this activity, and reputational rewards. These are more difficult to
8

measure than financial rewards. Rewards for success also include future grant money and with it the
opportunity to continue or expand their research.
Scientists achieve public recognition for their success by publishing their work, typically in peer‐
reviewed journals. As an indication of ability, a successful publication record is typically a prerequisite
for funding, and scientists will aim for a larger number of publications, particularly in prestigious
journals. Because a first discovery is more valuable than a later discovery, there are incentives to
publish new findings as quickly as possible, a priority of discovery in some ways similar to the priority
represented by a patent (Merton 1957). Quick publication is socially advantageous as the information
becomes publicly available and it can then be tested and evaluated sooner by others (Dasgupta and
David 1994). There can be tension between the rewards gained from disclosure and the risk that
disclosure will enable competitors to make the next discovery first. Researchers may choose not to fully
disclose information to maintain their advantage, reducing the social advantages of the priority system
(Dasgupta and David 1994).
Aside from the competition for funding, there is also a competition for the limited supply of academic
jobs. This competition ends when a researcher achieves tenure, unless they wish to change institution.
The tenure system facilitates academic freedom and the ability to make long‐term investments,
however its security may decrease incentives for researchers to exert effort. Younger scientists can
compete with their peers for new openings, but more established, tenured researchers are exempt.
Thus it is not necessarily the best possible researchers who are employed in academia.

Effects of Funding on Productivity
Although there are many components involved in academic productivity, in this dissertation I focus on
the contribution of funding to academic productivity. Academic scientists usually require funding to
pursue their research, especially in laboratory sciences and engineering. Depending on the discipline,
funding is required to provide money for equipment, field work, and consumables such as chemicals.
Grants often contribute to a researcher’s salary as well as providing funding for graduate students, in
the form of tuition and stipend. Grants may also finance additional labor in the form of postdoctoral
fellows and laboratory staff. Alongside grants from public sources and nonprofits, institutions may fund
research internally, especially when a researcher is first establishing their lab and faces the high costs of
start‐up. Additional funding may also come from industry. In 2012, the federal government provided
63% of academic science and engineering R&D dollars, with institutions self‐funding almost 20%, state
and local governments funding 5.5%, nonprofits almost 6%, and private industry over 5% (National
Science Board 2014).
This dissertation focuses on the impacts of federal grants and how they might influence academic
productivity. In the next sections I consider the federal funding process and then describe prior studies
on the relationship between federal funding and academic productivity, considering both the amount of
funding and the funding approach.
Federal Funding through Peer Review
After a start‐up period, academic research is primarily supported through federal funds. Typically
researchers submit proposals to agencies such as NSF and NIH where they are subject to peer review.
Federal funding may also be disbursed through alternatives, such as block grants to institutions, whether
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assigned through earmarks or a more systematic assessment process (Stephan 2010; Stephan 2012).
There have also been public and private experiments with prizes, awarding cash rewards for inventions
achieving specific goals (Stephan 2012).
Under the peer review process, grant applicants submit proposals to the funding agency section most
appropriate for the topic of their proposal. The proposals are reviewed by a panel of their peer
researchers. Typically reviewers score proposals, with better‐scoring proposals more likely to be funded
although the section administrator often has some discretion. Higher priority proposals are funded, up
to the limit of the program’s budget (Stephan 2012).
The advantages of peer review are many (Stephan 2012), primarily including a selection process that
focuses on quality rather than operating according to the political climate, lobbying, or funding inertia.
Unlike some block grants which may specify research targets, scientists are free to submit proposals on
the topics they find interesting or potentially fruitful, allowing for a more diverse set of goals. As
support is often partially determined by past success and preliminary results, it also incentivizes effort to
keep grant support flowing. To the extent that proposals are evaluated on the bases of their content
and not only past performance, the peer review process allows funds to go to researchers who may not
have previously obtained funding, if their ideas are judged to be of high quality.
Peer review also has downsides, including the time invested both in submitting proposals and evaluating
them. Although much of the research‐development work required for the proposal might be useful
independent of the funding application, there is a considerable bureaucratic load, both for the submitter
and peer reviewers (Stephan 2010). Peer review may also discourage risk‐taking if the review and
renewal process does not provide the time to explore and recover from failure, as failure may prevent
future funding. More conservative funding agencies may require proposals that sound achievable (i.e.
are incremental rather than groundbreaking), sometimes entailing substantial “preliminary” results
(Stephan 2012). If there is too much dependence on past success in evaluating researchers, those with
past failures may be less likely to get future grants, even though failure is partly a function of luck; in
such cases, upward mobility through the research ranks may be more difficult. The high uncertainty
associated with grants may also make efficient long‐term planning more difficult. The number of grants
a researcher receives is also a metric to evaluate them by, particularly before tenure. When funding is
an evaluative metric, researchers may be motivated to apply for more funding even if it will not improve
their productivity (Sousa 2008). Peer review panels may not always have the expertise to evaluate wide‐
ranging proposals well (Huffman and Just 2000). Huffman and Just also suggest that researchers may be
less motivated to invest effort because grants are awarded before the research is completed (Huffman
and Just 2000). This concern is less likely to be problematic if there are few large funding sources, as in
the US, because researchers then tend to have long‐term relationships with funding agencies and need
to preserve their reputation.
In contrast to the individual grant process, block‐grant funding to institutions typically has lower
bureaucratic costs and provides a more secure source of funding. This potentially allows for more
efficient long‐term planning and investments in higher‐risk, higher‐reward research. However
researchers may be less motivated as their future research is less at stake. Empirically there is little
evidence supporting one approach over another (Stephan 2010).
While universally valuing quality, agencies are somewhat distinct in their funding criteria. For example,
the NIH has a reputation for placing more importance on past performance, including publications and
grants, than the NSF which limits the number of previous publications an applicant can list (Stephan
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2012). Unlike the NSF, the NIH has a tradition of renewals, with grant renewals having a higher success
rate than new proposals. DOE often bypasses the peer review process, making its funding decisions in
house (Stephan 2012).
Impacts of Funding Amount
In this dissertation, I focus on the relationship between federal funding and academic productivity.
Additional funding for research might decrease or increase returns per dollar, depending on whether
funding investment has decreasing or increasing returns to scale. Decreasing returns would be
expected, for example, if researchers act first on their best ideas or if attention of the primary
investigator is limited and central to the productivity of individuals in the research group. In this case,
additional funding for additional proposals or graduate students generates less product per dollar.
Increasing returns might result if additional funds and more research staff allowed for better use of
existing capital investments, such as equipment, or if additional capital investment allowed for more
productive research.
There is substantial empirical literature on the economic relationship between R&D funding and
research productivity (Stephan 2010; Stephan 2012). A number of papers have looked directly at
government grants for R&D (Margolis and Kammen 1999; Nemet and Kammen 2007; Jacob and Lefgren
2011), including those that focus on research in an academic context (Adams and Griliches 1998; Payne
and Siow 2003). These studies show that, although spending on R&D is positively correlated with
research outcome measures such as publications, citations, and patents, the relationship is of
decreasing returns to scale. The relationships between additional funding and productivity range from
very weak (Arora and Gambardella 2005; Jacob and Lefgren 2011) to moderate (Payne and Siow 2003).
In almost all cases the productivity gains are much less than proportionate to the funding increase.
Existing estimates vary, in part, because they are based on different populations and methods. For
example, models that suffer from omitted variables bias likely overestimate the correlation between
funding and productivity as omitting variables such as researcher ability will bias estimates upwards. By
including researcher‐level fixed effects, the effects of time‐invariant researcher characteristics can be
eliminated, producing more reliable estimates. The use of an instrumental variable further protects
against omitted variables, if the instrument is well chosen. However, instruments for funding can rely
on marginally funded work, generating estimates for the impact of funding on productivity that are likely
to be lower than those based on all funded research. Table 2.1 and the paragraphs below summarize
the results of key papers.
Adams and Griliches conducted early empirical studies on the correlations between funding and
academic output using data at the aggregate field and university level during the 1980s (Adams and
Griliches 1996; Adams and Griliches 1998). They estimated the elasticity of output with respect to
funding and found results roughly consistent with constant returns to scale in aggregate and diminishing
returns at the university level (0.6 for publications and 0.7 for citations) (Adams and Griliches 1998).
Adams and Griliches suggested the discrepancy may be because of data errors at the university level
and/or because positive spillover effects may be neglected at the university level. When they used
eight‐year differences (i.e. field and university fixed effects), the estimated elasticities were no longer
significant. They concluded that the observed correlations between funding and productivity are in
large part due to differences between universities and fields. Data issues in defining the boundaries of
R&D spending and disciplinary fields may have biased estimates downwards.
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Although Adams and Griliches did not look at researcher‐level characteristics, they did consider different
types of institutions, finding that institutions ranked in the top ten by the Institute for Scientific
Information had a lower R&D spending cost per citation than other institutions, although there was little
difference in the cost per publication (Adams and Griliches 1998). This is not surprising as the top ten
institutions were selected for their citation impact per paper. These top institutions were likely to be
more efficient at generating higher‐impact work because they were able to employ higher‐quality
researchers and impose higher expectations. Researchers thus may have been more compelled to
expend their resources in potentially high‐impact directions, rather than relying on safer incremental
work. A well‐regarded institution or researcher may also garner more citations than those with lesser
reputations, even if the work is similar.
Table 2.1: Key Literature Results on the Elasticity of Publications with Respect to Funding

Adams and
Griliches 1998

Unit of
analysis

Funding
variable

University
and field

All R&D
spending

Payne and
Siow 2003

University

Federal
research
funding

Whalley and
Hicks 2014

University

Institutional
R&D spending

Arora and
Gambardella
2005

Individual
(economists)

NSF grant
amount

Jacob and
Lefgren 2011

Individual
(biomedicine)

Receiving NIH
grant

Notes on
method

Elasticities of publications
with respect to funding
Insignificant with FE at
university and field levels

IV:
congressional
representation
on
appropriations
committee
IV: stock
market acts as
IV for
endowment

OLS without school FE: 0.71;
OLS with FE 0.13;
IV with FE: 0.32, not significant
with state‐level variables (0.23)

IV: around 1 with FE
Assistant professor: 0.24;
Associate professor: 0.12;
Full professor: 0.06

IV/regression
discontinuity of
proposal score

OLS: 0.06
IV: 0.06
(Approximated)

Notes: When listed as an approximation, the elasticity estimates were calculated using mean publication and
funding values for the sample. FE is an abbreviation for fixed effects.

At the research group level, Arora et al. looked at a biotechnology funding program in Italy during 1989‐
1993 (Arora, David et al. 1998). They first developed a theoretical model of behavior for funders and
researchers and then applied it to their data. In their model, the research funder first chooses rules for
the selection of grantees and then the allocation of funds to these grantees; these are a function of
observable characteristics of the researcher including their past performance. These rules are not
optimized to consider the behavior of the researchers. Given these selection criteria, the researchers
propose a budget to maximize their expected publications. After awards are granted, the researchers
choose an effort level and produce research according to a production function that includes effort and
individual characteristics. The model assumes that ability is fully reflected in past performance and
other researcher characteristics, omitting consideration of the proposal’s quality. Using this model and
their Italian biotechnology data, Arora et al. estimated the parameters in their model. They found an
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elasticity of research products with respect to grant dollars of almost 0.6, but this approached one for
research groups lead by star researchers. These results suggest the selection criteria for funding might
have been selected to optimize research output, at least in the short term. However, the funding
agency may have had other priorities in tandem with research output, such as education, diversity, and
long‐term research sustainability. The authors also noted there may be analysis issues due to
interdependence of this award stream and other awards. Although they used publications that cite this
biotechnology award as their output measure, other awards may have also contributed. In addition, the
authors were forced to make assumptions on the time length of the effect between funding and
publications. As with all of these papers, the results are likely to be context dependent and may not
have high external validity. For example, the Italian program had a much higher funding rate (over 40%)
than is typical for NIH or NSF (National Science Foundation 2013a; National Institutes of Health 2014b)
and this would likely affect research motivation.
Arora and Gambardella then continued by considering the impact of an NSF grant on economists (Arora
and Gambardella 2005). Using data on all applicants during 1985‐1990, they asked whether researcher
characteristics affect the likelihood of receiving a grant and how receiving an NSF grant affects
subsequent productivity. They attempted to control for omitted variables such as researcher ability
through non‐parametric analysis, comparing matched sets of those who received and did not receive
grants. They also conducted regression analysis with covariates such as prior publications, career stage,
and type of institution. As with other papers at the individual level, they omitted other sources of
funding. They found that receiving an NSF grant only has a statistically significant effect on early‐career
researchers and that even with this group the effect was small: an elasticity of 0.2 for assistant
professors and 0.1 for associate professors. Because they have omitted researcher ability and this
omission is likely to bias the effect upwards, their results are consistent with a minimal effect for NSF
grants, with a slightly larger effect for early‐career researchers. The authors suggested this may be
because of substitution between different funding sources: individuals who do not receive NSF grants
are more likely to expend effort to obtain funding elsewhere. In choosing economists as their
researcher sample, they have also focused on a group with relatively low research costs, where the
resource constraint may be research time rather than equipment or staff.
The work discussed above has focused primarily on correlational relationships. Some notable papers
have used an instrumental variables approach in an effort to show causality and eliminate omitted
variables bias. Jacob and Lefgren looked at the impact of receiving an NIH grant on publications and
citations for those submitting NIH applications between 1980‐2000 (Jacob and Lefgren 2011). Using
OLS, they estimated small counts of additional papers (1.2) and citations to papers (49) in the five years
after receiving a grant ($1.7 million/grant on average). OLS was expected to generate an upper bound
as, even though they controlled for researcher characteristics, omitted ability may still have been
present, with more productive researchers more likely to get funding. They then used an IV‐regression
discontinuity design: having a grant proposal with a priority score below an empirical cutoff correlates
strongly if imperfectly with funding. In contrast to OLS results, their IV approach gave estimates that are
statistically insignificant. As Arora and Gambardella did, Jacob and Lefgren suggested that the small
impact of the NIH grant may be because researchers can secure funding from other sources if they do
not receive funding from the NIH. Their IV approach also isolated the impact of funding for marginal
proposals and the authors noted that this likely generated a lower observed effect, although those
researchers who submitted marginal proposals may have been less capable of substituting to other
funding sources.
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Instead of looking at individual‐level grant funding, Payne and Siow looked at the impact of federal
funding at the university level over the period 1971‐1998 (Payne and Siow 2003). They first applied
university‐level fixed effects to compensate for differences in university‐level research ability. They then
extended their analysis using alumni representation on Congressional Appropriations Committees as an
IV for university‐level funding. As covariates, year and school accounted for much more of the variation
in funding than the level of representation. Using the IV approach, the authors found that every
additional $1 million in funding (in $1996) generates 10 more publications and little change to citations
per article, similar results to those obtained by limiting the analysis to university‐level fixed effects.
Elasticities for the relationship between funding and citations were in the range of 0.3 for the IV
approach and 0.13 for OLS. Although the correlation between increased funding and citations per
article was insignificant, it was negative across all models, consistent with the idea that slightly lower‐
quality work is additionally funded through increases in Congressional representation. For the same
reason, they expected their estimates to be a lower bound for the average effect of funding. This is of
particular concern as Congressional representation was very weakly correlated with funding, suggesting
that only a small proportion of university funding was affected through this route and that
representation‐induced funding may not be representative of the whole. In addition, the effect of
representation in the Senate was less significant than representation in the House (and sometimes in
the opposite direction) and the authors did not propose an explanation for this. It is possible that with
less turnover in the Senate, there was not enough data to observe a statistically significant effect.
Despite these concerns with the instrument, their results are somewhat more trustworthy because they
are similar to those they obtained using fixed‐effects with no instrument.
While the overall focus has been on grant funding, and Payne and Siow examined earmarks, Whalley
and Hicks chose to look at a third type of funding, a university’s spending on internal R&D (Whalley and
Hicks 2014). They used shifts in the stock market as an instrumental variable for a university’s total
spending on R&D, with variation in funding across universities due to variation in endowment spending.
They found spending has a large effect on the number of papers generated, and that the impact of these
papers, as measured by citations per paper, was not significantly altered. Using OLS, they estimated
that an additional one million dollars in university spending was associated with nine additional papers.
The relationship to citations per paper was statistically insignificant. As with the study by Adams and
Griliches and that by Payne and Siow, differencing to minimize time‐invariant disparities between
universities dramatically reduced these correlations, in this case to roughly one additional paper with an
additional one million dollars in spending. This is consistent with the conclusion that simple correlations
between funding and productivity are largely due to institutional differences. However implementing
their IV approach generated higher estimates again on the order of nine additional papers per million
dollars. They noted that different funding sources may change the impact of funding, explaining some of
the inconsistencies between papers: spending from an endowment is likely to be different than that
from a grant. However their institutional‐level estimate of nine additional papers per million dollars for
funding shifts from university endowments is similar to Payne and Siow’s institutional‐level estimate of
ten additional papers per million dollars for funding shifts from Congressional appropriations.
Most recently, Rosenbloom et al. looked at a population most similar to that examined in this
dissertation: chemists and chemical engineers (Rosenbloom, Ginther et al. 2014). They examined the
relationships between research productivity and federal and non‐federal funding. They conducted
analysis at the institutional level, noting that individual‐level analysis may neglect important spill‐over
effects of grants such as resources provided through grant overhead. Using OLS with year and
institutional fixed effects, they found that an additional $1 million in funding ($2000) is associated with
6‐7 publications in the following year, and 60 to 70 more citations to those publications. This implies a
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marginal cost per publication of roughly $150,000. They also conducted analysis using several
instrumental variables for chemistry funding: funding for math and physics as well as student
enrollment. They aimed to use these variables to represent university‐level growth and changes in the
overall funding environment. They found that federal funding is more strongly associated with
publications through this approach with one million in additional funding dollars generating 19 more
publications and 260 additional citations to those papers. They found that non‐federal funding is not
significantly tied to productivity. Their IV may be concerning in that funding through their IV may be
directly tied to chemistry productivity without being mediated by chemistry funding. In particular
chemists may benefit from funding in physics through shared facilities or equipment and through
collaborations. In addition the authors found that much of the observed effect disappeared when they
conducted analysis separately on Carnegie Research I and Research II institutions. This suggests that
much of the observed effect is due to differences in funding and productivity between the two groups.
Although these literature estimates vary, elasticities are mostly modest, below 0.35 and often close to
zero. As suggested above, estimates may vary because they use different methods with different
populations, controls, and funding mechanisms. The Whalley and Hicks paper presents exceptionally
high estimates. This may be because their funding mechanism is institutional spending and because
analysis is conducted without regard to subject field. The relationship between research funding and
productivity varies widely depending on field and institutional spending will be more relevant for some
fields than others. In addition, institutional‐level estimates may be larger than individual‐level estimates
if there has been growth in the number of researchers per institution.
At the individual level, relationships between funding and publications have been consistently low and
often statistically insignificant. A closer examination suggests circumstances in which substantial
correlations between funding and productivity are more probable. Low observed correlations between
funding and productivity suggests either: (1) research is independent of the level of funding or (2)
funding from one source crowds out funding from others outside of the scope of the data (Arora and
Gambardella 2005). The first explanation may be true for researchers with low costs, such as
economists. It is less likely to be true for populations such as experimental chemists with high capital
and labor costs. In other words, the population of researchers examined may be highly relevant to the
observed effect. As for the second crowd‐out explanation for low observed correlations, including
multiple funding sources in the data might resolve this concern. Including multiple funders would
reduce the probability that researcher are obtaining substantial funding from sources outside the scope
of the data. This may be one of the reasons for more significant relationships measured at the
institutional level. At the institutional level, it is easier to capture total R&D spending rather than
funding from a limited number of sources.
In general, these analyses have been based on fairly stable funding regimes in which aggregate funding
budgets were relatively flat over time. Dramatic changes in funding, such as the closure of a federal
funding agency like NSF, would almost certainly strongly influence academic research output, at least
until a new equilibrium was established. Under a relatively stable funding regime, although an
individual’s grants may be subject to oscillation, some smoothing may be possible, leading to lower
correlations between grants and productivity. For example, investments in expensive equipment can be
made when there is more money available. When money is tighter, there may also be temporary stop‐
gap measures such as department or university level funding. Researchers may also be more likely to
invest effort in alternative grant sources when proposals have not been funded (Azoulay, Graff Zivin et
al. 2011). In addition, researchers are likely to pursue their most promising research ideas first. If the
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supply of good ideas is relatively inelastic, additional funding to the existing pool of researchers would
be expected to have decreasing returns.
Impacts of Variations in Funding Approach
Along with choosing who and how much to fund, funding agencies must also decide how to structure
their grants. In comparison to the relationship between funding amount and research output, there is
relatively little literature examining how specific funding strategies affect researcher behavior and
research products. However, there has been some exploration of how a grant’s size, duration, and
freedom to take risks affect research outcomes.
Lazear took a theoretical approach, aiming to develop rules for funders to optimize the amount of effort
invested by researchers (Lazear 1997). He considered variations on selection criteria, the effect of grant
size, and award timing. He developed a simple two‐period model in which receiving funding is modeled
as a lottery, with the probability of winning a function of application effort and ability. Researchers can
only receive one grant so if there is a high probability of winning, there is little incentive to invest more
effort. Researchers care only about receiving grants, i.e. there is no value in a research product except
in how it helps obtain further funding. Lazear found that in the case of fixed awards, low‐ability
researchers invested more effort than high‐ability researchers, but that this did not fully make up for
low ability. High‐ability researchers faced decreasing returns to more effort given that they had
relatively high probabilities of receiving a grant regardless of effort. Effort increased if the funder gave
fewer, larger awards. If past performance was considered by the funding agency in its award decisions,
younger researchers invested more in the application and mature researchers invested less given that
they were evaluated partially on past performance. Researchers would likely be more motivated to
invest effort in a current project if awards were made at project completion, but this is often infeasible
due to the high costs of doing research, with little investment capital available. A series of awards, each
based on prior performance, can function as a similar incentive. Choosing to conduct high‐risk work can
generate high payoffs in this model if this work can be evaluated midstream, with the researcher
switching to a more conservative course if the work fails. This is especially the case if there are many
periods to benefit from the rewards of the riskier project and less the case if project success cannot be
evaluated quickly.
Freeman and Van Reenan also modeled the effect of size and number of available grants on the number
of proposal submissions (Freeman and Van Reenan 2009). They allowed researchers to submit zero,
one, or two proposals to maximize their expected utility, a function of the expected funding payoff and
proposal submission cost. They assumed each researcher can make use of only one grant. Some of the
modeled researchers submitted zero proposals because the costs of submission were higher than the
expected payoff, given their proposal‐writing ability. Those with high‐proposal ability submitted one
proposal, while a middle‐ability group submitted two as an insurance policy. When the value of awards
increased, more researchers were in the one‐ and two‐ submission categories, generating more
proposals overall. When the number of awards decreased, holding the total value of awards constant, a
higher fraction of researchers submitted two proposals as fewer researchers had a high certainty their
proposals will be funded. As a result, there was an increase in the average number of proposals
submitted by researchers who were ultimately funded, suggesting more effort was expended in the
proposal process.
The real‐world experience of the NSF supports the model findings of Lazear and Freeman and Van
Reenan. From 2000‐2005 NSF aimed to reduce proposal‐directed effort by awarding fewer, larger grant
awards (Freeman and Van Reenan 2009; Stephan 2012). As predicted by the two models above, this
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approach instead increased the number of proposals submitted and decreased success rate, increasing
the effort invested in proposals. When NIH funding doubled between 1998 and 2003, proposal
submissions during this period and during the funding contraction that followed also followed the
predictions in these models (Freeman and Van Reenan 2009). The NIH funding doubling is discussed
further below.
In an empirical paper, Azoulay et al. looked at funding approaches in the biomedical sciences, asking
whether incentive structures that differ from the NIH’s focus on short‐term, lower‐risk research might
better foster creativity (Stephan 2010; Azoulay, Graff Zivin et al. 2011). They compared researchers
funded through the Howard Hughes Medical Institute (HHMI) with those funded primarily through NIH
(Azoulay, Graff Zivin et al. 2011). HHMI funds researchers through longer‐term awards, giving grantees
freedom to take risks and change direction. In contrast, NIH has much shorter renewal cycles and more
restricted expectations as to research products. To account for differences in ability as best they could,
the authors used propensity‐score matching to compare the HHMI investigators with control groups of
researchers having won prestigious NIH grants, as well as using a difference‐in‐differences approach.
They found that under the more flexible HHMI approach, researchers produced significantly more
papers (39% more publications) and high‐impact papers (97% more publications in the top percentile of
citations) and were more likely to alter their initial research approach and/or topic. The authors showed
HHMI scholars were more likely to explore new research areas and to produce high‐impact publications,
indications of more (successful) risk‐taking behavior. Additional risk taken by HHMI scholars was also
evident in the negative sense: they were also more likely to have papers with low‐citation counts in
comparison to both the control and their pre‐HHMI selves. However it is hard to measure failure as
some projects will simply be aborted. Aside from greater flexibility, researchers under the HHMI
umbrella may be more successful because they have more financial resources. A less constrained
funding approach may be appropriate if the funder is trying to generate groundbreaking research.
However the HHMI scholars are a highly select group and this approach may only be successful with
such a group. An American Academy of Arts and Sciences committee chaired by Thomas Cech, former
president of HHMI, recommended that funding agencies award longer‐term grant awards, particularly
for new faculty, and invest in higher‐risk research with larger potential payout (American Academy of
Arts and Sciences 2008).
A variety of authors also emphasized funding for junior researchers (Gambardella and Arora 1997;
Freeman and Van Reenan 2009; Stephan 2012). Although they have less of a track record
demonstrating their ability to conduct research, investing in younger researchers is equivalent to making
a better human capital investment as there is a longer time for this investment to pay off (Freeman and
Van Reenan 2009). Junior researchers are also more vulnerable, with initial opportunities having the
potential to generate long‐term success (see section below on cumulative advantage). Research on the
relationship between funding and productivity also suggests junior researchers are more sensitive to
additional funding (e.g. Arora and Gambardella 2005).
Impacts of Fluctuations in Aggregate Funding Availability
Aside from fluctuations in an individual’s grants, the amount of aggregate funding available may change,
often according to the political or economic climate. Changes in aggregate funding may have their own
impact on individual researchers and the broader scientific community. Research is a long‐term process
with long‐term investments, and stop‐and‐go funding may make planning difficult at multiple levels,
including the lab, department, university, and funding agency. For example, researchers need to choose
what equipment to buy and how many graduate students, postdocs, and staff to admit into the lab.
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Graduate students may be part of a lab for five years or more and they require funds to support their
research for the duration. Departments and universities must choose how many new faculty to hire and
how much to invest in research infrastructure such as lab facilities. Declines in aggregate funding mean
that it is more difficult for researchers to obtain funding and they may not be able to support all of their
students and staff. Institutions may lose new, capable faculty who were unable to secure the funding
they needed. Rapid increases in funding encourage institutions to invest for fear of missing out on a
funding windfall, but it may be difficult to adjust when funding levels off or falls.
Finally, there are additional human capital costs as the demand for graduate students and postdocs ebb
and flow. These trainees may enter labs during flush periods and find that there are no positions for
them when they are ready to begin their independent career. In recent years, this has been a problem
regardless of funding fluctuations as many more trainees aim for an academic position than there are
positions available (Stephan 2012). Funding fluctuations can exacerbate the problem (Freeman and Van
Reenan 2009). Researchers who do manage to find positions may have a more difficult time finding a
first grant that will enable tenure. Similarly, because junior researchers careers are more sensitive to
the funding climate, those who begin their independent career at the beginning of a funding escalation
may disproportionately benefit (Freeman and Van Reenan 2009).
A recent example of a rapid rise in aggregate funding is the nominal doubling of the NIH budget from
1998‐2003 (76% increase in real dollars). This period was followed by a funding decrease in real terms.
While funding was doubling, grant applications increased significantly, as expected. But they kept
increasing after the doubling had concluded, perhaps because of realigned expectations and the fear of
not receiving funding. An increasing research budget also generates more graduate students and
postdocs who may become future grant applicants, increasing grant competition (Teitelbaum 2008).
The NIH responded by first decreasing the number of grants then, in an effort to fund more new faculty
and keep research programs running, decreased the value of the grants (Freeman and Van Reenan
2009). During this period, application rates increased and success rates decreased, suggesting that
researchers were spending more of their time searching for funding and reviewing proposals by their
peers (Stephan 2012). These activities may contribute to the research process but are unlikely to be
efficient ways of doing so.
Freeman and Van Reenan developed a simple model of funding levels by modifying an accelerator
model of physical capital investment (Freeman and Van Reenan 2009). They assumed high adjustment
costs and that large investments are more than proportionally costly than smaller ones (e.g. building
three new labs is more than three times as disruptive as building one). Following from this assumption,
small incremental investments over a longer time period are more efficient than a rapid investment
increase. Increasing costs with scale may be a reasonable assumption for some disruptions such as
large‐scale changes to human capital requirements (see below). However, some infrastructure
investments may have decreasing costs with scale, at least financially. Disruption costs to research are
likely to be situation dependent.
Goolsbee suggested that rapid increases in federal R&D funding are unlikely to produce new research
efficiently as the supply of researchers is inelastic over short periods. He found that short‐term increases
in R&D funding empirically correlate with increased wages for scientists and engineers (Goolsbee 1998).
Goolsbee examined data from 1968‐1994; because of the high numbers of PhD graduates and increased
access to foreign scientists, the labor market may now be more elastic.
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Increases in funding may also allow existing researchers to expand their research programs. However
they are likely to already be moving forward with their most promising ideas. If additional aggregate
funds allow for investment in higher‐risk projects, this may be beneficial to research generation, as long
as the quality of projects is maintained.
As a result of concerns for decreased efficiency under fluctuating funding, stable R&D funding is often
recommended (Freeman and Van Reenan 2009; Henderson and Newell 2011; National Research Council
2012). For example, National Research Council made such a recommendation, in part because it would
allow universities to make efficient use of the investments required in infrastructure and human capital
(National Research Council 2012). It may be difficult for Congress to commit to long‐term funding
stability, especially given rapidly changing economic and political climates. Freeman and Van Reenan
suggested that a stability fund pool be initiated to help smooth funding fluctuations. Money for this
pool might be generated as an additional component of research grant overhead. Freeman and Van
Reenan also recommended that when new targets for R&D budgets are set, rather than making a rapid
shift, the changes should be slow to minimize adjustment losses (Freeman and Van Reenan 2009).

Other factors influencing productivity
Aside from funding, there are a many other factors that could influence researcher productivity. Many
of these factors, in particular the researcher’s ability to conduct research, are correlated with funding
and are thus problematic omitted variables when trying to estimate the influence of funding on
productivity. In addition, some factors may be associated with greater impact of research funding; it
thus may be useful for funding agencies to keep them in mind when disbursing resources. This section
focuses on some of the factors contributing to academic productivity that have been highlighted in the
literature, recognizing that there are many others that have been omitted.
At the individual level, there are a variety of individual characteristics that are factors in research ability,
including intelligence, as well as characteristics associated with being able to work long and hard, such
as perseverance and focus. Alongside these as a motivating factor is a taste for research: those who
enjoy research are more likely to be motivated and see it as an intrinsic reward, aside from any financial
or professional gains. The characteristics of graduate students, postdoctoral fellows, and other lab staff
will also contribute to the lab’s success.
In addition to the resources individuals bring to research, institutional resources contribute. These are
likely to be correlated with individual resources, as more capable researchers generally have
opportunities to work at higher‐value institutions, defined in great part by having more institutional
resources.
Community resources can also contribute to a researcher’s success. Depending on the researcher’s
location, they may have access to individuals at nearby institutions who, like scientists in their own
institution, may act as mentors, collaborators, or provide access to equipment. Increasing access to
communications technology allows for collaborations over longer distances.
In all of these cases, initial advantages may multiply over time through cumulative advantage.
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Individual Characteristics
An individual’s ability as a researcher is obviously crucial to success. Scientists are required to be both
intelligent and deeply knowledgeable about their field. Yet other characteristics and circumstances can
play key roles. For example, interviewed physicists were more likely to name persistence as a
requirement for research success than intelligence (Hermanowicz 2006), although a great deal of both
are necessary.
Age, gender, and family status are the most studied individual characteristics in the literature, likely
because they are relatively easy to study empirically and are related to theories of human capital, labor
market opportunities, and marital stability, as well as being socially important. However, they do
represent a limited set of characteristics.
Age
Empirical work has suggested that research productivity peaks in the late thirties or early forties, with a
slow subsequent decline (Fox 1983; Levin and Stephan 1991; Hall, Mairesse et al. 2007). Human capital
theory suggests that if research effort is viewed as an investment, effort should decline over time with
less future time available to reap the rewards of investment (Stephan 2010). In her review of factors
affecting productivity, Fox suggested several potential factors that might influence the relationship
between age and productivity, including declining intellectual capacity, high‐functioning scientists being
siphoned into management, decreased motivation, and decreasing ability to spot breakthrough
opportunities as those who have more newly entered a field have a fresher perspective (Fox 1983).
Levin and Stephan built both intrinsic and extrinsic rewards into their theoretical model of productivity
over time, suggesting that researchers are motivated both by the pleasure of research and any financial
and prestige rewards that it brings. Overall, they assume declining research motivation over time,
noting that as researchers age, they have less time to take advantage of their accumulated research
stock for future financial rewards (Levin and Stephan 1991). Exceptions to the decline of productivity
with age have also been observed (Fox 1983). Levin and Stephan found particle physicists were
exceptional in this way and suggested this may be a group for which an intrinsic reward structure is
primary: the researcher primarily values the research process and results rather than any rewards that
might follow. Stephan and Levin also found that exceptional contributions, as measured in Nobel Prize
winning work, are especially unlikely to occur late in a researcher’s career (Stephan and Levin 1993),
however it should also be noted that late‐career contributions may be less likely to be recognized by
such a prize as there is less time for the prize to be awarded before a researcher’s death. Jones and
coworkers find that breakthrough research tends to occur when scientists are in their 30s or 40s (Jones
2010; Jones, Reedy et al. 2014). Along with motivational arguments, younger scientists may be more
creative or less immersed in disciplinary convention.
There are many career and life events that may influence productivity during various periods of a
researcher’s career. The pursuit of tenure drives scientists early in their career; this might be consistent
with an investment effect in Levin and Stephan’s model, except that instead of following a smooth
trajectory with time it may suffer a discrete drop after tenure is achieved (Holley 1977). Life events that
are correlated with age may also play a role, particularly the demands of parenthood. For those that
have children, it may prove easier to devote greater time to research pursuits after the early stage of
their independent career; this is likely to vary by gender and parental status and may change with
succeeding cohorts as the responsibilities of parenthood are redefined. Studies of gender and
parenthood have shown little correlation between having children and productivity (see below). In
addition, physiological changes due to age may make it difficult to expend as much energy, however
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experience that comes with age may allow for more efficient management and performance of
research. With the development of research stock and reputation, more resources may be available
that may make it easier to perform more research, though perhaps less efficiently, depending on how it
is managed. Funding may also have a differential impact on productivity depending on career stage,
with the productivity of early‐career researchers more sensitive to funding (Arora and Gambardella
2005).
Age is also highly correlated with cohort and year, creating identification difficulties for empirical work
(Hall, Mairesse et al. 2007). Cohort effects might include the condition of the job market at the time of
graduation as well as the quality of education received (Stephan 2010). Later‐educated cohorts might
benefit from being trained with knowledge that is more current. Levin and Stephan explored this by
using major shifts in disciplinary knowledge to separate cohorts in subdisciplines within physics and the
earth sciences. They found an inconsistent relationship between being part of a later cohort and
productivity, perhaps because later knowledge was not always better knowledge and disciplinary
paradigms sometimes reverted to older versions (Levin and Stephan 1991). The authors also noted that
the later cohorts in their study were hired during a period of rapidly expanding science in which it was
easier to find a job, so they may be a less elite group (Levin and Stephan 1991).
Gender and Family Status
Female researchers are generally found to be less productive than male researchers (Stephan 2010),
however the disparity appears to be declining (Xie and Shauman 1998). The gender disparity is likely to
be the result of both individual characteristics as well as structural factors.
To consider gender issues, Sonnert and Holton examined a group of highly successful postdoctoral
scholars by collecting data on their career paths and surveying a sample of subjects (Sonnert and Holton
1996). They found that the female scientists in their sample had, on average, achieved lower academic
professional rank in the physical sciences, math, and engineering. There was more parity in the
biological sciences, a field with many more women overall; having achieved critical mass may be a
factor. The female scientists also had lower annual publication outputs. These disparities are
significant, but there is likely to be considerable variation in ability within the sample of fellows and,
despite all subjects having received prestigious fellowships, the genders may not be perfectly matched
in ability and other relevant traits.
Sonnert and Holton’s data suggested a number of personal characteristics and structural elements that
might have combined to lower professional prospects for women (Sonnert and Holton 1996). Based on
survey and interview results, on average female scientists had lower self‐confidence, ambition, and
were less focused on career goals. Women were more likely to exercise caution before publication, with
a higher level of attention to detail and desire to avoid failure. Female scientists often set a higher bar
to publication. This may mean that the value of their work may have been comparable to male
scientists, just manifest in fewer, higher‐value publications that may not be as highly valued by the
community.
Sonnert and Holton also reported other structural elements that may have contributed to the gender
disparity. A majority of the women reported some form of discrimination, both direct and more subtle
forms such as fewer opportunities for collaboration. The authors found it difficult to separate individual
and structural elements. For example, difficulties in making connections for collaboration might have
arisen from male bias, but lower effort towards self‐promotion is also likely to have played a role.
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Similarly, lower levels of self‐confidence and ambition might partially be a product of having been
discouraged from past goals by mentors and colleagues.
Differential productivity by gender may also be related to competing family demands. Although there is
little evidence of a correlation between marriage and productivity or parenthood and productivity for
either gender (Sonnert and Holton 1996; Sax, Hagedorn et al. 2002), Sonnert and Holton did find some
evidence that women were more likely to make professional compromises, such as taking a lesser value
job to remain in the same location as their partner (Sonnert and Holton 1996). Fox found that marriage
effects for female scientists depend on the type of marriage, with marriage to another scientist
correlated with higher productivity (Fox 2005).
Children can also play a role, although perhaps in surprising ways. Fox found that women with
preschool‐aged children were remarkably more productive than other female scientists (Fox 2005). This
is consistent with other work that suggests women with children work more efficiently than those
without and substitute work and parenting for leisure (Sax, Hagedorn et al. 2002). On average, Fox also
found that these women with young children substituted research for non‐research related professional
activities (Fox 2005). It is important to note that female researchers with children have typically
selected into this condition. They may have a more supportive environment that facilitates this choice.
Many women put off children until after tenure or, if their personal goals do not fit with the demands of
academic science, may choose another career (Sax, Hagedorn et al. 2002). Fox found that female
scientists were much more likely than male scientists not to have children (Fox 2005).
Bellas and Toutkoushian further explored whether associations between productivity, gender, and
family status can be partially explained by differential time use (Bellas and Toutkoushian 1999). Using
survey data from the National Survey of Postsecondary Faculty, they found that on average, women
worked less overall (roughly an hour less a week) and spent a slightly lower percentage of their work
time doing research and more time teaching. Married researchers were not much different than those
who were not, while having dependents decreased hours worked but not substantially. It is unlikely the
authors were fully able to control for how the demand for non‐research work varied by institution type.
Although included in their regressions, the institution categories were broad and likely highly varied in
terms of demand for time spent on teaching and service responsibilities. As expected, Bellas and
Toutkoushian found that those with higher work hours and greater percentage of work hours directed
towards research are more productive in terms of publications. Married researchers were more
productive. Consistent with Fox’s results above, those with children were more productive despite
fewer hours worked. Most of the difference in women’s productivity can be explained by non‐gender
variables in the model including time‐use factors and institution. However even with these controls,
women produced only 80% of the publications as men, consistent with Sonnert and Holton’s finding
above that women invest more effort per publication (Sonnert and Holton 1996).
Aside from personal, structural, and family constraints, women may generate fewer publications than
men because their professional values are different. Sax, Hagedorn et al. suggest that female
researchers may be more interested in the ways their research can have an impact on society and may
be less narrowly focused on publications as their professional goal (Sax, Hagedorn et al. 2002).
Institutional Effects
Researchers can make use of institutional‐level human capital and financial resources in addition to the
resources they have as an individual. Institutional resources can include high value colleagues who
provide opportunities for collaboration, mentorship, and idea exchange, as well as department support
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staff. They may also include access to expensive equipment, either communal or accessible in other
researchers’ labs. Along with the institution’s wealth, the degree of amiability can influence access to
these resources. Institutions with superior reputations also attract higher‐quality graduate students,
trainees who often do the bulk of the lab’s labor. Institutional resources and missions also help
determine the time demands and reward structures for competing professional tasks such as teaching
and administrative work. Although the time spent on non‐research work tasks is partially determined by
personal taste, an academic who wishes to focus on research will find it easier to do so with a lighter
teaching load. Norms at prestigious institutions may also encourage strong research performance by
putting high value in strong publication records for achieving tenure or even social acceptance (Fox
1983).
In the relationship between institution quality and the productivity of academics, there is some question
as to the direction of causality: instead of institutions contributing to the productivity of researchers,
they may instead select for higher quality researchers. By examining scientists who moved between
institutions over the course of their careers, Allison and Long found evidence that institution does affect
productivity (Allison and Long 1990). Using job openings as an instrumental variable, Oyer’s work on
academics in economics also showed a causal relationship between the researcher’s initial job
placement and their subsequent productivity independent of ability (Oyer 2006). This result also
suggests that entering the job market during a hiring period when it is possible to get a better job will
have a positive effect on career productivity. Having these advantages early in a career may have large
effects through cumulative advantage (see below).
Collaborative Effects
There is a small amount of mixed evidence as to whether collaboration is correlated with productivity
(Lee and Bozeman 2005; Abramo, D’Angelo et al. 2009). Collaborations have increased over time, with a
marked rise in the number of coauthors in the early to mid‐1990s that is likely connected to the
improvements in information and communication technology (Adams, Black et al. 2005). Increasing
specialization at the individual level, in parallel with a push towards cross‐disciplinary research, may also
have played a role (Stephan 2010). Working with researchers within one’s department or outside of it
can increase knowledge and idea flow and access to other resources such as expensive equipment. In
particular, collaboration can increase access to tacit knowledge, such as methodology, that may not be
easily available through the publicly available literature. However there are also transaction costs to
working with others. NIH is one of several funding agencies globally that encourages collaborative work:
its P01 program funds multidisciplinary work proposed by multiple researchers. But this funding
approach by the NIH has not been evaluated (Stephan 2010). In cases where productivity measures are
found to be correlated with collaboration, it may be that instead of collaboration giving rise to
productivity, more productive scientists have more opportunities for collaboration (Stephan 2010).
Lee and Bozeman noted that the value of collaboration to productivity might vary depending on how
productivity is measured (Lee and Bozeman 2005). They found that publication counts were strongly
correlated with collaborations if the output metric was all of the papers generated. However,
implementing fractional counting, in which the number of papers is divided by the number of
collaborators, suggested insignificant correlations. One might expect significant correlations between
collaborators and total papers if the number of authors is also correlated with the total effort invested,
although this may not be the case. If collaborations with students and postdoctoral fellows were
included under this umbrella, there would also be the cost to the PI of educational investment.
Bozeman and Lee noted that their findings are at the individual level and higher‐level analysis, for
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example at the field level, may produce more favorable results by including such human capital benefits
(Lee and Bozeman 2005).
The value of collaborations may depend on who the collaborator is. Collaboration with highly eminent
researchers who are strong contributors of new ideas is associated with higher publication rates
(Azoulay, Graff Zivin et al. 2010). Collaborations with industry may provide financial and intellectual
resources and may help researchers find applications for their work. Mansfield found that interactions
with industry can help shape academic research goals (Mansfield 1995) and Zucker et al. found that
these interactions are correlated with higher citation rates for high‐performing researchers (Zucker and
Darby 1996; Zucker, Darby et al. 1998).
Cumulative Advantage
Cumulative advantage is yet another process through which researchers may obtain resources that
increase their productivity. The theory behind cumulative advantage suggests that once a researcher
has achieved some measure of success, it may be easier for them to find further success. For example,
researchers with a stronger publication record are likely have an easier time obtaining funding, enabling
further research success. Similarly, researchers who are successful at finding an academic appointment
at a strong institution with many resources and opportunities for interactions with high‐caliber scientists
are more likely to find future success (Oyer 2006). As a result of these cumulating processes, small
differences in ability may result in large differences in success over time.
Cumulative advantage can also manifest through reputation. In a classic paper, Merton put forth the
Matthew effect, proposing that scientists that are already well‐regarded are more likely to have their
work read, cited, and recognized than equal‐quality work by a lesser‐known researcher. Thus well‐
regarded scientists are likely to have an easier time accessing additional resources, further improving
their research output and reputation (Merton 1968).
There is little existing empirical work that effectively identifies the effect of cumulative advantage in
academia. In one effort to model and empirically consider cumulative advantage, Allison et al. found
that productivity inequality in the number of researcher publications did increase over time, although
inequality of citation counts did not (Allison, Long et al. 1982). Because of the complex mechanism of
cumulative advantage, they concluded that their results may be consistent or inconsistent with
cumulative advantage depending on how the effect is modeled.
Observations of cumulative advantage do not necessarily reflect a detrimental process. Cumulative
advantage may make it more difficult for late bloomers to succeed, but it may reflect that those with
higher ability are receiving more resources (Fox 1983). This may prove most efficient, although
additional resources are not necessarily best used by those who already have significant advantages.
Cumulative advantage is more problematic if it is based on initial states determined more by luck than
ability, such as the job market or funding climate when researchers begin their independent career.
Such exogenous forces might provide an empirical approach for further study of cumulative advantage.

Funding Sustainable Energy Research
I focus in this dissertation on the relationship between funding and productivity for researchers
interested in sustainable energy research (SET). New SET is seen as crucial for reducing greenhouse gas
emissions and limiting the impacts of climate change. As a result, many experts have advocated for
much stronger funding for SET research. Thus exploring the relationship between funding and
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productivity for this field is highly relevant. Here I explore the rationales for funding SET research and
summarize current policy recommendations.
Why Fund SET Research?
Over the next 25 years, energy demand is projected to increase by approximately one third, with the
vast majority of increasing demand coming from emerging economies (International Energy Agency
2013b). Sustainable energy technologies are far from meeting even existing demand because of cost,
scaling issues, or other environmental or societal impacts (Lester 2009): over 80% of global energy
demand is currently met by fossil fuels (International Energy Agency 2013b). The continuation of these
trends is likely to lead to a future of dramatic climate change impacts.
Improved energy technologies can reduce the costs of mitigating climate change (Popp 2010).
Sustainable energy technologies (SET) can reduce energy consumption and emissions through
innovations that make use of renewable energy sources, facilitate energy conservation, and reduce the
harm associated with emissions through methods such as carbon capture and storage. Under constant
trends for investments in technological innovations, a U.S. Climate Change Science Program study
estimates that it will cost 1‐5% ($15‐$90 trillion) of current worldwide GDP to stabilize greenhouse gas
concentrations at 450 ppm CO2 by 2100 (Newell 2008). However, a strategy that emphasizes
technology investment is estimated to reduce these costs by 50% or more (Clarke, Wise et al. 2006).
The economic modelling of Anadon et al. suggests additional R&D investments on the order of a few
billion dollars annually could save the economy more than a hundred billion annually by 2050, assuming
emissions are strictly limited by then (Anadon, Bunn et al. 2011). The most recent report by the
Intergovernmental Panel on Climate Change (IPCC) estimates a 0.06 percentage point decrease in the
annualized consumption growth rate under a cost effective scenario with no limits on new technology
development and a carbon price that would encourage this technology development
(Intergovernmental Panel on Climate Change 2014).
Aside from the market failures associated with R&D investment generally, there are additional reasons
why private SET research may not be funded up to the socially optimal level, suggesting a useful role for
government. The first of these additional market failures arises from the public benefit of SET. These
technologies can reduce negative externalities associated with pollution‐producing energy sources.
Private firms are motivated primarily by profit and if pollution reduction is not priced, the full value of
improved energy technologies is not directly available to the firm. These technologies are thus likely to
be privately underfunded. Government funding can bring the level of R&D closer to the optimal level
for society. In addition to these gaps between the publicly and privately optimal levels of R&D, firms
may be less likely to invest in high‐risk technologies especially if any payoffs will not vest for many years.
With fluctuating fossil fuel prices and an uncertain regulatory climate, many private investors look for
revenue generation before they are willing to invest in SET (Kotok 2006). This generates a funding gap in
the realm of basic science. With a larger and more diverse investment portfolio, government can afford
to be less risk averse, especially as profit maximization is not its primary goal. A final aspect of
government investment is an infant industry argument: the government may want to subsidize the
development of a domestic industry in expectation of obtaining a larger share of the global market. For
instance, China has invested in the development of wind turbine manufacturing capability and solar cell
research and production (Campbell 2011).
Estimates of current US spending on energy R&D differ depending on method and inclusion criteria. The
American Association for the Advancement of Science reports that US federal spending on all non‐
defense energy RD&D was $4.4 billion in 2012 based on federal budget reports (American Association
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for the Advancement of Science 2013). International Energy Agency data puts US RD&D spending on
SET (renewable energy, hydrogen & fuel cells, and energy storage) at roughly $800 million ($2012) in
2008 (International Energy Agency 2013a).
Policy Recommendations for Enabling Energy Research
Our energy system will likely require significant changes to its structure and technology to adequately
respond to climate change concerns. Many of the experts making policy recommendations in this area
believe that a variety of approaches will be needed to make sufficient changes possible, combining
incentives for the development of new, useful technologies with incentives for their uptake. A stable,
long‐term policy and regulatory regime will also help investors, corporations, and individuals feel
comfortable planning and making their own commitments to research and/or technology uptake.
Policy can target the knowledge or environmental market failures. The most efficient approach may be
a combination of driving demand for low‐carbon technology by implementing a price on carbon and
improving supply of these technologies with R&D incentives (Popp 2010).
There is widespread belief, if not consensus, among economists and policy analysts that a price on
carbon should be implemented to combat climate change (Newell 2008; Anadon, Bunn et al. 2011;
Henderson and Newell 2011; Acemoglu, Aghion et al. 2012; Planet Money 2012). A carbon price,
whether through a tax or cap and trade, prices the emissions externality and thus is an economically
efficient method to reduce emissions. It is likely to increase new technology development to reduce
emissions costs.
However, a carbon price may not be sufficient to develop and implement the necessary changes. The
likely timeline on climate change requires rapid change, yet energy infrastructure is slow to evolve,
especially given the abundance of incumbent cheap, if dirty, energy sources that are often supported by
subsidies and regulatory barriers (Muro and Rothwell 2012). A carbon price that is sufficiently high to
induce the needed changes may also be politically untenable. Similarly, investment in R&D might not be
sufficient on its own because of the widespread availability and institutionalization of conventional
fuels. A carbon price can incentivize new technology uptake (Henderson and Newell 2011). Thus many
experts recommend a carbon price combined with more direct public incentives for continued research,
such as funding, subsidies, or tax breaks (Fischer and Newell 2008; Newell 2008; Anadon, Bunn et al.
2011; Acemoglu, Aghion et al. 2012).
For investments in new technology, stable long‐term funding is often recommended over a short‐term
funding surge to allow different possible technological solutions to emerge and improve (Mowery,
Nelson et al. 2010; Yergin 2011). Unlike the case of past government projects, like the Manhattan and
Apollo projects, the government is not the sole customer for the product and cannot guarantee that any
useful technologies that develop will be taken up (Mowery, Nelson et al. 2010). Energy transitions are
typically slow and time may be required for technology and society to co‐evolve. Even some who
advocate large increases in the energy R&D budget note that a slow increase is preferred to optimize for
high‐quality effort. This is because the additional organizational support and researchers needed for an
increased effort will not be immediately available (Newell 2008). Investment in and support for a
variety of technologies in the early stages may help overcome high uncertainty in technological and
societal development (Mowery, Nelson et al. 2010; Anadon, Bunn et al. 2011; Yergin 2011), especially
because it is likely that a variety of technologies will be required to meet emissions goals including both
energy generation and conservation technologies (Clarke, Wise et al. 2006; Newell 2008). The necessary
technological developments will likely require a mixture of revolutionary and incremental advances.
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ARPA‐E was authorized in 2007 and funded in 2009 to support high‐risk, revolutionary innovation, with
some success (Hayward, Muro et al. 2010; Bonvillian and Van Atta 2011). Because some technologies
require infrastructure (e.g. transportation fuels), commitment to one or several technologies may be
required for technology uptake at the deployment stage. To help these new technologies compete with
legacy technologies, it may also prove important for the government to incentivize or fund technology
demonstration and deployment and/or act as a consumer (Ogden, Podesta et al. 2008; Lester 2009;
Popp, Newell et al. 2010). Although some planning decentralization can be useful given the wide variety
of technologies, applications, and stakeholders, a centralized administrative unit may be useful for
setting overall goals, facilitating communication between stakeholders, and evaluating progress
(Mowery, Nelson et al. 2010).

Conclusion
The research system that provides new innovation is a complex one, with money transferred from
funders to researchers and knowledge and inventions transferred between academia and the private
sector, all in the hopes of generating new technology to improve the quality of life. We can better
decide how to fund substantial public projects like funding SET if we understand this research system
and its influences. Basic science is where much of new technology originates, and the majority of basic
science takes place in academic settings. Government has long funded this research, as justified by
market failures. Although academic science requires this funding, existing literature suggests that in the
current funding regime additional resources have little to moderate effect on productivity, consistent
with decreasing returns to scale. Large shifts in funding may have more dramatic impacts, both to the
short‐term effort invested in the search for funding and to longer‐term human capital investments and
losses, but these impacts are necessarily positive. As we make decisions about future investments in
R&D, in particular for SET, we need to consider investment pathways that will efficiently increase the
generation of new research findings.
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Chapter 3 ‐ Data Collection and Compilation
To analyze the relationship between funding and productivity, I generated a new dataset of academic
chemists working on SET topics. Although much information on academic researchers is available
through faculty websites and publications, Google Scholar, as well as through databases such as
Thomson Reuters’ Web of Science, this data has not been assembled into a publically‐available dataset
useful for following relationships between funding and research outputs. Recently, a collaborative
group of federal research agencies have begun to develop STAR METRICS (Science and Technology for
America’s Reinvestment: Measuring the Effects of Research on Innovation, Competitiveness and
Science) (Lane and Bertuzzi 2011; National Science Foundation 2012b). This program aims to connect
investment in science and technology research, first with direct employment effects and then with other
research products, by consolidating publically available information, including publications, citations,
and patents. However this data is not yet fully available. As STAR METRICS is further developed, it may
prove useful for extensions to my work.
In this chapter, I describe the process of generating my dataset, beginning with selecting my sample of
chemists. I then describe how I collected information on each researcher’s grants and publications. I
detail how these grants and publications were coded for their relevance to SET and biomedical research.
Finally I discuss how this information was assembled into a dataset for analysis at the researcher‐year
level. The final dataset includes grant and publication data for 185 academic chemists working in the
SET field in the US over the period 1992‐2013. Figure 3.1 summarizes the process of data collection and
compilation.
Figure 3.1: Summary of Dataset Collection and Compilation
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Identification of the Researcher Sample
In this section I describe selection of a sample of 185 SET academics. The selected researchers are all
professors in chemistry departments at research‐intensive universities in the United States who self‐
identify as working on SET‐related projects.
I began generating my researcher sample by first sampling chemistry departments. I began with a list of
universities that are classified as Comprehensive Doctoral Institutions or Doctoral Institutions with STEM
dominant, as determined by Carnegie Classifications of Institutions of Higher Education (Carnegie
Foundation). In my sampling frame, I included all of these departments with chemistry doctoral
programs and over $2,000,000 in annual R&D expenditures according to the National Science
Foundation’s 2009 survey on R&D Expenditures at Universities and Colleges (National Science
Foundation 2009). The departments were rank ordered by R&D expenditures and every second
institution was selected.
For each of the 66 selected chemistry departments, I examined the web pages of all research faculty
active in early 2012, selecting those researchers who mentioned SET as a goal of their research. In
defining my population in this way, I selected individuals who chose to portray themselves as SET
researchers; SET research may be a large or small, new or long‐standing component of their work.
Because interest in SET research has been on the rise in recent years, I consider the population of
researchers currently working on SET research to be the swayable population: the population that will
work on this topic when conditions are favorable.
In selecting chemists working on SET, I defined SET as technologies relevant to more sustainable energy
generation, transport, or storage, primarily from the perspective of climate change. Examples of
technologies deemed in scope included photovoltaics, fuel cells (including hydrogen), batteries, and
bioenergy. Examples of technologies deemed out of scope included nuclear fission technology,
technology to reduce pollutants other than greenhouse gases, and new fuels without an expressed
environmental benefit. I also did not include technologies that consumed carbon dioxide, as they were
all small consumers of carbon dioxide and unlikely to have a significant impact on climate change.
I then refined this initial sample. I retained researchers who obtained their PhD between 1965 and 2005
and who began their independent academic career in 2007 or earlier. Researchers who began earlier
were deemed less likely to have a current fully active research program because of their age.
Researchers who began later were not active for long enough to provide adequate data. In most cases,
information on when researchers began their independent career was available online. In the few cases
where it was not, this was estimated using their PhD completion date, grant and publication information
as well as the behavior of other researchers in the sample.
The final dataset include one entry for each year the researcher was active as an independent academic
in the US. Years in which the researcher was a Postdoctoral Fellow, not based in US, or not active as an
academic were not included. Thus some researchers appeared in the data several years after obtaining
their PhD, primarily because of professional activity outside of the US or in industry.
Approximately 15% of researchers in the initial sample were eventually removed because of difficulties
in identifying their publications because of other authors with similar names. This may slightly bias the
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sample away from individuals with common names in the scientific community, such as those with
names originating in East Asia.
Those who began their academic career at the tail end of my sample had not yet survived the tenure
process when they were first sampled in 2012. Thus they might be of lower quality on average than
those in the sample who began their careers earlier who must have achieved tenure to be sampled. To
determine whether this concern was important, in early 2014 I reconsidered the 31 researchers who
began their independent careers between 2004 and 2007, the end of my sampling period. Of these 31
researchers, 27 appeared to have gained tenure, three were still active researchers in the pre‐tenure
phase, and one had left academia. This last researcher was dropped from the sample. As of early 2014,
all of the researchers in the final data set were still at institutions meeting the original selection criteria
although they were not necessarily in my sampled institution set. Similarly the institutions that were
sampled in 2012 may now have additional SET researchers that do not appear in the dataset. Sampling
is thus based on 2012 status, aside from the single researcher removed for not achieving tenure.

Grants
For each of these researchers in my sample, I collected grant and publication data from NIH, NSF, and
DOE over the period 1992‐2013. I focused on these funding sources as Health and Human Services
(primarily NIH), NSF, and DOE are the top three federal funding sources for academic chemists. In 2012,
they composed 40%, 29%, and 13% of total federal funding for academic chemistry respectively
(National Science Foundation 2013b). I include all grants for which the researcher is listed as a primary
investigator, including cases where there are multiple primary investigators. The full amount of the
grant is included in the researcher’s funding resources.
Grants were not included in the dataset if they did not focus on direct support for physical and/or
biological science research. Excluded grants included those directed towards conference support,
teaching development (unless there was a strong research component), and Research Experiences for
Undergraduates (REU) programs. However, some research grant programs have a required educational
and/or outreach component. These costs are typically included in the funding amount and so were
included in my data. Grants were also excluded when the funding was directed towards a large group of
scientists, such as grants for departmental instruments or research centers, as it is difficult to determine
support for the individual researcher. These awards can be considerable and contribute to concerns
with omitted funding in the data. Travel awards for individual researchers were included in the data as
these activities might support collaborative projects. However grants supporting travel for groups of
scientists were not included, again because it is difficult to quantify the resources directed at the
individual researcher. I aimed to begin collection for each researcher at the beginning of their
independent research career and thus any postdoctoral fellowships were not included. However,
postdoctoral fellowships conducted in the researcher’s lab were included, provided the researcher’s
name is listed on the grant, as these fellowship funds cover labor costs for the researcher. Cooperative
international research grants, such as those awarded under the International Science and Engineering
section, were included. Merit awards that provide research funds, such as NSF’s Faculty Early Career
Development (CAREER) Program, were included.
All grant amounts were adjusted to 2012 fiscal year dollars using the Office of Management and
Budget’s (OMB) fiscal year gross domestic product chained implicit price deflators (Office of
Management and Budget 2014). When the data for a grant period encompassed more than one fiscal
year, as they do for most NSF grants and a small fraction of those from NIH and DOE, grant amounts
were annualized by fiscal year to provide data at the researcher‐year level. This process entailed
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converting the grant into 2012 fiscal year dollars, assuming all funds were spent at the midpoint date of
the grant. The grant was then annualized into fiscal years according to the proportion of the grant
duration encompassed by each fiscal year, under the assumption of even distribution of funds over the
grant duration. This approach was consistent with trends in the NIH data which provided annualized
grant information in the original data source.
See below for further details on the grant data for each agency.
NSF Grants
I obtained NSF grant information through NSF’s Award Search website (National Science Foundation
2012a). For each researcher, I performed a search by first and last name in the Principal Investigator (PI)
and co‐PI fields, checking that the institution associated with each grant matched one of the institutions
associated with the researcher’s independent career. Both standard and continuing grants were
included.
If a researcher changed institutions during the course of a grant, the grant appeared under both
institutions, each entry with its own grant number. Although it was possible to identify these
transferred grants, as the transferred grant had the same title as the original but had no abstract, it was
not simple to determine whether a portion of the grant amount was repeated under both grant entries.
After discussions with a staff member at NSF (Karasz 2012), I assumed standard grants were disbursed
through one allocation of funds of the amount listed for the first institution; the amount associated with
the second institution was assumed to be any money remaining at the time of institution transfer.
Continuing grants are more complicated as, for grants of this type, additional funds may be released
each year of the grant, but the periodicity of additional funds is not consistent across all grants. At the
time of institution transfer, any unspent money is transferred to the new grant number along with any
new releases of money. I estimated the total value of the award by dividing the allotment at the first
school by the number of full and partial years until the second award started, counting each partial year
as a full year as in most cases all funding is dispersed at the beginning of the award year. To arrive at
the total value of the award, I multiplied this annual amount by the number of award years. I confirmed
that the total estimate was consistent with the total of the amounts downloaded from NSF (i.e. the sum
of the estimated amounts was less than or equal to the sum of all amounts associated with the grant in
the data download). In many cases, my estimation strategy gave a total higher than the sum of the
downloaded funding amounts in which case I used the sum of the downloaded amounts instead. This
discrepancy may result because funding disbursements may not be annual or because award durations
may be extended during the course of the grant. In addition, if the period after a move is less than one
year, I assume no new money was allocated during this period. Once I had an estimate of the total value
of the award, I assumed equal annual releases in current year dollars to arrive at annualized funding
from the grant. Although estimating grant amounts for individuals who transferred institutions was
subject to this complex set of assumptions, only 3% of NSF grants fell into this category so any
discrepancies from reality should have a minor effect.
There may also be data errors in cases where the NSF’s database does not link a grant to all the principal
investigators (PIs) involved. For example, it appeared that a maximum of five PIs were listed in the PI
field. In other cases the grant abstract would refer to a team of researchers but only one PI would be
listed in the PI field. This suggests that in some cases a researcher‐based search may not reveal all of
the grants to which the researcher of interest was linked.
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NIH Grants
I collected information on the grants awarded by NIH in a similar fashion that I described above for NSF
grants. Grant information was obtained through NIH’s Research Portfolio Online Reporting Tools
website (RePORTER) (National Institutes of Health 2012). For each researcher, I searched for grants by
first and last name in the PI field, checking that the institutions associated with all linked grants matched
an institution employing the researcher.
For grants awarded before 2000, an alternative process was required as RePORTER did not list award
amounts through a researcher search; award amounts were obtained using the “Awards by Location”
function, searching through a researcher’s institution. “Awards by Location” searches only provided
award amounts from FY 1992 onwards, restricting the data timeframe. As with NSF grants, there was
some evidence that not all of the PIs associated with a grant were listed in the PI field.
As with other agencies, block grants for a research center were not included in the dataset as it is
difficult to quantify the amount relevant to a particular researcher. However, the NIH usually provided
data on a block grant’s subprojects and the associated researchers. Any subproject grant associated
with a sampled researcher was included in the dataset. In addition, cooperative international research
grants were included as were merit awards that provide research funds. Consistent with this approach
the following NIH Activity codes were allowed: DP1, F06, R01, R03, R15, R21, R29, R33, R37, and R56.
Project or center grant codes P01, P41, P50, U01, U54 were not allowed unless the grant was for a
researcher’s specified subproject or if the number of researchers funded was limited and specified.
In a few cases in the early‐period data, the data source indicated that a grant existed but did not provide
the funding amount. This issue arose for ten grants with the P41 activity code, an activity code typically
associated with small grants with a mean of just $11,000. The missing grant amounts were given this
mean value as an estimate.
DOE Grants
Unlike NSF and NIH, DOE does not have an online grant database. I obtained DOE Office of Science
grants for 1992‐2011 through a Freedom of Information Act (FOIA) request (US Department of Energy
Office of Science 2012). I provided a list of the researchers’ first and last names along with their current
institution and DOE Office of Science (DOESC) generated a list of grants, with title and award amount.
After recognizing that DOESC was only able to do institution‐based searches, I submitted a second
request listing all known institutions associated with a researcher’s independent career. In this second
request I also asked that each grant be divided into each disbursement of funds when possible. Because
grant data was sorted by institution, if a researcher was listed on a grant submitted by a colleague
through an institution the researcher had never worked at, these grants would not appear in the data
given to me. DOESC personnel explicitly noted that the data had not been vetted and I found
discrepancies between data draws.
To update my dataset through 2013, I combined information from DOESC’s Award Search webpage for
(Department of Energy Office of Science 2014) with data obtained from my previous FOIA requests. The
FOIA requests contained information on grants active at the time of the data draw in the second half of
2013. Through DOESC’s Award Search, I collected information on grants active in April 2014. DOE
grants are typically three years in length and only a few months had passed between the two data
collections on active awards. Thus through these two data sources I should have collected the vast
majority, if not all, of 2012‐2013 DOESC grants.
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There is less information in the data provided by DOESC than is available for NSF and NIH grants. For
example, DOESC was unable to provide grant abstracts or co‐PI information. Because of the small
amount of information available on each grant, it was more difficult to determine whether a grant was
in scope. As with NSF and NIH grants, I aimed to exclude funding for centers funding many researchers,
conferences, and educational purposes.
DOE Office of Science was my only source for DOE grants. Although DOESC is the dominant DOE source
of funds for academic research, other departments also offer grants, in particular ARPA‐E (Advanced
Research Projects Agency‐Energy) and EERE (DOE’s Office of Efficiency and Renewable Energy). Data on
other DOE grants proved difficult to collect and link to individual researchers. In the case of ARPA‐E, for
example, the program began disbursing funds in fiscal year 2010 and may have impacted energy funding
for 2010‐2013. Unfortunately, without substantial investigative work, these grants could only be traced
to institutions and not to individual researchers.

Metrics for Research Productivity
To quantify research productivity, I used counts of publications and highly‐cited publications.
Publications and citations are often‐used metrics for academic productivity (Stephan 2010), in large part
because it is relatively easy to collect and use this data. Publications are used as a proxy for quantity of
research and citations as a proxy for impact. The term “impact” is preferred to “quality” as quality may
be inaccurately recognized in practice (Martin 1996). Neither publication nor citation counts is an ideal
metric. For example, vastly different quantities of research can be encompassed by a single publication.
A publication may be widely cited because its author is well known rather than because its contribution
is original. Publication practices have also evolved over time with the number of publications and the
population of those writing them both increasing (Stephan 2010). Occasionally publication impact is
proxied using the journal’s impact factor (e.g. Arora, David et al. 1998), however this is frowned upon in
the bibliometric literature as journal impact factors reflect a skewed distribution of papers, with the
factor determined in large part by a few highly influential papers (Phelan 1999; Van Noorden 2010).
Patents may also be used as a metric, especially when considering technological development. They are
not used here as many researchers do not generate patents. Distributions for all of these metrics vary
widely by discipline, so it is important to restrict analysis to a single discipline or normalize (Bornmann,
Mutz et al. 2008). This is one of the reasons I have restricted my analysis to chemists. Because none of
these indicators perfectly reflect knowledge contribution, it is better practice to use multiple metrics
(Martin 1996; Phelan 1999), such as considering counts of all publications as well as highly‐cited
publications. Despite their drawbacks, these simple metrics do enable wide‐ranging quantitative
studies. When in depth analysis is required, analysis may be better restricted to case studies.
Outside factors may also influence an individual’s rate of conversion of scientific productivity into the
metrics of publications and citations. Changes to field publishing practices and to data included in the
Web of Science database will mean that a measured publication may not have the same value over time.
By including year fixed effects in my analysis, I mitigate the effects of these time trends.
In measuring effects on productivity at the individual level, spillovers are also omitted, for example
institutional or community benefits (Adams and Griliches 1998; Carayol and Matt 2004).
Publications
I have used counts of publications as a measure of the quantity of research generated by the academics
in my sample. I obtained each researcher’s publication data from Thomson Reuters’ Web of Science
(Thomson Reuters) for the years 1992‐2013. This data included the number of times each paper had
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been cited by other publications. The process of collecting publication data was performed in two
stages: data for the period 1992‐2011 was collected in March‐April 2012 with an update through 2013
collected in March‐April 2014. Publications included in the dataset are limited to those indexed by Web
of Science.
To find the publications for each researcher, I performed a search in Web of Science’s author finder
using the researcher’s last name and given name initials. Unfortunately this process did not allow
searches using the full given name and thus many false matches were generated. In the first data draw
for the period 1992‐2011, I used the author sets generated by Web of Science. These author sets are
composed of material Web of Science deems likely to have been generated by the same author. I used
institutional affiliations, journal titles, and sample article titles to identify author sets that were likely to
correspond to the researcher of interest. In the second data draw for the period 2012‐2013, I did not
use the Web of Science author sets, relying more on manual vetting after first filtering by institution and,
when necessary, subject area. In all cases, I further filtered the publications by limiting the document
type to articles, reviews, letters, and notes. Conference abstracts, for example, were not included.
After the publication lists had been downloaded, I manually vetted them, including removing articles
that were clearly by a different author than the one sampled. In cases where there were two or more
authors with the same last name and initials working in similar fields, efficient discrimination was not
always possible. In such cases, the researcher was removed from the sample. Approximately 15% of
researchers in the initial sample were removed because of these identification difficulties.
Because of the limited ability to conclusively link researchers to their publications, there are likely to be
errors of both omission and commission. Because of repeated vetting procedures, however, I expect
that publications incorrectly associated with a researcher make up only a small fraction of the
publication dataset. Because I conducted a broad initial search strategy, missing publications should be
minimized.
I also aimed to limit publications to those generated as part of a researcher’s independent academic
career, with PhD and postdoctoral work out of scope. Again, discrimination was not perfect. For those
who began their academic career in 1990 or earlier, I assumed all papers in the 1992‐2013 dataset were
attributable to their academic career, unless I saw clear exceptions. For later entrants, I used my
judgment, using information on coauthors and institutional affiliations. Typically I included all papers
published after the first paper where the researcher of interest was listed as the “reprint author”1 and
there was an institutional affiliation to the institution where the researcher’s independent career in the
US began. This eliminated most of the publications that appeared to be associated with postdoctoral
fellowships and included almost all independent‐career publications.
Highly Cited Publications
I have used citation rates as a measure of publication impact. I focused on counts of highly cited
publications instead of raw citation counts as citation counts are highly skewed. In addition, citation
counts should be standardized as they are time sensitive with more recent publications having had less
time to accumulate citations.2 One method of standardization is to focus on counts of highly‐cited
publications as determined by a pool of contemporaneous publications.

1
2

A reprint author is typically the senior author.
Time standardization can also be implemented through year fixed effects in the regression analysis.
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To generate information on the number highly‐cited publications, I used the publication sets produced
as described above. Included in the publication information was the number of times that publication
had been cited elsewhere. Citation counts were limited to citations in sources in the Web of Science
Core Collection.
I identified publications in the 95th, 90th, and 75th percentiles of citation counts. To set annual percentile
cutoffs I extracted a base pool of chemistry publications3 from Web of Science. The selected pool
included all worldwide papers published during the year, other than those with authors from the US or
China. US papers were excluded to generate citation percentiles that were more likely to be
independent of US aggregate funding levels. Chinese papers were also excluded as the number of
Chinese papers significantly increased over the period of interest and may have different qualities on
average than publications from other countries. For each year, I extracted the number of citations a
paper would need to receive to place it in 95th, 90th, and 75th percentile of top cited papers based on this
sample pool. I also found cutoffs for the 99th percentile, but these cutoffs had a more erratic pattern
over time so I did not use them. The cutoffs for the highly‐cited publications percentiles are much lower
(roughly one third of the citations) than they would be if they were based on my analytic sample. This is
likely because the standardization pool contains only publications from authors based outside of the US
and US authors have relatively high citation rates (National Science Board 2014), especially as my
sample set is restricted to researchers at research‐intensive universities.
Citation counts are time sensitive and information on this standardization pool was collected at a later
date than the counts for papers in my analysis sample. I thus had to adjust the timeframe of my
standardization pool so that citation counts would align with my analytic set. I collected information on
my analytic set in April 2012 and on my standardization pool in October 2013, giving an 18‐month
difference. I assume citation patterns over time are similar in the two timeframes i.e. a paper published
a year before data collected on it in April 2012 would have roughly the same number of citations as if
that same paper were published a year before data collected in October 2013. Although citation
behavior does not remain constant over time, it is unlikely to evolve dramatically over 18 months. I used
a fourth‐order polynomial fit to model the relationship between percentile cutoff and years since
publication, using publication data from 1991‐2009. I then used this modeled relationship to estimate
what the percentile cutoffs would have been if I had extracted data on the standardization pool at the
same time I did my publication data draw for my researcher sample.
In 2014, when the dataset was updated, I obtained citation information for publications published in
2009‐2010, allowing for inclusion of these publications in the analysis of highly‐cited publications. For
these years, I collected information for the citation‐count cutoffs for highly cited papers at the same
time, abrogating the need for fitting citation counts to time elapsed. I matched the publications in the
original data draw (2012) with the citation counts obtained in March‐April 2014.
Highly‐cited metrics were only used for publication years 2010 and earlier. They were not used for later
publications because citation metrics are much more erratic for recent publications. Random variation
plays a larger role for recent publications that have not accrued many citations. In addition, with short
time periods since publication, variation in article availability before the date of publication plays a
larger role. In some cases articles are available online months before the date of publication. In
addition, because publications were grouped by year, a paper published earlier in the year will have had
3

Selection criteria included Language=English, Subject=Chemistry, Document Type=(Article, Letter, Review, or
Note), along with the year of interest.
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longer to accumulate citations than one published at the end. Both of these errors are mitigated by
longer times since publication and thus highly‐cited metrics are only considered for publications years
2010 and earlier.

Coding for SET and Biomedical Relevance
Along with grant and publication amounts, I am interested in the research areas targeted by this
research. I used a combination of manual and automated algorithmic coding to categorize each grant
and publication for its relevance to SET as well as biomedical research.
I first outline the coding criteria for SET and Biomedical Research and then describe how these criteria
were used to label grants and publications.
Coding Criteria: SET
When coding for SET, I used the following criteria, similar to those used for selecting researchers with an
interest in SET. I looked for research relevant to technologies directed toward more sustainable energy
generation, transport, or storage, with sustainability goals focused on climate change. Examples of
technologies that I deemed in scope included photovoltaics, fuel cells (including hydrogen), batteries,
and bioenergy. Given the sample of chemistry researchers, these dominated the energy‐relevant
research. Although there is substantial research on topics such as wind technology and carbon capture
and sequestration, I found few grants or publications relevant to these topics. Examples of technologies
deemed out of scope included nuclear fission technology, technology to reduce pollutants other than
greenhouse gases, fossil fuel technologies, and new fuels without an expressed environmental benefit.
Note that there must have only been a stated intent to contribute to SET‐relevant knowledge for the
grant to be deemed SET relevant. In many cases the research was at a basic science stage with potential
future applications to SET.
Coding Criteria: Biomedical Research
Grants deemed biomedically relevant were those involving biological or biochemical research with
potential applications to human health whether through better understanding or treatment. The
category included basic research when it was potentially applicable to human health, e.g. basic research
on proteins, DNA, and other biomolecules, as well as more applied research on biomedical sensors,
pharmaceuticals, and medical therapies. It did not include biological research that is specifically not
related to humans, e.g. plant biology, photosynthesis. Research in non‐human organisms was included
if relevance extended to processes within the human body (e.g. basic research in bacteria or yeast).
Relevance did not extend to biological research that was targeted at non‐biomedical applications (e.g.
generating biofuels, enzymes for catalysis/synthesis), unless the potential applications included
biomedically relevant ones. I limited scope to research focused on processes occurring within the
human body, excluding broader public health concerns such pollution. I included research on the
synthesis of natural products or other chemicals only if a biomedical application was specifically
mentioned.
Coding Grants
I assumed all NIH grants were relevant to biomedical and not SET research. Based on the grants I
surveyed and the mission of NIH, this is a reasonable assumption. I assumed all DOE grants were
relevant to SET and not biomedical research. This has the potential for greater inaccuracy as DOE Office
of Science funds research directed towards other purposes, including non‐SET energy‐related projects.
Data on DOE grants was limited. Based on the titles of the DOE grants, most seemed SET relevant.
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Coding of NSF grants, the bulk of the grants in my sample, was more involved. Using the titles and
abstracts of these grants, I manually coded each for SET and biomedical research relevance, using the
criteria described above. Grants may be relevant to SET, biomedical research, both, or neither. I was
limited to grant abstracts in my grant coding. It is likely that a larger number of grants would have
mentioned SET or biomedical applications in the body of the text. This is likely to be of greater concern
for SET as words indicating biomedical research are more likely to be contained in the title and abstract.
Coding Publications
With roughly 18,000 publications, manual coding of the entire set was impractical. Instead, I manually
coded 600 randomly selected publications for their SET and biomedical field relevance and used the
coded articles as a training set for automated text‐mining of the remainder using the software package
RapidMiner (Rapid‐I 2012). I describe the process here with additional technical details available in
Appendix A.
I used the coding criteria discussed above to manually code publications for SET and/or biomedical
relevance. Unlike the grant case, in almost all cases I had journal article text beyond the abstract and
used the full article text to designate relevance.4 An article could be deemed relevant if it was directly
relevant or if the authors indicated potential importance to the relevant research area. The final
training set consisted of 600 randomly selected articles from the full publication set. A sample of 600
was deemed sufficient as a sample of this size did not improve coding accuracy over a sample of 500.5 In
the manually coded sample of 600 articles, 122 articles were deemed SET‐relevant (20.3%) and 90
biomedical‐relevant (15.0%).
These manually coded articles were used as a training sample for RapidMiner’s text mining classification
algorithms. The text mining process connects the frequency of words or word combinations in a
document to relevance to the topics of interest. The training set was used to determine the relevance
of the words and word groups to SET and biomedical research. The patterns found were then applied to
the full set of publications with separate classification of SET and biomedical research. The data fields
that provided the text associated with each document were the article title, journal title, article
keywords (Keywords Plus), and abstract.
In addition, I manually generated a set of SET and biomedical related keywords and included a set of
binomial variables that indicated whether the relevant publication’s text fields included these keywords.
I included keywords on the recommendation of Christopher Skeels, a programmer at RAND with text
mining and RapidMiner experience. Keywords were selected using a variety of approaches including
brainstorming, using the words linked to topic relevance in researcher webpages, and using words
indicating topic relevance in early sets of coded publications. See Appendix A for lists of the keywords
used. Because some of the keywords were extracted after approximately half of the manual coding of
publications, there is a potential overfitting problem, with the keywords selected overly specific to the
training set. If this is the case, the model coding accuracies presented below are overestimates of true
coding accuracy over a broader sample. Adding manually‐generated keywords did substantially improve
accuracy for biomedical research (6‐18 percentage point increase in accuracy using preliminary models)
as well as for SET research, to a more moderate extent (4‐7 percentage point increase in accuracy using
preliminary models).
4

Note that although the full article text was used for manual coding, automated coding of the full set was limited to
text in the article title, keywords, and abstract, along with the journal title.
5
In many cases, increasing from 500 to 600 training documents actually decreased coding accuracy. This may be an
indication of keyword overfitting on the first couple hundred manually coded documents.
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In addition, I manually upweighted certain text fields. A randomly selected word from an article’s
keyword field, for example, would be expected to have more relevance to article coding than a
randomly selected word from the abstract field. Empirically, I found that upweighting the publications’
title and keyword fields by repeating them five times improved the accuracy for SET coding but not for
biomedical coding. I thus upweighted these fields in the SET case only giving a 1‐3 percentage point
increase in accuracy in the final SET categorization models.
There are a variety of text mining algorithms available to categorize documents. I experimented with a
variety of model types, including naïve Bayes, nearest neighbor, logistic regression, and support vector
machine, favoring algorithms that operated most accurately. I also varied some data processing and
algorithm‐specific settings (see Appendix A for final settings). I evaluated the models by applying
RapidMiner’s cross validation functionality to the training set (10 validations). This allowed me to
determine the accuracy of the algorithm when applied to the training set. For this validation process, I
evenly weighted the documents relevant to the class and those not. Without weights, negative
classification for topic relevance was favored due to the relatively low number of publications
categorized as SET or biomedical in the training set (20.3% and 15.0% respectively). I evaluated
algorithms aiming to maximize the overall coding accuracy while also considering the number of false
positives and false negatives.
Based on this process I selected two algorithms that were distinct from each other while giving high
levels of performance for my goals: a Bayesian logistic regression algorithm and a nearest neighbor
algorithm. A Bayesian logistic regression (BLR) approach gave good results for both SET and biomedical
coding. The specific version I used was taken from the Weka (Waikato Environment for Knowledge
Analysis) add on for RapidMiner (Genkin, Lewis et al. 2007; Wu, Kumar et al. 2008). Under the Bayesian
logistic regression model, the training set is used to generate logistic regression coefficients relating the
presence of words, word groups, and keywords to the SET and biomedical categories. These coefficients
can then be applied to new documents to predict SET and biomedical relevance with confidence
assignments of 1 or 0 for each subject area. Unlike simpler logistic regression, Bayesian logistic
regression imposes a prior distribution for the coefficients, assuming a high likelihood that the
coefficients are close to zero. This helps avoid overfitting to the training data (Genkin, Lewis et al. 2007).
I used a second coding algorithm to check for consistency of results. Nearest neighbor categorizing
algorithms (kNN where k indicates the number of neighbors considered) rely on relationships between
the document to be categorized and the documents most similar to it in terms of the data in the data
fields (Wu, Kumar et al. 2008). After trying a variety of approaches, I found a 3‐nearest neighbor (3NN)
approach provided the best results. In this case, a document’s three nearest neighbors in the learning
set provide information on the documents category type. For example, if all three neighbors were
manually categorized as SET, the new document would be categorized as SET with an assigned
confidence of 1. If only two of these neighbors were categorized as SET the assigned confidence would
be 0.67. Zero SET neighbors would generate an SET confidence of zero.
Table 3.1 summarizes the accuracy of the various models based on their ability to correctly classify
articles in the training set of manually coded documents. The presented accuracy is the average
accuracy over the ten cross validation trials with the standard deviation over these trials. The accuracy is
based on weighted samples in which the influence of relevant and irrelevant documents is evenly
balanced. In the weighted sample, overall accuracy is calculated based on the weighted fraction of
documents correctly coded, i.e. it is the sum of weighted fractions of documents that are correctly
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coded as positive and negative. The accuracy for all of the final models was approximately 80%, with
the exception of the 3NN model for biomedical research at 73%. Because the Bayesian logistic
regression models were generally more accurate, they were used to generate the base data for analysis,
with the 3NN results used as a secondary check for consistency.
Table 3.1: Training Models Coding Accuracies

Coding
Target
SET
Research
Biomedical
Research

Model
Type
BLR
3NN
BLR
3NN

% Accuracy
79.98
80.70
80.00
73.20

Standard
Deviation
4.08
4.83
9.79
10.04

Even in a weighted sample, misclassification of relevant documents as irrelevant remained the dominant
error. This can be seen in the confusion matrices for each of the training models, applied separately to
both SET and biomedical classification (Tables 3.2 ‐ 3.5). These confusion matrices display the types of
correct and incorrect assignments made by the training model on the training set, based on a sample
with equal weighting to relevant (1) and irrelevant (0) documents. In Table 3.2, for example, the first
column presents information on documents manually classified as irrelevant (0.5 proportion of the
weighted sample). Of these documents, during cross validation 0.476/0.5 were correctly classified as
irrelevant and 0.024/0.5 incorrectly classified as relevant, giving an overall accuracy of 95.2% for the
irrelevant documents. In contrast, only 64.8% of the SET‐relevant documents were correctly classified
as such. As a result, in the weighted sample only 73.0% of documents classified as irrelevant were
correctly classified as such with the remainder being misclassified relevant documents.
This pattern was general for all training models for both SET and biomedical research. It suggests that
when the models are applied to the full sample of publications, they will generate an underestimate of
the number of SET and biomedical research publications. The trend is offset somewhat by the
dominance of irrelevant publications in the sample, so that a small probability of generating a false
positive may generate a relatively large count of papers erroneously classified as relevant. In three of
the four model applications, there are more false negatives than false positives when these proportions
by classification type are translated into publication counts, implying undercounting of relevant
documents. The application of the BLR model to biomedical relevance was the one exception,
overcounting relevance.
Table 3.2: SET Bayesian Logistic Regression Confusion Matrix

Class
True 0
True 1
Precision
Predicted 0
0.476
0.176
72.98%
Predicted 1
0.024
0.324
93.08%
Class Recall
95.19%
64.75%
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Table 3.3: SET 3NN Confusion Matrix

Class
True 0
True 1
Precision
Predicted 0
0.483
0.176
73.28%
Predicted 1
0.017
0.324
95.08%
Class Recall
96.65%
64.75%
Table 3.4: Biomedical Research Bayesian Logistic Regression Confusion Matrix

True 0
Predicted 0
Predicted 1
Class Recall

0.45
0.05
90.00%

Class
Precision
0.15
75.00%
0.35
87.50%
70.00%

True 1

Table 3.5: Biomedical Research 3NN Confusion Matrix

Class
True 0
True 1
Precision
Predicted 0
0.476
0.244
66.09%
Predicted 1
0.024
0.256
91.57%
Class Recall
95.29%
51.11%
These classification models are far from perfect and roughly 20% of documents are misclassified for
both topic areas. As publication counts are used as a dependent variable in regression analysis, if
misclassification is random measurement error, it should not influence regression estimates, except by
increasing standard errors. However, it is unlikely that misclassification is fully random. For example,
systematic undercounting is likely to be a problem as discussed above. Although undercounting will
generate erroneous counts of publications by topic, undercounting should not influence regression
estimates where I analyze for percentage changes in publication counts. Aside from this systematic
undercounting by topic area, there are likely to be time‐ and individual‐specific trends in
misclassification. For example, using a preliminary classification model and partial training set, I found
some evidence that misclassification increased over time. It is also probable that some researchers are
more likely to use words and phrases that link documents more clearly to SET or biomedical topic
relevance in the publication title and abstract. Implementing year and researcher fixed effects in my
regression models can compensate for some of these trends. However there remain concerns with
trends in language use that are both time‐ and individual‐specific. In particular, SET and biomedical
research are far from homogeneous and there may be certain research subtopics that the classifiers are
not properly identifying. By using multiple classification models as a consistency check, I mitigate but do
not eliminate this concern.
In addition, a significant fraction of the documents are missing key classification fields. Of the 20920
publications in the data, 1801 are missing abstracts and 488 are missing entries in the keyword text
field. Abstracts, in particular, represent a large fraction of words used in the text analysis. Thus
publications without abstracts are more likely to be miscoded. I conducted a preliminary analysis using
early versions of the classification algorithms and a 20% sample of publications, comparing the
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classification of these documents with and without the abstract field. This analysis suggested that
publications without their abstracts were slightly underclassified as SET‐relevant; the average
association with SET‐relevance was 1 percentage point lower without abstracts with an average SET‐
relevance for the document set of 19%. There was remarkable consistency for biomedical classification
in the two cases, with only a couple of documents categorized differently without the text from their
abstracts. From this analysis, I conclude that the topic classification of documents is not substantially
altered for documents without abstracts.

Assembling the Full Dataset
With separate collections of categorized grants and publications, I then merged the data files to create a
dataset with annual grant and publication levels for each researcher. Each sampled researcher had an
entry for each active year over the period 1992‐2013, regardless of grant and publication levels. An
active year was defined as a year in which the researcher had an active independent research program
at a research‐intensive university in the US.
In the analysis described in Chapters 4 and 5, I examined the relationship between publications and
lagged grants from prior years. For years prior to 1992, I have no grant data. Thus lagged grant values
that would include values for years prior to 1992 were set to missing. As a result, the base analysis
model, relying on grants in the year of publication and five years prior, was effectively applied to
publication years 1997‐2013. Researchers who became active after 1992 were assigned a value of zero
for lagged grant amounts for years prior to their first active year.
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Chapter 4 ‐ The Relationship between Grant Funding and Publications
Introduction
In this chapter, I consider the first federal funding lever: whether the government may be able to use
individual funding increases to increase individual research productivity. As discussed in Chapter 2, a
number of previous papers have looked at the relationship between funding and academic productivity
(Adams and Griliches 1998; Arora, David et al. 1998; Payne and Siow 2003; Arora and Gambardella 2005;
Jacob and Lefgren 2011; Rosenbloom, Ginther et al. 2014). Using a variety of model types, they have
regressed measures of research productivity on measures of awarded funds. At the researcher level,
this work has found that additional funding is associated with a small increase in research productivity, if
any (Arora and Gambardella 2005; Jacob and Lefgren 2011). Although intuitively we expect additional
funding to increase research output, this literature raises some uncertainty. This chapter estimates the
size of the funding‐productivity relationship for SET researchers and considers whether funding might
have a greater impact if it is used to target particular types of researchers.
We expect that increased funding will lead to additional productivity. Perhaps a researcher in a non‐
resource intensive field might be able to generate publications without external funding. But as soon as
laboratory research is undertaken, money is required for equipment and supplies such as chemicals.
Money also allows for labor costs, in the form of support for graduate students, postdoctoral fellows, or
laboratory technicians, labor that can produce larger quantities of research. Thus previous findings of a
limited relationship between funding and productivity are counterintuitive, especially when considering
research in the experimental sciences (Adams and Griliches 1998; Jacob and Lefgren 2011).
Arora and Gambardella note that low observed correlations between funding and productivity suggest
that either (1) research is independent of the level of funding or (2) funding from one source crowds out
funding from others (Arora and Gambardella 2005). Jacob and Lefgren similarly suggest that their
finding of insignificant relationship between NIH grants and productivity may be the result of
researchers who not obtain NIH grants substituting funding from other sources (Jacob and Lefgren
2011). In the work presented here, I have chosen my population and data sources to reduce the
applicability of both of these explanations. If a limited relationship is still observed, new explanations
may be necessary.
Arora and Gambardella’s first supposition that research is independent of funding may be true for
researchers with low costs, such as the economists they consider (Arora and Gambardella 2005). By
choosing a population of chemists, research productivity is more likely to be contingent on funding as
the vast majority of these chemists have an experimental component to their research and thus higher
costs. As for the second explanation for low observed correlations, I include multiple funding sources in
my data to reduce opportunities for substituting funding from other sources. I have grant data for NIH,
NSF, and DOE, composing approximately 80% of federal funding for academic chemists. This is in
contrast to previous studies that focused on funding from one source, e.g. Arora and Gambardella on
NSF funding and Jacob and Lefgren on NIH funding (Arora and Gambardella 2005; Jacob and Lefgren
2011). However nonfederal funding remains outside the scope of my work. I estimate that my dataset
encompasses approximately 58% of total funding for this sample of researchers (see below).
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An additional concern with empirical examinations of the relationship between grant funding and
research productivity is the role of researcher ability. With a longitudinal dataset, I can apply
researcher‐level fixed effects, removing any time‐invariant ability contributions.
I take two general approaches to estimating the elasticity of research productivity with respect to
federal funding. The first is Poisson regression with researcher and year fixed effects, using data over
the period 1992‐2013. Second, I conduct regression analysis over shorter time windows, windows
during which aggregate funding levels changed markedly. By limiting analysis to a short time window, I
aim to reduce the changes to time‐varying individual‐specific unobservables, such as omitted funding or
institutionally‐provided resources. Analysis over one of these windows, the period 2008‐2011, also
allows consideration of the impact of the additional R&D funds derived from the American Recovery and
Reinvestment Act (ARRA). ARRA aimed to boost sustainable energy research, amongst other goals.
The analysis is limited by incomplete funding data and a methodology that does not allow for the
estimation of a causal relation between funding and research productivity. The estimation strategy is
also based on within‐researcher funding variation, limiting analysis to short‐term changes in funding
levels with little comment on the impact of a researcher’s long‐term funding level.
However, by taking a variety of analytical approaches, I generate a set of estimates consistent with each
other and with the prior literature, strengthening the validity of the findings. I find modest but
statistically significant estimates of the elasticity of research productivity with respect to grant funding,
on the order of 0.16, or a 16% increase in research products with a doubling of funding. At the mean
funding and publication levels, this corresponds to a marginal cost of roughly $180,000 per additional
publication, much higher than the $60,000 estimated as the average cost per publication.

Data and Sample Description
Dataset
I used the dataset described above in Chapter 3. The data include grant and publication information for
1992‐20136 for a sample of 173 academic chemists at US research‐intensive universities. The chemists
were selected by first taking a systematic sample of chemistry departments classified as Comprehensive
Doctoral Institutions or Doctoral Institutions with STEM dominant, as determined by Carnegie
Classifications of Institutions of Higher Education (Carnegie Foundation). Professors in these
departments who indicated interest in SET research on their academic websites were included in the
sample. I omitted researchers who had zero grant values for all of the relevant years, lowering the
number of researchers in the sample from 185 to 173.
The data include grant information for NSF, NIH, and DOE Office of Science grants, including grant start
and end dates and award amounts. Publication information was extracted from Thomson Reuters’ Web
of Science and includes data on authors, title, abstract, publication year, journal, and number of
citations amongst other fields.
I aggregated grants and publication information annually for each researcher, with the unit of analysis
the researcher‐year. The number of active years varies by researcher. An active year was defined as a
year in which the sampled researcher had an active research program at a research‐intensive university
6

Counts of highly cited publications are limited to 1992-2010 as citation counts for more recent papers are in more
rapid flux than older papers.
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in the US. Many researchers were not active over the entire period of interest, in most cases because
they entered the sample after 1992. In this case, their first year in the sample is the year they began
their independent academic career or moved their research program to the US. A small number of
researchers also exited the sample because they changed career or retired.
I used counts of both publications and highly cited publications as metrics for research productivity. As
a proxy for research volume I used counts of publications, although it is recognized that a publication
does not accurately represent a uniform unit of research output. As a proxy for research quality, I used
counts of highly cited publications, i.e. counts of papers in the 95th, 90th, and 75th percentiles of
chemistry papers by citation counts in the paper’s year of publication.7
For further information on sampling and data collection, please see Chapter 3.
Data Limitations
Despite efforts to make the dataset as comprehensive as possible, there are still incomplete elements.
Data on funding include grant information from NSF, DOE, and the NIH. Funding from NSF, DOE, and
Health and Human Services (primarily NIH) composed 83% of total federal funding for academic
chemists in 2009, leaving 17% outstanding (National Science Foundation 2013b). In addition, chemists
receive funding from non‐federal sources, including state and local governments, industry, foundations,
and institutional funds from their university. According to NSF surveys, non‐federal funding sources
make up roughly 30% of R&D expenditures for academic chemistry, implying that the agencies covered
by the data provide roughly 58% of research funding for this group (National Science Foundation 2013b).
Grant information is also not complete for the three agencies in the dataset. DOE funding in the data is
only that distributed through the Office of Science. Although this is the major funding source for DOE
academic work, the Office of Energy Efficiency and Renewable Energy as well as the Advanced Research
Projects Agency‐Energy also provide some funding for academic projects. Each agency also gives out
large grants to multiple principal investigators, often in the form of grants for research centers.
Although these grants can be quite large, in the case of NSF and DOE these grants were not included in
the data as it was difficult to determine support for the individual researchers.
This omitted funding will influence estimates of research productivity, acting as an omitted variable in
the models. Presumably omitted funding will be positively correlated with research productivity. If
omitted funding is also positively correlated with the grant funding in the data, then the estimates of
productivity with respect to funding will be overestimates. In this case, given that these estimates were
found to be modest, omitted funding will not change the overall empirical conclusions. However, if
omitted funding is negatively correlated with grants in the dataset, interpretation is more problematic
as the estimates will be biased downward.
Omitted federal funding sources are not a large concern. The dataset likely covers a large majority of
the federal funding sources for these academic chemists. In addition, according to the data, having
funding from one agency in the dataset has a weak positive correlation with funding from the others,8
suggesting that any bias due to omitted federal funding will lead to overestimates. Excluded funding
from large center grants is also likely to be positively correlated with federal funding in the data. Non‐
7

Annual percentile cutoffs were based on a pool of all worldwide chemistry papers contained in Web of Science for
the relevant year, excluding those with authors from the US or China. See Chapter 3 for further detail.
8
Weak positive correlations are observed under OLS regression with researcher and year fixed effects as well as
though simple correlation coefficients.
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federal funding sources pose a greater concern as there is less indication of the direction of correlation.
Researchers who readily obtain funding through federal grants may have qualities that make them
attractive to industry and foundation funding sources as well. However, researchers who are already
adequately funded may put less effort in pursuing these resources. Institutional resources are likely to
be negatively correlated with federal grant funding. These resources are often used when alternative
resources are less available. For example, early career researchers at research‐intensive universities
typically have institutionally provided start‐up funds and little if any grant funding. There is some
indication that, for research‐intensive institutions, non‐federal funding may be positively correlated with
federal funding during times of large aggregate funding increases and negatively correlated during
periods of federal funding contraction, as found for biomedical research in the case of the NIH doubling
and the period that followed (Blume‐Kohout, Kumar et al. 2014). However changes in the funding
climate for chemistry were less dramatic and these patterns may not hold.
In addition to omitted funding concerns, approximately 15% of researchers in the initial sample were
removed because of difficulties in identifying their publications because of other authors with similar
names. If these excluded researchers have different productivity characteristics than those included,
the sample will give biased results.
Sample Summary Statistics
Table 4.1 shows summary statistics for annual grant and productivity metrics for the sample of 185
chemistry researchers. The data include information for 2939 researcher‐years over 1992‐2013.9 The
grant measure reflects a researcher’s total annualized grants in 2012 dollars, based on grants received
from the NSF, NIH, and DOE. The publication metric is the annual total publications published by the
researcher. 95‐, 90‐, and 75%ile citations are annual counts of publications with citation counts in the
95th, 90th, and 75th percentiles.
Table 4.1: Summary Statistics

Grants ($2012)
Publications
95%ile citations
90%ile citations
75%ile citations
N=2939

Mean
231,114
6.76
1.60
2.36
3.84

Median
127,970
5
0
1
2

Standard
Deviation
302,165
6.36
2.67
3.37
4.51

Min

Max
0 3,103,534
0
55
0
18
0
25
0
30

Notes: x%ile citations are counts of publications in the xth percentile of citation counts or higher.

On average, researchers in the sample received $231,000 annually in grants from the three agencies in
the dataset. Grant amounts varied widely with a standard deviation of $302,000, almost a third greater
than the mean. Annual grant amounts were also skewed to the right with the median researcher
receiving only slightly more than half of the mean amount ($128,000 vs. $231,000). In 23% of
researcher‐years, the researcher had a grant amount of zero. Productivity metrics were skewed as well,
but to a lesser extent, with the median annual publication count of 5 slightly lower than the mean
9

The summary statistics encompass 1992-2013. However in the regression analysis below, analysis was typically
limited to publication years 1997 onwards to allow for five prior years of grant funding in the independent grant
variable.
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annual publication count of 6.8 papers. In the average researcher‐year, 1.6 publications in the 95th
percentile of citation counts were produced, and 2.4 and 3.8 in the 90th and 75th percentile of citation
counts respectively.10 As with annual grant dollars, the output metrics were widely distributed with
standard deviations exceeding the mean. Mean grant funding and publication counts were also time
dependent, trending upwards.
Table 4.2 shows summary statistics by gender and career stage. The “Start” stage of a researcher’s
academic career was defined as the first four years of an academic career, regardless of the number of
years since obtaining a PhD. Although most researchers entered this period after a postdoctoral
fellowship, a few entered it after time in industry. “Early” career researchers were defined as those with
more than four years of independent academic experience as a professor, but with fewer than ten years
elapsed since obtaining their PhD. “Mid”‐, “Mature”‐, and “Late”‐career researchers were defined as
those who were 11‐20, 21‐30, and 31+ years post their PhD degree year. The percentage associated
with each category reflects the fraction of total researcher‐years. Note that the grant variables only
reflect grants within the scope of the dataset. Thus the grant dollars per publication metric is an
underestimate but does allow for some comparison between groups.
Table 4.2: Summary Statistics by Gender and Career Stage

Grants
($2012)
Gender
Male (84%)
Female (15%)
Total (100%)

235,956
204,399
231,114

Publications

Mean
Grants ($2012)
/Publication

7.2
4.3
6.8

32,772
47,535
33,987

95%ile
citations
1.8
0.7
1.6

90%ile
citations
2.6
1.1
2.4

75%ile
citations
4.2
2.1
3.8

Career Stage
Start (18%)
72,231
3.1
23,300
0.9
1.3
2.0
Early (12%)
202,467
6.2
32,656
1.5
2.2
3.6
Mid (34%)
265,186
7.1
37,350
1.9
2.6
4.3
Mature (24%)
299,459
8.5
35,230
1.8
2.8
4.7
Late (10%)
282,476
8.9
31,739
2.0
3.2
5.2
Total (100%)
231,114
6.8
33,987
1.6
2.4
3.8
Notes: x%ile citations are counts of publications in the xth percentile of citation counts or higher for the year of
publication. Researchers in the “Start” career stage are in the first four years of an academic career, “Early” career
researchers are past the “Start” stage but with fewer than ten years since obtaining their PhD. “Mid”‐, “Mature”‐,
and “Late”‐career researchers are 11‐20, 21‐30, and 31+ years post their PhD degree year. The percentage
associated with each category reflects the fraction of total researcher‐years. The grant variable only includes
grants within the scope of the dataset. Because of omitted grants the Grants/Publication metric is an
underestimate.

On average, male researchers in the sample took in more grant dollars from the agencies of interest and
generated more research products. They also generated research products more efficiently, with a
10

The publications generated by the researchers in the sample are more likely to be highly cited than the papers in
the pool that set the citation count percentile cutoffs. This is likely because the researchers are sampled from
research-intensive US universities whereas the papers in the pool are globally sourced and not necessarily from
research-intensive universities. Papers from US institutions are more highly cited than the global average.
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lower grant dollar investment per publication. Their fraction of publications that are highly cited was
higher as well. Higher productivity of male researchers is consistent with previous findings (Stephan
2010). However there has been some suggestion that women may generate a smaller number of more
substantive publications and so have a higher proportion of their publications be highly cited (Sonnert
and Holton 1996). This was not observed here.
Grant dollars and productivity increased, on average, with increasing tenure, with a slight decline in the
last stage of the academic career. Peak productivity was slightly later than the peak in the late thirties
or early forties found by prior literature (Fox 1983; Levin and Stephan 1991; Hall, Mairesse et al. 2007).
This small discrepancy from past findings may be the result of selection for researchers with an interest
in SET. SET is a research area that came into vogue fairly recently and so most mature researchers likely
faced switching costs to invest in the field. A willingness to switch may be an indication of persistent
high investment in their research. Researchers at the very start of their independent careers had
markedly lower grants and publications, on average, than researchers further along in their careers.
This is consistent with new researchers having to establish a lab and research program. Facing high
initial costs, new professors are typically provided with start‐up funds by their institution, funds that do
not appear in the data but may help explain the relatively low grant dollar/publication measure for this
group.

Methodology
I used regression analysis to consider the relationship between changes in federal grants and changes in
research productivity at the researcher level. I first conducted analysis using data from the full period
1992‐201311 and then performed modified analysis over short time windows characterized by rapid
changes in aggregate grant amounts. This second analytical approach aimed to minimize the impact of
time‐dependent, researcher‐specific unobservables.
To begin, a count of research products (p) published in year t was regressed on annualized grant dollars
(g) for each researcher (r). Equation 1 shows this relationship in an OLS framework, with both research
products and annualized grant dollars subjected to an inverse hyperbolic sine transformation (IHS). In
most cases, an inverse hyperbolic sine transformation is equivalent to a log transformation and can be
interpreted similarly; it has the advantage of being able to transform zero values (Burbidge, Magee et al.
1988). Under this formulation, regression coefficients, βg, are estimated in the form of the elasticity of
research products with respect to grant dollars.12 The error term is represented by εr,t and the
regression constant by β0.
(1) IHS(pr,t) = β0 + βg IHS(gr,t) + εr,t
The measures of research products, p, are counts of publications or counts of highly cited papers. As all
of these dependent variables are count variables, with high incidence of zero counts, a Poisson
regression model is likely to be more appropriate than OLS. Quasi‐maximum likelihood estimation with
robust standard errors compensates for the overly restrictive assumptions of the Poisson model. In
Equation 2, I show the Poisson regression framework.

11

Note that because of the lagged grant variables used in analysis, the first publication year available is typically
1997.
12
The elasticity is the percent change in research products over the percent change in grant dollars.
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Equation 2 also shows a lag between funding and publication. The research effort to generate
publishable results requires time as does the publication process. In addition, research equipment and
human capital funded by grants can accumulate and/or depreciate over time. Thus grants from years
prior to the year of publication are included in the regression equation. As discussed below, a variety of
lagged‐grant structures are considered. Equation 2 shows a model in which annualized grant dollars
from the year of publication are grouped with grant dollars from the five years previous in one
independent variable (gr,t0‐>‐5).
(2) E(pr,t|gr,t) = exp(β0 + βg IHS(gr,t0‐>‐5))
There are many other variables that may influence research productivity aside from grants. Dominant
among them are researcher characteristics such as ability. Ability is likely to be positively correlated
with both grant amounts and research productivity, generating overestimates of the relationship
between funding and productivity. Including researcher‐level fixed effects in the model removes
selection on these researcher‐specific unobservables, provided they are time independent.13 Aggregate
productivity levels also vary with time. Year‐level fixed effects remove selection on some time‐
dependent omitted variables, such as increased aggregate research productivity through improved
technology, or changes in aggregate publication or citation practices. Researcher characteristics such as
career stage can also be included in this model. A model including time and researcher fixed effects
along with researcher characteristics is shown in Equation 3. Interaction terms between researcher
characteristics and lagged grants are included to allow the elasticity of research products with respect to
grant dollars to vary with these characteristics.
(3) E(pr,t|covariates) = exp(β0 + βtTimeFixedEffects + βrResearcherFixedEffects +
βcResearcherCharacteristics + βgtIHS(GrantLags) + βcgtResearcherCharacteristics*IHS(GrantLags))
Even with the application of fixed effects, omitted variables may remain, in particular time‐varying
researcher‐specific characteristics. For example, a researcher may change institutions, providing access
to improved or diminished resources. Performing analyses over a short time period reduces the
likelihood that relevant researcher characteristics will have changed. Similarly, funding levels from
sources outside of the dataset are also less likely to vary over a short time period. Reducing the time
period of analysis may reduce the influence of these omitted variables but is unlikely to remove them
completely. However, if estimates collected over different time periods are consistent with each other
as well as with those collected over the entire period, this is evidence of reliability.
Thus analysis was also conducted over three short time windows during which aggregate funding levels
changed markedly, providing abundant funding variation. These analysis windows are shown in the
boxes in e funding is rising or falling.
Figure 4.1 along with the mean and median annual grants in $2012 for the sample population over the
period 1992‐2013. Mean and median grants trend upwards over the period, in particular over the
periods 2000‐2004 and 2007‐2011. As the windows represent periods when federal support for
academic R&D was generally on the rise, funding from agencies outside the scope of the data is also
likely to have risen. However, because this type of omitted funding is positively correlated with the
13

If grants have true long-term effects, e.g. if early career awards increase long-term productivity, these effects may
not be measurable with a fixed effects model. An alternative model is to make research productivity a function of a
researcher fixed effect and the number or size of past grants.
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grants in the dataset, this issue will generate overestimates of the elasticity of productivity with respect
to funding. Overestimates are less of a concern here where estimates are small and an overestimate
implies the true value is actually closer to zero.
The window 1996‐1999 is also analyzed as it provides a brief period of decreasing aggregate funding and
so provides insight as to whether the relationship of funding and productivity varies depending on
whether aggregate funding is rising or falling.
Figure 4.1: Mean and Median Annualized Grants Over Time, With Analysis Windows
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Analysis over these three time windows was performed using Poisson regression and researcher fixed
effects. Time fixed effects were not included as the analysis relied on the large variation in aggregate
funding over the period, with the variation closely linked to year.
Analysis was conducted using Stata 13 (StataCorp 2013).

Results
Base Model
To begin, I establish a base regression model after comparing a variety of model variants.
Table 4.3 shows estimates of the elasticities of publication output with respect to funding, comparing
OLS and Poisson models with varying fixed effects implementations. In this case, funding is
encompassed by the sum of grants to the researcher in the year of publication and the five years prior
(“Grants 0‐5 years prior”). Elasticities are estimated using both OLS (Models 1‐2) and quasi‐maximum
likelihood estimation of Poisson models (Models 3‐6). Model 4 includes year fixed effects (FEs), Model 5
includes researcher fixed effects, and Models 2 and 6 include both types of fixed effects. Robust
standard errors clustered by researcher are reported in parentheses.
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The estimated elasticities are consistently small yet highly significant across all models. This suggests
increases in funding are associated with relatively small increases in publication output. For example,
under the most rigorous model, Model 6, doubling of funding over the relevant period is associated with
only a 5.5% increase in publications.
Table 4.3: Estimates of the Elasticities of Publication Output with Respect to funding
OLS
Researcher
No FEs
& Year FEs
(1)

No FEs

(2)

(3)

Poisson
Researcher
Year FEs
FEs
(4)

(5)

Researcher
& Year FEs
(6)

Grants 0‐5 years prior
($2012)

0.0935*** 0.0671***
0.0991*** 0.0968*** 0.0676*** 0.0549***
(0.00940)
(0.00694)
(0.0192)
(0.00480)
(0.00967)
(0.00899)
Constant
1.032***
1.046***
0.625**
(0.129)
(0.105)
(0.273)
Notes: Estimates are elasticities based on 2525 observations. The independent variable “Grants 0‐5 years prior” is
the IHS transform of the sum of grant amounts to the researcher in the year of publication and the five years prior.
Robust standard errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

The addition of fixed effects reduces the elasticity estimate in comparison to Models 1 and 4. This
suggests that some of the observed relationship between funding and productivity in these models is
due to correlations between year and researcher characteristics with funding and productivity. In
particular, the effect of implementing researcher‐level fixed effects suggests some of the limited
correlation between funding and productivity arises due to differences between individuals. Variation in
ability, for example, can contribute to both funding and productivity levels. However, regardless of
model specification, additional funding is associated with limited additional productivity.
(4) However there were indications that these models did not adequately fit the data. In particular,
the estimates were significantly different when analysis was restricted to non‐zero grant values.
In these models, the grant variable is defined in terms of grants in the year of publication and
five years prior. Thus a zero‐grant value is indicative of zero grants over a six year span. The
data contain 373 zero‐grant observations, approximately 15% of the total.
Table 4.4 shows estimated elasticities using the Poisson model with researcher and year fixed effects for
a variety of models with different treatments of these zero‐grant values. The first column conducts the
analysis on the full dataset, matching Model 6 of
Table 4.3. The second repeats the analysis with zero grant values excluded. The third model includes an
indicator for zero grant values and is applied to the full dataset. The fourth model fits a third‐order
fractional polynomial in grants, of the form shown in Equation 4. This optimized fractional polynomial
model was generated using Stata’s fp command.14 For this fractional polynomial model, the negative
square root term in grants functions as an indicator for the zero‐grant values as it is only for these values
14

The fractional polynomial indicated by Stata included a ln(grant) term. Here I replace it with an IHS(grant) term
for consistency with the other models. The fit of the third-order model was statistically indistinguishable from a
fourth-order model.

50

that this term is significant. In all models but the first, the coefficient on the IHS term was between
0.15‐0.17, much higher than the 0.055 estimate of the first model, suggesting the zero‐grant values
affect model fit substantially.
(5) E(pr,t|covariates) = exp(β0 + βg1(gr,t0‐>‐5)‐1/2 + βg2IHS(gr,t0‐>‐5) + βg3(gr,t0‐>‐5)3 + βtTimeFixedEffects +
βrResearcherFixedEffects)
Table 4.4: Estimates Varying the Treatment of Zero‐Grant Value

All data
(1)
Grants 0‐5 years prior
(IHS)

0.0549***
(0.00899)

Drop grant=0
values
(2)
0.156***
(0.0262)

Grant=0 indicator

Indicator for
grant=0 values
(3)
0.163***
(0.0270)
1.527***
(0.353)

(Grant)‐0.5
(Grant)3
Observations

2525

2152

2525

Fractional
polynomial
(4)
0.170***
(0.0259)

1.63e‐10***
(3.37e‐11)
‐1.67e‐22
(1.14e‐22)
2525

Notes: All models are Poisson regressions with year and researcher fixed effects and publications as the dependent
variable. Results from models 1, 3, and 4 are based on all of the observations and Model 2 all of the observations
with non‐zero grant values. Model 3 includes an indicator for the zero grant values. Model 4 applies a fractional
polynomial specification with the form specified in Equation 4. Robust standard errors clustered by researcher are
in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

In a constant elasticity model, zero‐grant values have particularly high leverage and influence on model
fit.
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(6) Figure 4.2 illustrates the IHS transform, showing a steep slope at low values. For example,
IHS(0)=0, IHS(25,000)=10.8, and IHS(100,000)=12.2. Because there is a large gap between the
transformed zero grant values and all other transformed grant values, these zero grant values
have high leverage in determining model estimates. The zero‐grant observations also deviate
from the general publication count trend set by the other observations, with a mean publication
count higher than predicted. The mean publication count for the zero‐grant observations is also
higher than mean publication counts associated with slightly higher grant values. For example,
the mean publication count for the zero‐grant observations is 2.9 whereas it is 2.0 for grant
values between $1‐25,000. The Poisson regression model is equivalent to a linear relationship
between ln(publications) and IHS(grants) with the elasticity estimated by the slope; if the
publication counts associated with the low end of the grant range are relatively high, this will
decrease the slope of the estimated linear relationship and thus the elasticity. This is illustrated
by the relatively low elasticity of Model 1 in
Table 4.4. To mitigate the dominating effect of the zero‐grant values in model estimation, I include a
zero grant indicator in the model specification, as shown in Equation 5.
(7) E(pr,t|covariates) = exp(β0 + βgIHS(gr,t0‐>‐5) + βzZeroGrantIndicator + βtTimeFixedEffects +
βrResearcherFixedEffects)
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Figure 4.2: IHS Transform
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There are many factors that may lead to the unusual characteristics of the zero‐grant observations. 60%
of these observations are associated with researchers in the first four years of their independent
academic career in the US. Some of these researchers may be strong performers who have not had time
to develop a federal funding source. They are also likely to have start‐up funding from their institution,
funding that is omitted from the data. In addition, the grant variable has a slightly different meaning for
these observations. The grant variable encompasses grants in the year of analysis and the five years
prior. However researchers beginning their careers have yet to be active for five years.
As for the remaining 40% of the zero‐grant observations, these researchers must be obtaining at least a
small amount of resources to keep any research program supported. Some of these observations are
likely associated with researchers struggling to find support and others with researchers at institutions
where outside funding is less of a priority. However many of these observations are associated with
highly productive research outputs: 44% have publication counts at or greater than the median value of
five. These researchers likely have substantial research support from sources outside of the scope of the
data.
Omitted funding is thus likely to be a much larger problem for the zero‐grant observations. Start‐up
funding for new researchers is not included and several of the observations are associated with highly
productive research programs indicative of substantial funding. The zero‐grant indicator mitigates the
tendency of zero‐grant omitted funding to attenuate the elasticity estimate. I can estimate an
approximate value for the omitted funding by calculating the grant value associated with the mean
publication count of the zero grant values based on a model without these zero‐grant values. The
estimated grant value is roughly $20,000, a small value especially when associated with a six‐year grant
period. This shows that small deviations for zero‐grant observations can have an outsized influence on
estimation.
Aside from the treatment of the zero‐grant values, another specification question arose: is the elasticity
constant across grant values? In Equation 4 above, I describe a fractional polynomial model in grants.
The negative square root term acts as an indicator for the zero grant values as the term is very small
elsewhere. Aside from the constant elasticity IHS term, there is also a cubic term with a negative
coefficient, suggesting the elasticity declines at high grant values. I test whether elasticities differ
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significantly across grant values by dividing the observations into quintiles by grant value, omitting the
zero‐grant observations. I estimate separate elasticities for each quintile and find that they are not
significantly different from each other, as shown in Table 4.5, suggesting a constant elasticity
specification is appropriate (Equation 5). The elasticity estimates by quintile are slightly lower than
those estimated in aggregate. As the by‐quintile analysis is restricted to grant changes within quintile,
the smaller estimates suggest that bigger changes in funding levels may have a larger impact on output.
Table 4.5: Elasticities by Grant Quintile

Quintile 1
Quintile 2
Quintile 3
Quintile 4
Quintile 5
Observations

Elasticity by quintile
0.135***
(0.0423)
0.138***
(0.0394)
0.138***
(0.0375)
0.138***
(0.0364)
0.141***
(0.0360)
2152

Notes: Estimates are based on a Poisson regression of publications on the IHS transform of the lagged grant
amount (grants 0‐5 years prior), with year and researcher fixed effects. Separate elasticities are estimated for each
grant quintile. Observations with zero‐grant values are excluded from the regression and quintile definition.
Robust standard errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

So far, analysis has relied on a lagged grant variable that encompasses grants in the year of analysis and
the five years prior. In Table 4.6, I explore variants on this lag structure. In all cases, elasticities are
estimated using a Poisson regression model with a zero‐grant indicator15 and researcher and year fixed
effects. Two factors are considered here. The first is the duration of grant lag period required to
encompass the relevant grants. Models 2, 4, and 6 show estimates generated by including grants up to
7, 5, and 3 years respectively prior to the year of publication. Second, Models 1, 3, and 5 consider the
dynamics of the relationship between funding and productivity by breaking down prior years of grants
into two‐year increments. For example, Model 3 is similar to Model 4 in including all grants to research
in the year of publication and five years prior. In Model 3, however, these prior grants are broken down
into three independent variables: grants in the year of publication and year prior, grants in years 2‐3
prior to publication, and grants in years 4‐5 prior to publication. These lagged grants are grouped in
two‐year increments to reduce multicollinearity.
Also included in the table is a metric that allows comparison across models. This comparison metric is
the number of additional publications that would be generated if if an additional $100,000 were added
to each lagged year of the grant variable, calculated at the mean level of grants and publications. If
models that are less encompassing of past lagged funding are not consistent with the more
encompassing models by this metric, it suggests they do not include enough past years of funding.

15

For models 1, 3, and 5, there are separate zero-grant indicators for each grant variable.
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Table 4.6: Estimating Elasticities with Variants on the Grant Lag Structure

Poisson
Grants 0‐1 years prior
Grants 2‐3 years prior
Grants 4‐5 years prior
Grants 6‐7 years prior

(1)
0.0349
(0.0252)
0.0133
(0.0163)
0.0464**
(0.0204)
0.0191
(0.0193)

Grants 0‐7 years prior

(2)

(3)
0.0528**
(0.0262)
0.00273
(0.0162)
0.0513**
(0.0201)

(4)

(5)
0.0487*
(0.0257)
0.0456**
(0.0189)

0.161***
(0.0296)

Grants 0‐5 years prior

0.163***
(0.0270)

Grants 0‐3 years prior
Additional publications if add
$100,000 in each year of grant
lag
Observations

(6)

0.145***
(0.0263)
0.411

0.572

0.364

0.545

0.297

0.456

2314

2314

2525

2525

2706

2706

Notes: Estimates are elasticities generated though Poisson regression models that include zero‐grant indicators for
each grant variable and year and researcher fixed effects. The independent variables are the IHS transform of the
sum of grant amounts to the researcher in the years mentioned, relative to the year of publication. A comparison
metric across models is the number of additional publications that would be generated if an additional $100,000
were added to each lagged year of the grant variable, calculated at the mean level of grants and publications.
Robust standard errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

The estimates are fairly consistent across the fully aggregated models (Models 2, 4, and 6). The models
that include grants out to seven and five years prior generate very similar estimates of elasticities and
additional publication with grant doubling. The estimates for the three years prior model are similar,
but slightly smaller. This suggests that this last model may not be including a long enough lag in prior
grant funding. Given consistency with the larger model, five years’ worth of prior grant funding appears
sufficient. In terms of the dynamics of the relationship, the correlation between grants and publications
extends many years prior, with the size of the relationship similar for grants 0‐1 years prior to
publication and grants 4‐5 years prior, however large standard errors make it difficult to conclude on
dynamic trends.
After confirming the five‐year lag structure, the specification in Equation 5 above is established as the
base model. This specification includes a zero‐grant indicator and researcher and year fixed effects. It
assumes a constant elasticity over all grant values and the grant covariate includes lagged grants in the
year of publication and the five years prior. The estimated elasticity associated with this model is 0.163.
In other words, doubling of funding over the relevant grant period is associated with a 16.3% increase in
publications. Although this relationship is relatively small, it does suggest that an increase in funding is
associated with a modest increase in research productivity. Using sample mean publication and grant
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levels, this corresponds to 0.9 additional publications per additional $1 million in additional funding over
the year of publication and previous five years, or 5.4 additional publications per additional $1 million in
funding as each year of funding is effectively used to produce publications over six years under this
model. This is equivalent to a cost of approximately $180,000 per additional publication. To compare
this marginal cost, I can estimate an average cost per publication using sample mean values for grants
and publications. Assuming the grants in the dataset cover 58% of the full funding given to the sample
researchers, as discussed above, the average cost per publication for the sample is approximately
$60,000. This is likely still an underestimate due to missing grant data from non‐Office of Science DOE
sources as well as from large center grants. However an average cost of $60,000/grant is consistent
with the average cost per publication for US chemists and chemical engineers found in Rosenbloom et
al. for this period; when converted to $2012, their average cost is also roughly $60,000 (Rosenbloom,
Ginther et al. 2014). Even if this value is somewhat of an underestimate, the marginal cost of $180,000
found here is much higher.
In Table 4.7, I revisit the question of fixed effects with this base model. Although all of the elasticity
estimates remain fairly small, the elasticity without year or researcher fixed effects (Model 1) is over
twice as large as the model with both types of fixed effects (Model 4). Under Model 1, a doubling of
funding over the relevant period is associated with a 37% increase in publications. Under Model 4, this
publication increase is limited to 16%. This suggests that much of the relationship between grants and
output arises out of the correlations between year and researcher characteristics with funding and
productivity. For example, variation in researcher ability is likely to be highly correlated with both grant
and productivity levels.
Table 4.7: Fixed Effect Variants for Base Model

Elasticity (Grants 0‐5 years prior)
Grant=0 indicator
Constant
Observations

No FEs
(1)
0.371***
(0.0325)
4.433***
(0.481)
‐3.371***
(0.485)
2525

Year FEs
(2)
0.368***
(0.0338)
4.393***
(0.493)
‐3.388***
(0.501)
2525

Researcher
FEs
(3)
0.213***
(0.0258)
2.128***
(0.358)

Researcher
and Year FEs
(4)
0.163***
(0.0270)
1.527***
(0.353)

2525

2525

Notes: Estimates are elasticities of Poisson regression models including zero‐grant indicators. The independent
variable is the IHS transform of grants in the year of publication and the five years prior. Robust standard errors
clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

Analysis has so far relied on publication counts as the research output metric and dependent variable.
tive in the projects they fund.
Table 4.8 considers whether the elasticity of research output with respect to funding varies depending
on the measure of research output, comparing models where the output is counts of all publications (as
above) or publications in the 99th, 95th, or 75th percentile of citation counts. Elasticity estimates are
similar across models, suggesting the correlation between additional research dollars and research
output is relatively modest regardless of whether the output metric is all publications or only those that
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are highly cited. However elasticities are lower when the output metric is counts of highly cited
publications. For example, in the case of counts of publications in the 95th percentile of citations, the
elasticity is 0.10 as compared to 0.16 for counts of all publications. This suggests that the small number
of additional publications associated with increases in funding have a lower impact distribution than a
researcher’s overall body of work. This may be because researchers pursue their better ideas first, with
additional resources funding less promising directions. An increase in resources is also likely to be
correlated with higher aggregate funding periods during which funding agencies may be less selective in
the projects they fund.
Table 4.8: Comparing Elasticity Estimates by Research Output Metric

Grants 0‐5 years prior
Grant=0 indicator
Observations

Publications
(1)
0.163***
(0.0270)
1.527***
(0.353)
2525

Output Metric
95%ile citations
90%ile citations
(2)
(3)
0.104***
0.108***
(0.0364)
(0.0337)
0.659
0.738*
(0.460)
(0.414)
1773
1876

75%ile citations
(4)
0.152***
(0.0315)
1.246***
(0.386)
1993

Notes: Estimates are elasticities of Poisson regression models including a zero‐grant indicator and year and
researcher fixed effects. The independent variable “Grants 0‐5 years prior” is the IHS transform of the sum of
grant amounts to the researcher in the year of publication and the five years prior. Output metrics represent four
different dependent variables, including counts of all publications and counts of publications in the 95th, 90th, and
75th percentile of citation counts. Robust standard errors clustered by researcher are in parentheses and * p<0.10,
** p<0.05, *** p<0.01.

Similar results are obtained when using a different definition of researcher participation in grants and
publications. The results presented above use all of the grant funding on which a researcher is listed as
a Principal Investigator (PI) or co‐PI. The above results also use all publications listed in Web of Science
that name the researcher as an author. But the researcher may have contributed only peripherally to
obtaining these grants or generating this research. Using alternative definitions in which a grant is
included in analysis only if the relevant researcher is listed as the primary PI and a publication if the
researcher is listed as a primary author (first, last, and/or corresponding author) generates similar
estimates to those above.
Researcher Characteristics
The data also allow for comparisons across researcher characteristics such as gender and career stage.
Table 4.9 compares the elasticity estimates generated for the entire sample with those generated
separately for each gender. It also considers whether these elasticities vary by output metric. Each
entry in the table represents the elasticity and standard error from a separate regression with the
relevant output metric as the dependent variable.
The estimates by gender do not differ markedly from those seen previously. Elasticity estimates for
women are slightly larger than those for men in the case of publications as a whole but not for counts of
the most highly cited publications. The estimates for women are relatively imprecise due to the small
number of observations. Overall, the results do not suggest that either men or women are more likely
to increase research production as a result of increased funding.
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Table 4.9: Comparing Elasticity Estimates by Output Metric and Gender

Output Metric
Publications
95%ile citations
90%ile citations
75%ile citations

All
0.163***
(0.0270)
0.104***
(0.0364)
0.108***
(0.0337)
0.152***
(0.0315)

Gender
Male
0.160***
(0.0282)
0.103***
(0.0380)
0.105***
(0.0351)
0.151***
(0.0329)

Female
0.189**
(0.0773)
0.0589
(0.126)
0.112
(0.114)
0.174*
(0.0896)

Notes: Each entry represents an elasticity estimate from a separate Poisson regression with year and researcher
fixed effects and a zero‐grant indicator. The IHS transform of grants in the five years prior are the independent
variable and the relevant output metric for each row is the dependent variable. Estimates are made separately for
the entire sample and each gender. Output metrics represent four different dependent variables: counts of all
publications and counts of publications in the 95th, 90th, and 75th percentile of citation counts. Robust standard
errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

Career stage is also correlated with funding and productivity levels.
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Table 4.10 explores the relationship between career stage, productivity, and the elasticity of
productivity with respect to funding. In the represented Poisson regressions, publications are the
dependent variable and grants in the five years prior (IHS transform) and career stage dummies are
independent variables. The career stages are as defined above for Table 4.2, with the mid‐career stage
(11‐20 years post PhD) as the dropped reference level. The percentages by each stage reflect the
proportion of researcher‐years in the sample. The first model includes career‐stage dummy variables
without interactions. In the second model these career‐stage dummies are interacted with the lagged
grant variable and the third model includes interactions between the career stage dummies and the
grant variable as well as between the career stage dummies the zero‐grant indicator.
The estimates in
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Table 4.10 show that researchers at the very start of their career are much less productive than at all
other stages. This is not surprising given the time lag to generating publications as well as a lack of
experience. Although elasticity of productivity with respect to funding is modest across all groups, it is
significantly higher for these researchers at the beginning of their careers. A higher correlation between
funding and productivity for those at the start of their career is consistent with prior findings in the
literature (Arora and Gambardella 2005; Jacob and Lefgren 2011). Although the data do not provide
much information as to why this is the case, some possibilities are explored in the discussion section
below.
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Table 4.10: Estimates by Career Stage

Grants 0‐5 years prior (IHS)
Grant=0 indicator
Career stage indicators
Start (17.0%)
Early (11.4%)
Mid, dropped group (34.8%)
Mature (25.0%)
Late (11.8%)
Interactions between career stage
and grants 0‐5 years prior (IHS)
Start
Early
Mid, dropped group
Mature
Late

Career‐stage interactions
With grants and
Without
zero‐grant
interactions
With grants
indicator
(1)
(2)
(3)
0.102***
0.118***
0.0949***
(0.0286)
(0.0284)
(0.0310)
0.891**
1.416***
1.029**
(0.347)
(0.368)
(0.410)
‐0.396***
(0.0952)
0.0214
(0.0547)

‐1.014***
(0.181)
‐0.201
(0.171)

‐2.040***
(0.701)
0.339
(0.676)

‐0.0348
(0.0651)
‐0.152
(0.103)

‐0.0624
(0.153)
0.362
(0.293)

‐0.535
(0.723)
‐0.619
(1.068)

0.0570***
(0.0137)
0.0133
(0.0120)

0.132**
(0.0513)
‐0.0251
(0.0469)

0.00430
(0.00972)
‐0.0291
(0.0185)

0.0357
(0.0464)
0.0360
(0.0699)

Interactions between career stage
and zero‐grant indicator
Start

1.096
(0.682)
‐0.537
(0.657)

Early
Mid, dropped group
Mature

0.492
(0.704)
Late
1.008
(1.037)
Observations
2525
2525
2525
Notes: Estimates are the results of Poisson regression of publication output on career stage and the IHS transform
of grants in the year of publication and five years prior. Year and researcher fixed effects are included as well as a
zero‐grant indicator. Robust standard errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05,
*** p<0.01.
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Additional funding may also have a differential impact depending on the researcher’s current funding
level. Table 4.5, above, showed the elasticity of publications with respect to grants is roughly constant
across grant levels. However an additional dollar amount represents a much larger relative increase to a
researcher with a low funding level than one with a substantial grant allotment. Table 4.11 compares
estimates for the additional publications that would be generated by an increase of $1 million in grant
dollars at various grant percentiles. The grant percentiles are based on the 0‐5 year lagged grant
variable excluding zero‐grant observations. According to these estimates, individuals with small grants
will experience much larger productivity increases with a fixed dollar grant increase of $1 million. These
predictions are somewhat spurious as at low grant levels $1 million is a very large increase and the
elasticity is calculated as a derivative based on an infinitesimal difference in grant values.
Table 4.11: Additional Publications from an Additional $1 Million by Grant Percentile

th

Grant Percentile
50th
75th

5th

25

95th

Grant value (0‐5 year
lag, $2012)

68,579

426,441

904,109

1,968,054

4,373,013

Predicted publications

3.62

4.87

5.50

6.24

7.10

Additional publications/
additional $1 million in
grants

8.59

1.86

0.99

0.52

0.26

Notes: Grant percentiles are based on the 0‐5 year lagged grant variable excluding zero‐grant observations.
Publications as predicted based on a model fit with mean value for year fixed effects and median value for
researcher fixed effects.

Alternative Approaches to Estimation
In addition to the above analysis over the period 1997‐2013, separate analyses were also conducted
over short time windows in which aggregate funding changed markedly (see e funding is rising or falling.
Figure 4.1 above). Over short time periods, researcher‐specific time‐varying factors, such as omitted
funding or available institutional resources, may be less of a factor, as they have less opportunity to
change. Table 4.12 shows elasticities generated through these analyses and compares them to those
generated over the entire period (Model 6). The first two models show elasticity estimates for the first
funding increase period of approximately 2000‐2004 and the second two models for the second funding
increase period of approximately 2007‐2011. For both funding increases, two different four‐year time
windows were selected to confirm the estimates were not due to particularities of a specific year
selection. A funding decrease period was also included to consider whether the relationship between
additional funding and additional productivity varied depending on the direction of the aggregate
funding change. In this case the lagged grant variable is limited to grants in the year of publication and
the four years prior due to data limitations.
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Table 4.12: Regressions over Short Time Windows

Grants 0‐5 years
prior

First Funding
Increase
2000‐
2001‐
2003
2004
(1)
(2)
0.201*** 0.199***
(0.0711) (0.0584)

Second Funding
Increase
2007‐
2008‐
2010
2011
(3)
(4)
0.173*** 0.152***
(0.0519) (0.0394)

Grants 0‐4 years
prior
Grant=0 indicator
Observations

2.136**
(0.945)
517

2.181***
(0.732)
536

1.547**
(0.628)
686

1.490***
(0.493)
686

Funding
Decrease
1996‐
1999
(5)

0.154
(0.116)
0.910
(1.374)
298

Full
Period
1992‐
2013
(6)
0.163***
(0.0270)

1.527***
(0.353)
2525

Notes: Estimates from Poisson regression models including researcher fixed effects with publication counts as the
dependent variable. Year fixed effects are excluded except for Model 6. The independent variables “Grants 0‐5
years prior” and “Grants 0‐4 years prior” are the IHS transform of the sum of grant amounts in the year of
publication and the five or four years prior. Robust standard errors clustered by researcher are in parentheses and
* p<0.10, ** p<0.05, *** p<0.01.

The elasticity estimates are relatively consistent across the models at values between 0.15‐0.20. There
is decreased precision as fewer observations are associated with each time window than the full period
of analysis. By analyzing multiple time periods, there is also evidence that the limited relationship
between additional funding and additional output holds over the entire period, including during the
boost to SET R&D with ARRA funding. Estimates for the decreasing funding period are comparable to
the others although imprecisely measured. Thus this analysis provides no support for the idea that
researchers might be more sensitive to decreases in funding than increases.
Finally, I test whether the observed relationship between funding and productivity might be caused by
current productivity influencing future grants. High research output implies a successful track record, a
criterion for future funding in some cases. Thus an observed correlation between past funding and
current publications might be generated if the dominant relationship is between current publications
and future funding, especially as grant amounts are correlated across years.
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Table 4.13 presents the results of a regression in which both grants 0‐5 years prior to publication and
grants 1‐6 years subsequent to publication (IHS transforms) are included as independent variables. The
relationship between past grants and current publications is much stronger than the relationship
between current publications and future grants, suggesting the former correlation is not just a
byproduct of the latter correlation. Although statistically insignificant, there is some correlation
between current publications and future grants, as expected given grant correlation across years and
the role past research success can play in obtaining funding in the future.
Across the variety of models considered here, additional federal grant funds for academic research
generates a modest amount of additional research, on the order of 5.4 publications per $1 million or a
cost of $180,000 per additional publication.
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Table 4.13: Elasticity Estimates, Including Future Grants in the Regression

Grants 0‐5 years prior
Grants 1‐6 years subsequent
Grant=0 indicator: grants 0‐5
years prior
Grant=0 indicator: grants 1‐6
years subsequent
Observations

(1)
0.203***
(0.0378)
0.0649
(0.0405)
1.898***
(0.442)
0.679
(0.527)
1457

Notes: The estimates are elasticities of publication output with respect to the independent variable, the IHS
transforms of the sum of grants 0‐5 years prior or sum of grants 1‐6 years subsequent to the year of publication.
Separate zero‐grant indicators are included for the prior and subsequent grant variables. Robust standard errors
clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

Discussion
The findings above suggest that additional federal funding is associated with only a modest increase in a
researcher’s productivity. This holds for both men and women and over the entire career course,
although researchers at the beginning of their careers are more sensitive to funding levels. These
findings imply that if a funding agency wishes to increase research productivity, increasing funding for a
fixed set of researchers may not be an efficient way to achieve this goal in that it achieves a much lower
than proportionate increase in productivity. This section will consider whether these estimates are
likely to be correct, and if they are correct what factors might help explain them.
A number of concerns arise with respect to the findings above. The grant data comes from sources that
only compose roughly 58% of the funding for academic chemists. Omitted funding will also contribute
to research productivity. The data are likely to contain the majority of federal funding. In addition,
according to the data, funding from one federal agency is weakly positively correlated with funding from
others. Thus omitting grants from other federal sources likely biases estimates upwards, consistent with
the assertion of a weak relationship between increased federal funding and productivity gains. Omitted
funding from private or institutional sources is more problematic. These sources provide a minority but
significant amount of funding for academic chemists (30%) (National Science Foundation 2013b). In
addition, although I attempt to control for time‐ and researcher‐varying omitted variables through fixed
effects, time‐varying researcher characteristics may still bias estimates.
Institutional‐level analyses leave less opportunity for omitted funding to play a role, as aggregate
funding data is available. Institutional‐level spillover effects are also accounted for. The elasticity
estimate here of 0.16 is quite consistent with those at the institutional level from Payne and Siow. They
estimated elasticities of 0.13‐0.32 (Payne and Siow 2003). The marginal cost per publication of
$180,000 (calculated at mean publication and grant values) is also consistent with institutional‐level OLS
results on chemistry and chemical engineering publications from Rosenbloom et al. when their results
are converted to $2012 (Rosenbloom, Ginther et al. 2014).16 Estimates are also relatively consistent
16

OLS publications/$1 million are much lower than IV estimates in Rosenbloom et al. and thus the cost per
publication is higher under IV estimation. However they find much lower estimates when applying IV estimation to
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with the negligible to small elasticities estimated in other individual‐level work (Arora and Gambardella
2005; Jacob and Lefgren 2011). Estimates here are slightly higher, perhaps because the sample of
chemists is more resource dependent than the economists of Arora and Gambardella and because the
grant data here is more encompassing than in either Arora and Gambardella or Jacob and Lefgren. The
outlier is Whalley and Hicks’ elasticity estimate that approaches one (Whalley and Hicks 2014). Their
estimate may be an outlier because of the type of funding considered: institutional investment.
Alternatively, they may observe a stronger relationship between productivity and funding because of
changes in the number of researchers at the institution, a number likely correlated with both grants and
publications. Their institutional‐level analysis also suffers from grouping together researchers in vastly
different fields with varying capital intensities and publication practices.
We do intuitively expect that additional funding will allow researchers to generate more or better
research as additional funds provide the means to hire additional labor and invest in new equipment
that can improve research efficiency and/or quality. So if it is true that additional federal funding is
associated with only a small increase in an individual’s research output, what might explain this result?
There are a variety of possible explanations. If researchers choose to expand their labs in response to a
funding increase, they may experience diminishing returns with more limited resources available for
each project, including their own attention. There may be time trade‐offs between conducting research
and pursuing and administering grants. Growth in a research program may mean that the marginal
projects pursued are of lesser quality. Researchers with more funding may feel more secure in taking
risks with a portion of their funding, risks that do not necessarily generate additional papers.
An additional explanation is that researchers do not readily adjust lab size (and lab productivity) to
fluctuating funding levels. Researchers may operate at a steady‐state level of productivity, a level that
depends on their ability and motivation. This level of productivity requires funding and we know that
more productive researchers are generally those who receive more funding from federal sources.
However funding levels that deviate from that required to maintain their research program may have
little effect. The expansion of a research program is a long‐term investment. For example, a
commitment to a new graduate student can persist five years or even longer. A research program
expansion may entail additional equipment and research space, space that may need to be tailored to
the requirements of the research. A researcher may choose not to make this investment, even if funds
are available, because she does not want to be responsible for maintaining an increased funding stream
into the future and/or because she does not want to extend her supervisory role to a larger number of
workers and projects. Researchers may find a level of research capacity that suits them and aim to
maintain it. If researchers tend to maintain a steady state research program, short‐term perturbations in
a researcher’s funding level may have minimal effects as there is little incentive to expand and large
incentives not to contract. Unfortunately there are empirical difficulties with exploring the effects of
long‐term funding levels as they are likely to be highly correlated with individual‐ and institutional‐level
characteristics.
Researchers may have incentives not to expand with additional funding, but what prevents their
research program from contracting when resources become scarcer? As discussed above, researchers
may substitute between federal sources and private sources to maintain the funding level required to
maintain steady‐state productivity. Even if a researcher is unable to effectively maintain research
separate samples of Carnegie Research I and Research II institutions as compared to analyzing the full sample. This
suggests much of the relationship observed in the IV analysis is due to institutional characteristics.
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support through a combination of money from federal, industry, and foundation sources, the academic
system can work as a safety net to keep the professor afloat. A researcher’s department and colleagues
have incentives to help maintain the research program and can provide resources when none other are
available. A department wants its professors to succeed as this helps maintain a well‐functioning
department and good reputation. If the researcher is short on the funds needed to maintain her
researcher program, the department may be able to contribute to carry‐over funds or provide
alternative means of support for graduate students through teaching or research assistantships. In fact,
department support during times of scarcity is institutionalized during the initial phase of a researcher’s
career. Start‐up funds are typically provided by the department so that a research can get a laboratory
running during a career period when grant funding is scarcer. A researcher’s colleagues also have an
incentive to contribute to a funding safety net. Collaborators suffer if a colleague loses the ability to
contribute due to inadequate funds. To avoid this possibility, collaborators may share their own
resources. As shown in Table 4.12, elasticity estimates are similar during periods of aggregate funding
expansion and contraction suggesting a well‐functioning resource safety net, at least during relatively
small perturbations.
The higher elasticities estimated for researchers at the beginning of their careers can also be considered
consistent with the research steady‐state theory. These researchers are distinct by being in the early
stages of figuring out what a steady‐state research program might look like for them. They may also be
more likely to take the risk of maximally expanding their research program as they need to quickly prove
themselves capable of generating large amounts of quality research in order to achieve tenure.
Policy Implications
The results presented here suggest that increasing funding to a fixed pool of researchers can increase
SET R&D but only by a modest amount. Researchers at the beginning of their careers are more sensitive
to funding increases, and so provide a better target for funding increases that aim to expand research
productivity. However, rather than giving a fixed pool of researchers more funding, it might be more
efficacious to fund additional researchers; this is a topic for further study. Alternatively, SET R&D
expansion could occur by increasing funding for research in non‐academic contexts such as national labs
or the private sector.
These results do not imply that academic funding does not matter. An aggregate funding decrease may
not allow the substitution and safety‐net mechanisms to rescue all researchers. A sustained long‐term
increase in funding levels may provide more of an incentive for researchers to consider expanding their
research programs. More importantly, a sustained funding increase would incentivize increased hiring.
As many qualified researchers are unable to find academic jobs (Stephan 2012), there is likely to be an
adequate supply of researchers even if funding is increased, especially if increased in a slow and steady
fashion.

Conclusion
An increase in federal funding is associated with modest increases in research productivity for this group
of academic chemists working on SET. The relationship is on the order of a 16% increase in research
products with a doubling of funding. At the mean funding and publication levels, this corresponds to a
marginal cost of roughly $180,000 per publication, much higher than the average cost per publication of
approximately $60,000. There is a slightly stronger relationship for researchers at the beginning of their
careers. These results suggest that increasing funding to a fixed pool of researchers will generate only a
modest increase in SET research.
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Chapter 5 ‐ The Relationship between Grant Funding and Publications,
Within and Between Research Topic Areas
Introduction
In Chapter 4, I found that productivity increased at a much lower rate than funding when federal
funding increased for individual academic chemists. Given that researchers appear to have a relatively
fixed level of productivity, in this chapter I consider whether the government may be able to focus this
productivity on a particular area of concern. I consider whether increasing federal funding focused on
SET or biomedical research is an effective policy lever for increasing research in those areas. This is of
particular interest for SET as the government seeks to further expand R&D in this area.
The research question here is very similar to that explored in the previous chapter: how are funding and
productivity related? As in the previous chapter, there is a mechanism through which additional funding
allows for further investment in the resources required for research, generating increased productivity.
Here however, I also consider the role of topic area. I look at the within‐topic relationship between SET
grants and SET publications as well as the within‐topic relationship between biomedicine grants and
biomedicine publications. Productivity in a topic area might increase because of increased funding, but
it also might increase because researchers are moving some of their research capacity to that topic area
from another. For example, a large funding increase in one topic area may encourage researchers to
push their resources towards that topic area in the hopes of securing additional research dollars from an
improved source. If this is the case, the within‐topic relationship between funding and productivity may
be higher than the overall relationship without consideration of topic area. If researchers are switching
their research capacity between topic areas, there may also be reduced productivity in the topic areas of
lesser focus. Alternatively, resources for one area might complement resources in another if these
resources are useful to both.
I examine SET and biomedical research because they are two primary social research targets. They are
also research targets that make use of chemistry, and are thus of relevance to my sample of chemistry
researchers. Both SET and biomedical research have experienced strong federal investment increases
over the past decade and a half. In particular, academic research funding in the life sciences almost
doubled in constant dollars over the period 1998‐2003 (National Institutes of Health 2014a). According
to International Energy Agency data, funding for SET RD&D doubled between 1998‐2008, with an
additional spike in investment under the American Reinvestment and Recovery Act in the years
following (International Energy Agency 2013a).
I consider the relationships between funding and productivity using Poisson regressions. I find a within‐
topic elasticity of publications with respect to grants of 0.05‐0.25 for both SET and biomedicine.
Additional analysis suggests the relationship between SET grants and publications may be complex;
regardless, estimates of the relationship appear to be modest. Elasticities for both topic areas are
comparable to those estimated without consideration of topic area (0.16 from Chapter 4), suggesting
that similar relationships may be at work within topic and in aggregate. Consistent with this finding,
grants in one topic typically have weak, positive correlations with productivity in other topics, suggesting
that the topic areas are not competing for limited resources.
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Data and Sample Description
Dataset
I use the dataset described above in Chapter 3. The data include grant and publication information for
1992‐201317 for a sample of 173 academic chemists at research‐intensive universities. The chemists
were selected by first taking a systematic sample of chemistry departments classified as Comprehensive
Doctoral Institutions or Doctoral Institutions with STEM dominant, as determined by Carnegie
Classifications of Institutions of Higher Education (Carnegie Foundation). Professors in these
departments who indicated interest in SET research on their academic websites were included in the
sample. The dataset used does not include researchers who have zero grant values for all of the
relevant years.
The data include grant information for NSF, NIH, and DOE Office of Science grants, including grant start
and end dates and award amounts. Publication information was extracted from Thomson Reuters’ Web
of Science and includes data on authors, title, abstract, publication year, journal, and number of
citations amongst other fields. Each publication was coded for SET and biomedicine topic relevance as
described in Chapter 3. Two different coded sets were generated using (1) Bayesian Logistic Regression
(BLR) and (2) 3‐Nearest Neighbors (3NN) coding algorithms. The BLR set is used as the primary indicator
of relevance as BLR coding was typically more accurate. The 3NN set is used to check for consistency
across coding algorithms, as shown in

17

Counts of highly cited publications are limited to 1992-2010 as citation counts for more recent papers are in more
rapid flux than older papers.
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Table 5.7 below. See Chapter 3 for further details. Unless otherwise noted, the results presented rely
on the BLR‐coded document set.
I aggregate grants and publication information annually for each researcher, with the unit of analysis the
researcher‐year. The number of active years varies by researcher. An active year is defined as a year in
which the sampled researcher had an active research program at a research‐intensive university in the
US. Many researchers were not active over the entire period of interest, in most cases because they
entered the sample after 1992. In this case, their first year in the sample is the year they began their
independent academic career or moved their research program to the US. A small number of
researchers also exit the sample because they change career or retire.
I use counts of both publications and highly‐cited publications as metrics for research productivity. As a
proxy for research volume I use counts of publications, although it is recognized that a publication does
not accurately represent a uniform unit of research output. As a proxy for research quality, I use counts
of highly cited publications, i.e. counts of papers in the 95th, 90th, and 75th percentiles of chemistry
papers by citation counts in the paper’s year of publication.18
For further information on the data set, please see Chapter 3.
Data Limitations
The analysis here is subject to same data concerns discussed in Chapter 4, in particular omitted funding.
In addition, there are concerns associated with the coding of publications by topic areas.
Based on small set of manually coded publications, there appears to be some systematic
misclassification of publications, with the BLR algorithm underclassifying publications for SET and
overclassifying publications for biomedicine. It is difficult to accurately quantify the misclassification
due to overfitting on the first sets of documents manually coded (see Chapter 3). As a result I focus on
analysis of elasticities, relying on the percentage change in values rather than absolute counts. By
focusing on percent changes in publications in these topic areas, misclassification is less likely to bias
results. For example, if SET is consistently undercategorized by 20%, a percent change in the
undercategorized output will be equivalent to the true percent change. Misclassification is unlikely to
be completely consistent (see Chapter 3), adding some measurement error in the dependent variable.
There is less variation in the data here than in the previous chapter as there are many more zero values.
Many more researchers have zero grants or publications in a particular topic area in a given year than
they do without the topic restriction. Reduced variation in independent variables such as grants leads to
larger standard errors.
In addition, the sample analyzed is a group of chemists that have self‐declared interests in SET. As a
result, findings may have less applicability to the general population than if analysis were conducted on
a randomly selected sample. In addition, researchers who participated in SET research but were
unsuccessful at generating SET research products may be less likely to declare their interest in SET on
their websites. If this is the case, the relationship between grants and publications in that topic area will
be biased upward. Analysis of biomedicine allows for analysis where selection is less of a concern
although SET interest may also influence the biomedicine component of research.
Sample Summary Statistics
18

Annual percentile cutoffs were based on a pool of all worldwide chemistry papers contained in Web of Science
for the relevant year, excluding those with authors from the US or China. See Chapter 3 for further detail.

70

Figure 5.1 and Figure 5.2 show mean grant and publication values per researcher year over the period
1992‐2013. Figure 5.1 shows mean grant values for all grants, SET grants, and biomedicine grants,
showing upward trends in all three cases. Note that some grants are not classified as either SET or
biomedicine and thus the values for all grants are larger than the sum of SET and biomedicine grants.
Biomedicine grants begin increasing around 2000, shortly after the beginning of the NIH‐budget
doubling, and fall off slightly towards the end of the analysis period. SET grants begin rising around 2001
and maintain a fairly consistent upward trend. SET and biomedicine grants make up a larger portion of
total grants at the end of the period than the beginning.
Figure 5.2 shows mean publication counts per researcher year for the sample over the period 1992‐
2013, again showing upward trends for all publications, as well as for publications in the SET and
biomedicine topic areas. The counts presented are based on the coding results from the BLR algorithm.
Although the overall upward trends are likely to be accurate, systematic misclassification in the coding is
likely to have undercounted SET publications and overcounted biomedicine publications. Thus relative
numbers across topic areas may be inaccurate.
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Figure 5.1: Mean Grant Amounts per Researcher Year, 1992‐2013
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Figure 5.2: Mean Publication Counts per Researcher Year, 1992‐2013
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Table 5.1 presents the summary statistics for the sample, for both the SET and biomedicine topic areas.
I list values for annualized grants as well as values for the lagged grant variable that is used in analysis,
the sum of grants in the year of analysis and the seven years prior (Grants 0‐7 years prior). I include
publication counts as coded by both the BLR and 3NN coding algorithms to show results are comparable.
Counts of highly cited publications are only presented for the BLR‐coded data. For most of the statistics,
a high proportion of the sample has a zero value such that the median value is zero. I include the
fraction of the sample with a zero value as one of the listed statistics.

73

Table 5.1: Summary Statistics

Standard
Deviation

Fraction
with zero
value

Mean
Median
Max
N
SET Grants and Publications
Grants ($2012)
76,356
0
140,511
1,256,045
0.619
2938
Grants 0‐7 years
prior ($2012)
473,247
0
806,763
7,124,576
0.502
2314
Publications (BLR)
1.03
0
2.27
28
0.657
2938
Publications (3NN)
1.31
0.34
2.27
28
0.373
2938
95%ile citations
(BLR)
0.28
0
0.85
9
0.85
2424
90%ile citations
(BLR)
0.37
0
1.04
10
0.823
2424
75%ile citations
(BLR)
0.52
0
1.30
11
0.778
2424
Proportion of total
grants
0.31
0.14
0.36
1
0.427
2009
Proportion of total
publications
0.14
0
0.24
1
0.616
2622
Biomedicine Grants and Publications
Grants ($2012)
79,115
0
216,957
3,103,534
0.734
2938
Grants 0‐7 years
prior ($2012)
535,533
0 1,288,622 15,291,343
0.603
2314
Publications (BLR)
1.12
0
2.18
22
0.6
2938
Publications (3NN)
0.91
0.33
1.52
15
0.431
2938
95%ile citations
(BLR)
0.28
0
0.82
8
0.846
2424
90%ile citations
(BLR)
0.40
0
1.06
10
0.796
2424
75%ile citations
(BLR)
0.63
0
1.46
16
0.714
2424
Proportion of total
grants
0.25
0
0.35
1
0.543
2009
Proportion of total
publications
0.16
0
0.27
1
0.551
2622
Notes: x%ile citations are counts of publications in the xth percentile of citation counts or higher. BLR
indicates publications were coded for topic area by the Bayesian Logistic Regression algorithm. 3NN
indications publications were coded for topic area by 3‐nearest neighbor algorithm.

In both the SET and biomedicine cases, mean annual grants for each researcher is $75,000‐$80,000. As
0‐7 year lags, SET grants make up 31% of researcher total grants on average and biomedicine grants
25%. Grant values deviate strongly from a normal distribution with the majority of values at zero.
Standard deviations are large. Researcher publication counts have a mean of approximately one
publication in each topic area per year, with BLR and 3NN giving reasonably similar estimates. In the
BLR cases for each topic area, the majority of observations have a zero publication count. These zero
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values are less dominant in the 3NN cases as 3NN gives fractional coding classifications whereas BLR
does not. Mean values for counts of highly cited publications are similar for SET and biomedicine, with
approximately 0.3 publications in the 95th percentile and 0.4 publications in the 90th percentile of
citations. For each topic area, the mean proportion of grants is higher than the mean proportion of
publications. This may be partially the result of coding classification errors. Researchers may also be
more likely to directly tie grant applications to topic areas if this helps secure funding. Based on grants
in the data, the mean cost per SET publication is $74,000 and for biomedicine publications $71,000. In
reality, the mean cost per publication will be higher because of omitted funding, although SET
publication counts are likely undercounts due to coding misclassification as discussed above.

Empirical Approach
In this chapter I model the relationships between grants and publications in research topic areas. The
relationships are similar to those estimated in Chapter 4 and so I begin with a similar model: a Poisson
regression with the IHS transform of topic‐area grants (g) as the key independent variable and topic‐
area publications (p) as the dependent variable with researcher (r) and year (t) fixed effects (Equation 1).
As grants may affect publications over a period of time, the grant variable is lagged. In this case, the lag
includes grants in the year of publication and the seven years prior. Because of the strong influence of
zero‐grant variables, I include a zero‐grant indicator. I use the estimate of βg, the elasticity of
publications in a topic area with respect to publications in that topic area, as my primary measure of the
within‐topic relationship between grants and publications.
(1) E(pr,t|covariates) = exp(β0 + βgIHS(gr,t0‐>‐7) + βzZeroGrantIndicator + βtTimeFixedEffects +
βrResearcherFixedEffects)
As in the previous chapter, I also conduct analysis over short time windows, without fixed effects.
Under this approach, I hope that omitted variables that are closely linked to time will not vary strongly
given a short time window of analysis. The goal is to reduce the influence of variables correlated with
time including researcher‐specific time varying factors, such as omitted funding or other omitted
resources. Admittedly, reducing the time period of analysis may reduce variation in these omitted
variables but is unlikely to remove them completely. In conducting analysis over the full period with
year fixed effects, as well as over short time periods without year fixed effects, I aim to generate a
consistent set of estimates as evidence of reliability over a variety of modeling approaches and time
periods.
Along with within‐topic relationships, I also examine cross‐topic relationships, such as whether grants in
biomedicine have a relationship to publications in SET. In this way I consider whether funding in one
area complements or competes with funding in another. I use the model in Equation 2 where g
represents funding in the topic area of publications and f represents grant funding in another topic area.
In both cases, the grant values appear as IHS transforms with 0‐7 year lags and their coefficients can be
interpreted as elasticities. See below for further discussion of the lag structure. I include interactions
between grants in the two topic areas. This allows consideration of whether funding in an outside topic
area is associated with the size of the within‐topic relationship between grants and funding. I also
include zero grant indicators for both grant variables g and f.
(2) E(pr,t|covariates) = exp(β0 + βgIHS(gr,t0‐>‐7) + βfIHS(fr,t0‐>‐7) + βgf(IHS(gr,t0‐>‐7)*IHS(fr,t0‐>‐7)) +
βzgZeroGrantIndicatorG + βzfZeroGrantIndicatorF + βtTimeFixedEffects +
βrResearcherFixedEffects)
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Analysis was conducted using Stata 13 (StataCorp 2013).

Results
I begin by defining a base model for analyzing the within‐topic relationship between funding and
productivity in a particular topic area. I then apply variations of this model to explore other metrics for
productivity, cross‐topic relationships, and the relationship of researcher characteristics to within‐topic
productivity.
Base Model
As described in the empirical approach section, I begin with the Poisson specification in Equation 1 as
well as the OLS variant. Table 5.2 presents estimates generated through OLS and Poisson regression:
elasticities of the publication output in a particular topic area with respect to funding in that topic area.
Funding is encompassed by the sum of grants in the year of publication and seven year prior (“Grants 0‐
7 years prior”). Models 1 and 2 present OLS estimates and Models 3‐6 the Poisson estimates. The
Poisson regressions are performed using quasi‐maximum likelihood estimation. Model 4 includes year
fixed effects (FEs), Model 5 includes researcher fixed effects, and Models 2 and 6 include both types of
fixed effects.
Table 5.2: Estimates of Within Topic Elasticities of Publication Output with Respect to Funding

OLS

Poisson

Year &
Researcher
FEs
(2)

No FEs
(1)
SET Grants and Publications
Grants 0‐7 years
0.213*** 0.105***
prior (IHS)
(0.0365)
(0.0258)
Grant=0 indicator
2.370*** 1.155***
(0.467)
(0.325)
Constant
‐2.051*** ‐0.332
(0.468)
(0.350)
Observations
2314
2314
Biomedicine Grants and Publications
Grants 0‐7 years
0.243*** 0.172***
prior (IHS)
(0.0436)
(0.0334)
Grant=0 indicator
2.524*** 1.840***
(0.594)
(0.426)
Constant
‐2.190*** ‐1.225***
(0.598)
(0.450)
Observations
2314
2314

Year &
Researcher Researcher
FEs
FEs
(5)
(6)

No FEs
(3)

Year FEs
(4)

0.440***
(0.0853)
5.050***
(1.211)
‐5.618***
(1.222)
2314

0.394***
(0.0838)
4.686***
(1.168)
‐4.490***
(1.214)
2314

0.346***
(0.0741)
3.200***
(1.007)

0.0610
(0.0503)
0.245
(0.631)

1977

1977

0.358***
(0.0906)
3.558***
(1.293)
‐4.223***
(1.306)
2314

0.336***
(0.0912)
3.304**
(1.292)
‐3.684***
(1.338)
2314

0.309***
(0.0623)
3.187***
(0.797)

0.164***
(0.0523)
1.497**
(0.670)

2081

2081
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Notes: The independent variable “Grants 0‐7 years prior” is the IHS transform of the sum of grant amounts to the
researcher in the year of publication and the seven years prior. Robust standard errors clustered by researcher are
in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

Under Poisson regression and year and researcher fixed effects (Model 6), the estimated elasticities are
small and statistically insignificant in the case of SET (0.06) and modest in the case of biomedical
research (0.16). Doubling of an individual’s SET funding over the relevant period is associated with a 6%
increase in SET publications, although again this finding is not significantly different from zero.
Estimates for SET are much lower with the inclusion of year fixed effects. Because SET grants and
publications are highly correlated with time, the year fixed effects may be absorbing much of the
relationship between the variables of interest.
Doubling of biomedical funding is associated with a 16% increase in biomedical publications. These
estimates are also much lower than those without fixed effects or with only year or researcher fixed
effects, suggesting that there are strong correlations between the variables of interest and year and
researcher characteristics. As in Chapter 4, researcher ability is likely to play a role in both grants and
publications.
The model described by Equation 1 implies a constant elasticity relationship between funding and
productivity in topic areas. Additional funding in a topic area may have a varying association to
productivity depending on the researcher’s base level of funding. For example, a researcher with
substantial prior knowledge and/or equipment investment relevant to a topic area may face lower costs
for further research, suggesting elasticities that rise with grant amounts. Alternatively, these
researchers may have already exhausted their best ideas, consistent with elasticities that decline with
grant amounts. For each topic area, I test whether a constant elasticity model is appropriate to the data
by dividing the observations into terciles by grant amount, excluding observations where the grant
amounts are zero.19 I estimate separate elasticities for each tercile (

19

In the previous chapter, I tested for constant elasticity using grant quintiles. Here there are fewer relevant
observations as over 50% of the observations have zero grant amounts so I use terciles instead. Analysis by grant
quintiles also generates estimates that are similar across quintiles, but standard errors are large.
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Table 5.3). In both the SET and biomedical research case, the elasticities are very similar across the
terciles. In the biomedicine case, there is a small, statistically significant, downward trend; a Wald test
of whether all three elasticities are equal has a p‐value of 0.065. However there is little practical
difference across terciles, especially given the large standard errors. Thus a constant elasticity model is
used going forward. Elasticities estimated within terciles are slightly larger than those estimated across
the entire population but given the imprecision of the estimates this is not a significant difference.
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Table 5.3: Within Topic Elasticities by Grant Tercile

Elasticity by tercile
SET Grants and Publications
Tercile 1
Tercile 2
Tercile 3
Observations
Biomedicine Grants and
Publications
Tercile 1
Tercile 2
Tercile 3
Observations

0.112*
(0.0584)
0.110**
(0.0545)
0.111**
(0.0523)
1060

0.300***
(0.0770)
0.290***
(0.0695)
0.273***
(0.0689)
911

Notes: Estimates are based on a Poisson regression of publications on the IHS transform on the lagged grant
amount (grants 0‐7 years prior), with year and researcher fixed effects. Separate elasticities are estimated for each
grant tercile. Observations with zero‐grant values are excluded from the regression and tercile definition. Robust
standard errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

Estimates have so far used a lag structure that encompasses the year of publication and seven years
prior. In
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Table 5.4 I consider whether a shorter lag period might be appropriate. In all cases, elasticities are
estimated using a Poisson regression model with researcher and year fixed effects. A zero‐grant
indicator is included for each grant variable in the model. Two factors are considered here. The first is
the duration of grant lag period required to encompass the relevant grants. Models 2, 4, and 6 show
estimates generated by including grants up to 7, 5, and 3 years respectively prior to the year of
publication. Second, Models 1, 3, and 5 consider the dynamics of the relationship between funding and
productivity by breaking down prior years of grants into two‐year increments. For example, Model 3 is
similar to Model 4 in including all grants to research in the year of publication and five years prior. In
Model 3, however, these prior grants are broken down into three independent variables: grants in the
year of publication and year prior, grants in years 2‐3 prior to publication, and grants in years 4‐5 prior
to publication. These lagged grants are grouped in two‐year increments to reduce multicollinearity.
Also included in the table is a metric that allows comparison across models. This comparison metric is
the number of additional publications that would be generated if an additional $50,000 in grants was
added to each relevant grant year, assuming mean grant and publication values. If models that are less
encompassing of past lagged funding are not consistent with the more encompassing models by this
metric, it suggests they do not include enough past years of funding.
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Table 5.4: : Estimating Within Topic Elasticities with Variants on the Grant Lag Structure

(1)
SET Grants and Publications
Grants 0‐1 years prior (IHS)
Grants 2‐3 years prior (IHS)
Grants 4‐5 years prior (IHS)
Grants 6‐7 years prior (IHS)

Poisson regression
(3)
(4)

(2)

0.0661
(0.0470)
‐0.0722
(0.0563)
0.0351
(0.0537)
‐0.0192
(0.0569)

Grants 0‐7 years prior (IHS)

0.0585
(0.0476)
‐0.0473
(0.0522)
0.0205
(0.0520)

(5)
0.0630
(0.0499)
0.00486
(0.0502)

0.0610
(0.0503)

Grants 0‐5 years prior (IHS)

0.0625
(0.0493)

Grants 0‐3 years prior (IHS)
Additional publications if add
$50,000 in every relevant
grant year
‐0.0055
Observations
1977
Biomedicine Grants and Publications
Grants 0‐1 years prior (IHS)
0.0518
(0.0324)
Grants 2‐3 years prior (IHS)
‐0.0332
(0.0336)
Grants 4‐5 years prior (IHS)
‐0.00429
(0.0404)
Grants 6‐7 years prior (IHS)
0.0371
(0.0426)
Grants 0‐7 years prior (IHS)

(6)

0.0755
(0.0482)

0.0609
1977

0.0228
2175

0.0554
2175

0.0444
(0.0324)
‐0.0367
(0.0323)
0.0276
(0.0423)

0.0490
2330

0.0595
2330

0.0458
(0.0324)
‐0.00722
(0.0376)

0.164***
(0.0523)

Grants 0‐5 years prior (IHS)

0.122**
(0.0514)

Grants 0‐3 years prior (IHS)

0.0682
(0.0506)

Additional publications if add
$50,000 in every relevant
grant year
0.0575
0.1556
0.0310
0.1060
0.0270
0.0537
Observations
2081
2081
2288
2288
2450
2450
Notes: Estimates are elasticities of Poisson regression models including a zero‐grant indicator for each grant
variable and year and researcher fixed effects. The independent variables are the IHS transform of the sum of
grant amounts to the researcher in the years mentioned, relative to the year of publication. A comparison metric
across models is the number of additional publications that would be generated if an additional $50,000 was
added in each relevant grant year, calculated at the mean values of grants and publications. Robust standard
errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.
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In the SET case, the additional publication comparison metric is consistent across the aggregated 0‐7, 0‐
5, and 0‐3 year lags (Models 2, 4, and 6). Elasticity estimates are all small and statistically insignificant.
However in the biomedicine case, both the elasticity and additional publication comparison metric are
substantially larger in the 0‐7 year lag case versus the 0‐5 year case. In examining the relationship
between funding and productivity in the previous chapter, a 0‐5 year lag period was sufficient. A slightly
longer lag may be required when considering relationships within research topic areas if the researcher
is switching to a new area with new knowledge and resource requirements. Thus, for both topic areas,
the base model includes lags in the year of publication and the seven years prior. In the biomedicine
case, the full period of grant relevance may be even longer but a longer lag period further reduces the
years of analysis available with this dataset, increasing the already large standard errors.
It is difficult to discern dynamic trends in Models 1, 3, and 5 because of the large standard errors.
Estimates of the relationship between grants and publications in each topic area are highest for the
grant years most proximate to the year of publication (“Grants 0‐1 years prior”). Although the full
period of grant relevance is long, grants appear to have their strongest relationship to publication count
soon after the grant is received.
As an additional test of the base model specification, analysis was performed over four‐year time
windows. These short time windows provide an alternative approach to dealing with time variation.
Over these windows, there is less opportunity for researcher‐specific time‐varying omitted variables to
play a role, omitted variables that are not controlled for in the base model. These variables might
include omitted funding or institutional resources. In addition, time fixed effects are omitted, instead
assuming any time‐correlated omitted variables will be relatively constant over the short period. In this
way, any correlation between subject area publications and year are not absorbed in the year fixed
effects. This approach does generate its own concerns. Without the year fixed effects, omitted
variables correlated with time can play a role if there is significant variation over the four‐year period. In
addition, limiting data to a four‐year time window dramatically reduces the data available as well as
variation in that data, resulting in less precise estimates. However this complementary approach does
provide a useful test of the base model. If the estimates are similar, this approach increases the
reliability of the estimates. If estimates are different, this approach provides some additional possible
values.
Table 5.5 shows estimates for the within‐topic elasticity of publications with respect to grants over short
time windows. I focus on the period from 2001‐2012 as funding for these topic areas for my sample
rises more rapidly beginning in 2001 (Figure 5.1) and thus there is likely to be more variation in funding
levels during this period. Variations in funding are less pronounced than in Chapter 4. I examine the
three four‐year periods 2001‐2004, 2005‐2008, and 2009‐2012, along with analysis of the full period
1999‐2013 with year fixed effects.
In the case of SET grants and publications, all of the elasticity estimates are relatively small, but
estimates do vary over the four models. Over the period 2009‐2012 (Model 3), the elasticity estimate is
0.25, suggesting a modest relationship between SET grants and publications. In contrast, Model 1
(2001‐2004) and Model 4 (full period with year fixed effects), show only small, statistically insignificant
relationships. Although it does not include year fixed effects, Model 1 (2001‐2004) may also suffer from
insufficient variation as SET research is still at a fairly low level. SET publications begin rising around
2004. For grants, the lag period is eight years and SET funding begins its increase around 2002; the
funding increase is just beginning to filter through the lagged grant variable during this period. Variation
in SET grants and publications increases markedly over the three windows, in particular for the third
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window. Variation is measured by standard deviations and standard deviations normalized by mean
values.
Table 5.5: Regressions over Short Time Windows

Time period

2001‐2004
(1)
SET Grants and Publications
Grants 0‐7 years prior (IHS)

0.0794
(0.0800)
Grant=0 indicator
1.213
(1.003)
Observations
248
Biomedicine Grants and Publications
Grants 0‐7 years prior (IHS)
0.215*
(0.130)
Grant=0 indicator
2.292
(1.602)
Observations
353

Full
(1999‐
2013)
(4)

2005‐2008
(2)

2009‐2012
(3)

0.166*
(0.0940)
1.353
(1.186)
424

0.254***
(0.0757)
2.490***
(0.933)
492

0.0610
(0.0503)
0.245
(0.631)
1977

0.186
(0.122)
1.661
(1.444)
436

0.186*
(0.109)
2.249*
(1.299)
519

0.164***
(0.0523)
1.497**
(0.670)
2081

Notes: Estimates are generated through Poisson regression including researcher fixed effects with publication
counts as the dependent variable. Year fixed effects are excluded except for Model 6. The independent variable
“Grants 0‐7 years prior” is the IHS transform of the sum of grant amounts in the year of publication and seven
years prior. Robust standard errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05, ***
p<0.01.

This analysis suggests that in the SET case year fixed effects may be absorbing some of the variation in
SET publications that is correlated to SET grants. There may not be enough signal that is uncorrelated
with time to discern a clear relationship. In the final window, SET funding has been rising long enough
for there to be considerable variation in both grants and publications within the window and the
elasticity estimate is larger. Regardless, the relationship is modest in all estimates.
In contrast, the relationship between biomedicine grants and publications is much more consistent over
the time periods, with an elasticity of roughly 0.2 for each of the time windows and 0.16 for the full
period. The biomedicine data is more conducive to consistent estimates. Publication counts are slightly
less correlated with year than in the SET case. In addition, there is more variation in publication counts
over the first two time windows as compared to SET publication counts. This variation is measured by
standard deviation and standard deviation normalized by mean values.
As an additional test of the base model, I consider whether there is a relationship between current
publications and future grants. Such a relationship would complicate a story where the assumption is
that the correlation between grants and publications arises because grants lead to publications. Table
5.6 shows the results of within‐topic regressions that include both grants 0‐5 years prior to publication
and grants 1‐6 years subsequent to publication as independent variables, IHS transforms in both cases. I
limit analysis to 6‐year lags given the limited time period of the data. The biomedicine case is
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straightforward: the expected relationship is observed with current publications significantly associated
with past grants but not future grants. In the case of SET, the relationship is more complex. The
relationship between current publications is stronger with future grants than with past grants.
Estimates are not precise and there may be more signal available in future grants, as there was in the
later time windows as described above. Regardless, current publications are correlated with both past
and future grants, suggesting a more complex dynamic relationship between funding and productivity,
potentially involving additional omitted variables. To some extent, this is expected as a successful track
record will lead to additional grants and because there is high correlation across grant years. Unlike the
analysis in the previous chapter and the biomedicine analysis here, the relationship between SET
publications and future grants is larger than the relationship with past grants. As a result, estimates of
the relationship between SET funding and publications are questionable.
Table 5.6: Within Topic Elasticities, Including Future Grants in the Regression Model

(1)
SET Grants and Publications
Grants 0‐5 years prior

0.141
(0.0875)
Grants 1‐6 years subsequent
0.198***
(0.0735)
1.686
Grant=0 indicator: grants 0‐5
years prior
(1.090)
1.937**
Grant=0 indicator: grants 1‐6
years subsequent
(0.921)
Observations
1048
Biomedicine Grants and Publications
Grants 0‐5 years prior
0.134**
(0.0664)
Grants 1‐6 years subsequent
‐0.0658
(0.0579)
1.070
Grant=0 indicator: grants 0‐5
years prior
(0.867)
‐1.039
Grant=0 indicator: grants 1‐6
years subsequent
(0.730)
Observations
1135
Notes: The key estimates are elasticities of publication output with respect to the independent variable, the IHS
transforms of the sum of grants 0‐5 years prior or sum of grants 1‐6 years subsequent to the year of publication.
Separate zero‐grant indicators are included for the prior and subsequent grant variables. Robust standard errors
clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

For subsequent analyses in this chapter, my base model is a within‐topic Poisson regression of
publications on lagged grants, with 0‐7 year lag on grants, a zero‐grant indicator, and year and
researcher fixed effects, as described by Equation 1. In the case of SET grants and publications, this
model gives an elasticity estimate of 0.06, however there is some evidence the mechanism between
grants and publications may be more dynamically complex. Year fixed effects may also be absorbing
some of the correlation. Regardless, the elasticity of SET publications to SET grants is likely modest, in
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the range of 0.05‐0.25. At the mean funding and publication levels for SET, this corresponds to a cost of
$300,000 ‐ $1.2 million in additional SET funding per additional SET publication. The elasticity for
biomedicine is also modest, although more consistent across models at roughly 0.16. At the mean
funding and publication levels for biomedicine, this corresponds to a cost of roughly $400,000 in
additional biomedicine funding per additional biomedicine publication. In both cases, the
cost/publication estimates are higher than that estimated in the previous chapter without consideration
of topic area ($180,000). Higher costs may be due to unmeasured spillover effects to other topic areas.
Costs are also much higher than Chapter 4’s approximation of the average cost/publication of $60,000,
as well as similar average costs found in Rosenbloom et al. (Rosenbloom, Ginther et al. 2014).
Variations in Metrics
In this section, I vary the metrics used to consider the relationship between topic area grants and
research output. The base model above considers the relationship between same‐topic grant and
publication amounts. In
Consistent results are also obtained when using a different definition of researcher participation in
grants and publications. The results presented above use all of the grant funding on which a researcher
is listed as a Principal Investigator (PI) or co‐PI. The above results also use all publications listed in Web
of Science that name the researcher as an author. But the researcher may have contributed only
peripherally to obtaining these grants or generating this research. Using alternative definitions in which
a grant is included in analysis only if the relevant researcher is listed as the primary PI and a publication
if the researcher is listed as a primary author (first, last, and/or corresponding author) generates similar
estimates to those above. Due to their similarity, these estimates are not shown here.
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Table 5.7, I consider whether the relationship varies when counts of highly cited publications are used as
alternative measures of research output. I compare models where measured output in the topic area is
count of publications or publications in the 99th, 95th, or 75th percentile of citation counts. I also vary the
coding algorithm used to determine topic‐area relevance to confirm that estimates are consistent. In
the base model, topic relevance is determined using the BLR coding algorithm. I include estimates using
3NN as an alternative algorithm. In both the SET and biomedicine cases, estimates are consistent for
the two metrics, suggesting that results are not specific to a particular coding algorithm. Results are also
fairly consistent across output metrics, given the large standard errors. In the SET case there is little
relationship between SET funding and output across the metrics. In the biomedicine case, there is a
consistent modest elasticity for all metrics, with an elasticity of 0.15‐0.22. This suggests that any new
biomedicine research products associated with the increase in biomedicine funding are of comparable
quality to research at the lower level of funding. This is unlike the case found in the previous chapter
where highly cited publications had lower associated elasticities than publications, although the
difference between the biomedicine and Chapter 4 estimates is statistically insignificant.
Consistent results are also obtained when using a different definition of researcher participation in
grants and publications. The results presented above use all of the grant funding on which a researcher
is listed as a Principal Investigator (PI) or co‐PI. The above results also use all publications listed in Web
of Science that name the researcher as an author. But the researcher may have contributed only
peripherally to obtaining these grants or generating this research. Using alternative definitions in which
a grant is included in analysis only if the relevant researcher is listed as the primary PI and a publication
if the researcher is listed as a primary author (first, last, and/or corresponding author) generates similar
estimates to those above. Due to their similarity, these estimates are not shown here.
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Table 5.7: Comparing Elasticities by Coding Algorithm and Output Metric

SET Grants and Publications
BLR algorithm
3NN algorithm
Biomedicine Grants and
Publications
BLR algorithm
3NN algorithm

Publications
(1)

Output Metric
95%ile
90%ile
citations
citations
(2)
(3)

75%ile
citations
(4)

0.0610
(0.0503)
0.0537
(0.0376)

‐0.00713
(0.0862)
0.0258
(0.0766)

‐0.0485
(0.0758)
0.00673
(0.0639)

‐0.00619
(0.0716)
0.0101
(0.0536)

0.164***
(0.0523)
0.169***
(0.0490)

0.167*
(0.101)
0.161*
(0.0919)

0.215***
(0.0792)
0.181**
(0.0778)

0.187***
(0.0677)
0.147**
(0.0579)

Notes: Each entry represents a within‐topic elasticity estimate from a Poisson regression with year and researcher
fixed effects and a zero‐grant indicator. The IHS transform of grants in the seven years prior is the independent
variable and the relevant output metric for each column is the dependent variable. Output metrics represent four
different dependent variables: counts of all publications and counts of publications in the 95th, 90th, and 75th
percentile of citation counts. The coding algorithm used to classify publications is specified for each row. Robust
standard errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

Cross Topic Relationships
In addition to looking at the within‐topic relationships between funding and productivity, I can consider
whether funding in one topic area might be related to productivity in another. For example, additional
funding might lead to additional productivity in another if it leads to additional resources that can be
shared across projects. Alternatively, additional funding might lead to reduced productivity in other
topic areas if it increases competition for finite resources such as researcher time and equipment. There
are very few cases in the data where grants are classified as both SET and biomedicine so resources are
unlikely to be directly linked to more than one topic area.
Table 5.8 presents the results of this analysis considering three grant topic areas: SET, biomedicine, and
grants in neither of these areas (“Neither topic”). In the first model I include all three grant types and in
the second I add in interactions between on‐topic and off‐topic grants where on‐topic refers to the topic
classification of the publications and off‐topic refers to all other areas.
For both SET and biomedicine publications, additional off‐topic grants are typically associated with small
increases in on‐topic publication counts, although there is not a strong association for neither‐topic
grants, especially in the biomedicine publication case (Model 1). From these results, additional
resources in off‐topic fields are not associated with reduced output. Estimates for this first model were
similar when separate regressions were performed for each grant topic. Model 2 includes interactions
with estimates showing that cross‐topic interactions are insignificant; off‐topic funding has little
relationship to the association between on‐topic funding and productivity. As an increase in off‐topic
grants does not appear to reduce the within‐topic relationship between grants and productivity,
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competition between fields with rising grants does not appear to be a concern. Productivity in each
topic area appears to be operating fairly independently of productivity in the others.
Table 5.8: Cross‐Topic Relationships

No
Interactions
(1)
SET Publications
SET grants 0‐7 years prior (IHS)
Biomedicine grants 0‐7 years
prior (IHS)
Neither topic grants 0‐7 years
prior (IHS)

0.0629
(0.0518)
0.0944*
(0.0497)
0.0895*
(0.0469)

SET & biomedicine grant
interaction
SET & neither topic grant
interaction
Observations
Biomedicine Publications
Biomedicine grants 0‐7 years
prior (IHS)
SET grants 0‐7 years prior (IHS)
Neither topic grants 0‐7 years
prior (IHS)

1977
0.160***
(0.0502)
0.0752
(0.0552)
‐0.00950
(0.0327)

Biomedicine & SET grant
interaction
Biomedicine & neither topic
grant interaction
Observations

2081

With
Interactions
(2)
0.0575
(0.0531)
0.0962*
(0.0542)
0.0722
(0.0537)
‐0.000112
(0.00102)
0.000676
(0.000960)
1977
0.168***
(0.0507)
0.0917**
(0.0452)
‐0.0278
(0.0396)
‐0.000945
(0.00120)
0.000719
(0.000720)
2081

Notes: Poisson regression estimates with key estimates as elasticities. The top section uses SET publications as the
dependent variable and the bottom section biomedicine publications, with SET, biomedicine, and neither‐topic
grants as independent variables in both sections. The first model includes all three grant variables and the second
additionally includes interactions between the within‐topic grant variable and other grant variables. The grant
variables are included as the IHS transform of the sum of grants in the year of publication and seven years prior.
Robust standard errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

I can also examine relationships between grants and productivity in terms of the proportions of grants
and publications within the SET and biomedicine fields. Analysis in terms of proportions directs analysis
towards the change in focus between topic areas. Table 5.9 shows the results of OLS regressions in
terms of proportions with year and researcher fixed effects. For both SET and biomedicine, the
proportion of on‐topic publications was calculated by dividing the researcher’s on‐topic publications by
their total publications. Similarly, the proportion of on‐topic grants was calculated by dividing the
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researcher’s on‐topic grant amount over the full lag period by their total grants over that period. Model
1 shows within‐topic analysis and Model 2 includes off‐topic grant proportions for cross‐topic analysis.20
Table 5.9: Proportions Analysis

Within topic
analysis
(1)

Within & cross
topic analysis
(2)

Proportion of publications that are SET
Proportion of grants that are SET (0‐7
years prior)
Proportion of grants that are biomedicine
(0‐7 years prior)
Constant
Observations

0.160***
(0.0432)

0.168***
(0.0231)
1901

0.185***
(0.0466)
0.0694
(0.0448)
0.138***
(0.0307)
1901

Proportion of publications that are
biomedicine
Proportion of grants that are biomedicine
(0‐7 years prior)
Proportion of grants that are SET (0‐7
years prior)
Constant
Observations

0.102**
(0.0402)

0.203***
(0.0178)
1901

0.104**
(0.0407)
0.00472
(0.0283)
0.201***
(0.0230)
1901

Notes: OLS regression estimates in terms of proportions. The top section uses the proportion of publications that
are SET as the dependent variable and the bottom section the proportion of biomedicine publications, with SET
and biomedicine grant proportions as independent variables in both sections. The proportion of grants that are
neither SET nor biomedicine is the dropped group. The grant variables are the proportion of grants in the topic
area over the period that includes the year of publication and seven years prior. Robust standard errors clustered
by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

The within‐topic estimates from these analyses again show only a modest relationship between changes
in funding and changes in productivity. In Model 1, a 0.25 increase in the proportion of funding that is
SET is associated with only a 0.04 increase in that researcher’s proportion of SET publications. A 0.25
increase in the proportion of biomedical funding is associated with only a 0.03 increase in the
proportion of biomedical publications. This suggests that shifts in the balance between funding for
different topics are not associated with large shifts in the research output topic balance. Estimates are
similar in Model 1 and in Model 2, where the proportion of grants in the other topic area is held
constant, i.e. funding shifts are coming from grants that are neither SET or biomedical. The results in
Model 2 of Table 5.9 also show that increases in SET or biomedical funding are not associated with
decreased productivity in the other field, i.e. there are no cross‐topic associations with increased
20

As discussed in the data limitations section, there is some concern with analysis that relies on the absolute counts
of publications in the topic areas due to misclassification. In this case, similar estimates were also generated using a
log-log model that instead considers percent changes in the publication counts.
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funding. This suggests that researchers are not moving resources between fields to support a growing
topic of research in their labs.
I conducted additional preliminary analysis to consider whether growth in one area appears to induce
switching resources away from another area. I looked at same‐year correlations between SET and
biomedicine grants and correlations between SET and biomedicine publications using OLS regressions
with year and researcher fixed effects. There are weak positive correlations between SET and
biomedicine grant values as well as weak positive correlations between SET and biomedicine
publications. Correlations with grants and publications classified as neither topic are weakly positive or
zero. As additional grants or output in one area is not associated with a decline in other areas, it
appears that researchers are not diverting resources to areas of growth from other research areas.
Again, research programs in the different topic areas seem to be operating fairly independently from a
productivity perspective, even within the same research group.
Researcher Characteristics
I can also compare estimates across researcher characteristics such as gender and career stage although
it is difficult to discern trends due to large standard errors. Table 5.10 shows within‐topic elasticity
estimates by gender. In both the SET and biomedicine case, women show higher associations between
topic funding and topic productivity, although the differences are statistically insignificant.
Table 5.10: Estimates by Gender

SET Grants and Publications
Grants 0‐7 years prior (IHS)

Grant=0 indicator
Observations
Biomedicine Grants and
Publications
Grants 0‐7 years prior (IHS)
Grant=0 indicator
Observations

All

Gender
Male

Female

0.0610
(0.0503)
0.245
(0.631)
1977

0.0525
(0.0556)
0.205
(0.699)
1699

0.143
(0.0967)
0.862
(1.303)
278

0.164***
(0.0523)
1.497**
(0.670)
2081

0.175***
(0.0548)
1.760**
(0.704)
1769

0.321***
(0.106)
2.780**
(1.375)
312

Notes: Poisson regression estimates with year and researcher fixed effects. The second and third models generate
estimates for male and female subgroups. The grant variables are included as the IHS transform of the sum of
grants in the year of publication and seven years prior. Robust standard errors clustered by researcher are in
parentheses and * p<0.10, ** p<0.05, *** p<0.01.

90

Table 5.11 compares within‐topic elasticities across career stages for SET grants and publications and
Table 5.12 for biomedicine grants and publications. The “Start” stage of a researcher’s academic career
is defined as the first four years of an academic career, regardless of the number of years since
obtaining a PhD. “Early” career researchers are defined as those with more than four years of
independent academic experience as a professor, but with fewer than ten years elapsed since obtaining
their PhD. “Mid”‐, “Mature”‐, and “Late”‐career researchers are defined as those who are 11‐20, 21‐30,
and 31+ years post their PhD degree year. The mid‐career stage (11‐20 years post PhD) is the dropped
reference level. The first model includes career‐stage dummy variables without interactions. In the
second model these career‐stage dummies are interacted with the lagged grant variable and the third
model includes interactions between the career stage dummies and the grant variable as well as
between the career stage dummies the zero‐grant indicator.
Again it is difficult to compare estimates across career stage because of imprecise estimates. Estimates
also vary significantly across the three models. According to the third model, starting‐career researchers
do not have larger correlations between grants and productivity in SET than other groups, as was seen in
the analysis in the previous chapter for analysis without topic consideration. In the biomedicine case,
the starting‐career group does have a higher elasticity with respect to grants although the difference is
not statistically significant.
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Table 5.11: Estimates by Career Stage: SET Grants and Publications

Grants 0‐7 years prior (IHS)
Grant=0 indicator
Career stage
Start
Early
Mid, dropped group
Mature
Late

Career‐stage interactions
With grants and
Without
zero‐grant
interactions
With grants
indicator
(1)
(2)
(3)
0.0381
0.0720
0.141**
(0.0483)
(0.0507)
(0.0698)
0.0725
0.385
1.380
(0.624)
(0.700)
(0.967)
‐0.839***
(0.191)
‐0.100
(0.113)

‐0.972***
(0.247)
‐0.110
(0.229)

3.014*
(1.710)
1.819
(1.442)

0.224
(0.157)
‐0.127
(0.185)

0.613***
(0.183)
0.389
(0.363)

1.941
(1.291)
0.580
(2.842)

0.0401*
(0.0238)
0.00547
(0.0178)

‐0.268**
(0.125)
‐0.131
(0.103)

‐0.0337**
(0.0152)
‐0.0402
(0.0262)

‐0.125
(0.0893)
‐0.0536
(0.195)

Interactions between career stage
and grants 0‐7 years prior (IHS)
Start
Early
Mid, dropped group
Mature
Late
Interactions between career stage
and zero‐grant indicator
Start

‐4.039**
(1.719)
‐1.984
(1.465)

Early
Mid, dropped group
Mature

‐1.331
(1.244)
Late
‐0.184
(2.740)
Observations
1977
1977
1977
Notes: Estimates are the results of Poisson regression of publication output on career stage and the IHS transform
of grants in the year of publication and seven years prior. Year and researcher fixed effects are included as well as
a zero‐grant indicator. Robust standard errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05,
*** p<0.01.
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Table 5.12: Estimates by Career Stage: Biomedicine Grants and Publications

Grants 0‐7 years prior (IHS)
Grant=0 indicator
Career stage
Start
Early
Mid, dropped group
Mature
Late

Career‐stage interactions
With grants and
Without
zero‐grant
interactions
With grants
indicator
(1)
(2)
(3)
0.147***
0.193***
0.156***
(0.0503)
(0.0499)
(0.0531)
1.450**
2.091***
1.558**
(0.650)
(0.659)
(0.712)
‐0.472**
(0.204)
‐0.0212
(0.123)

‐0.785***
(0.202)
‐0.280*
(0.157)

‐2.199
(1.747)
‐0.643
(1.315)

‐0.274**
(0.108)
‐0.487***
(0.157)

0.0133
(0.190)
‐0.205
(0.297)

‐0.958
(1.016)
‐0.827
(0.963)

0.0588***
(0.0157)
0.0254**
(0.0124)

0.159
(0.125)
0.0501
(0.0939)

‐0.0211
(0.0161)
‐0.0195
(0.0210)

0.0445
(0.0681)
0.0221
(0.0652)

Interactions between career stage
and grants 0‐7 years prior (IHS)
Start
Early
Mid, dropped group
Mature
Late
Interactions between career stage
and zero‐grant indicator
Start

1.431
(1.709)
0.380
(1.280)

Early
Mid, dropped group
Mature

0.992
(1.008)
Late
0.591
(0.992)
Observations
2081
2081
2081
Notes: Estimates are the results of Poisson regression of publication output on career stage and the IHS transform
of grants in the year of publication and seven years prior. Year and researcher fixed effects are included as well as
a zero‐grant indicator. Robust standard errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05,
*** p<0.01.
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Discussion and Policy Implications
The results in this chapter suggest that the within‐topic relationship between federal grants and
productivity is modest, with elasticities on the order of 0.05‐0.25 for both SET and biomedicine topic
areas. Within‐topic relationships are different than those for a researcher’s full body of work as
researcher can switch their focus between topic areas. Thus even if a researcher’s productive capacity is
relatively fixed, they could move resources to more favorable topic areas. If a switching mechanism is in
play, a higher within‐topic elasticity is possible than for the full body of work. However these elasticities
are similar to those without consideration of topic area (0.16), as found in Chapter 4, suggesting
researchers are not diverting resources between topic areas.
When I more directly consider cross‐topic relationships, I also do not see evidence of switching
resources between topic areas. Grants in one topic area are weakly positively correlated with
publications in another. Thus additional resources in one area do not cause researchers to lessen efforts
in others. Grants in SET and biomedicine are weakly positively correlated with each other as are
publications in the two fields. At the researcher level, there appears to be little trade‐off between
subject areas. In general, work in one area is done in addition to work in another area rather than
instead of work in that other area.
The modest elasticity and evidence against switching resources between topics may be a consequence
of comparing the SET and biomedicine topic areas. Both SET and biomedicine experienced strong recent
funding increases and it might prove easier to divert researchers from areas of lesser growth. However
there was also limited diversion from the neither‐topic category.
As a policy tool, these results suggest that the federal government may not be able to strongly increase
productivity in a chosen topic area by increasing topic‐area funding for a fixed pool of researchers.
Researchers may be hesitant to fully engage with one topic area at the expense of another. A diverse
research portfolio allows researchers to appeal to a variety of funding sources adding security that
funding will be available from somewhere. A large, long‐term federal commitment to funding a
particular subject area would provide additional funding security and may be more likely to induce
switching resources to that area.
Increased funding in an area may have more of an impact in encouraging new entrants to focus on that
area. The analysis here focuses on shifts in researcher behavior from their long‐term status quo, as
represented by their fixed effect. High funding in a topic area may mean new entrants have higher
status‐quo productivity in the area of concern.
To the policy maker, it may actually be reassuring that researchers do not appear to be switching
resources between subject areas. An increase in resources for one field is associated with a modest
increase in productivity in that field with no observed negative consequences for other fields. Policy
changes are often made without full consideration of ripple effects such as diverted resources from
other efforts. In this case the ripple effects appear to be minor.

Conclusion
Increases in SET and biomedicine funding are each associated with small increases in research
productivity within the topic area. For both SET and biomedicine, the relationship is on the order of a 5‐
25% increase in publications with a doubling of funding. These values are similar to elasticities
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estimated in Chapter 4 without consideration of topic area, suggesting that topic area may play little
role in the relationship between grants and productivity. Further supporting this conclusion,
researchers do not appear to divert resources from one area to another in response to funding changes.
Grants in one topic area appear to have little relationship to productivity in another topic area. There
appears to be little competition between topic areas within the lab. These results suggest that even if
additional funding is directed to a particular topic area, a fixed pool of researchers will only generate
slightly more research in that area.
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Chapter 6 ‐ The Relationship between National‐Level Funding and
Participation Rates for Research Topic Areas
Introduction
In this chapter I consider a third policy lever: whether the federal government can sway participation in
particular research areas by changing the national‐level funding provided to those areas. In Chapters 4
and 5, I found that the elasticity of publications with respect to funding is approximately 0.16, overall
and within particular topic areas. Even if increasing funding for individuals does not substantially
increase research in a topic area, government may have other methods of influencing research decisions
through federal funding. In particular, aggregate funding levels for research topics may influence which
areas researchers chose to pursue. Well‐publicized increases in funding for a topic area may attract
researchers in search of scarce resources to support their work.
Before pursuing and receiving grants in a particular topic area, researchers must choose which areas to
pursue. This is not necessarily a decision that is fixed for the duration of a scientific career. Chemists, in
particular, have access to research knowledge and methods that may be transferable between research
targets, such as SET and biomedical research. During the course of training and career, scientists choose
topics for their PhDs, postdoctoral fellowships, the beginning of their independent careers, and
subsequent targets for their research career. Their research focus may change as interests change
and/or new funding resources are required. Although decisions as to research focus are likely to be
related to the knowledge gained in previous stages of their career, movement between research targets
is certainly possible and certain basic science questions may be relevant to multiple applied research
targets.21 In choosing areas to target, researchers may be more likely to pursue directions that are
better funded. In this case, the government (and other large funders) may be able to direct research
attention to topics of societal interest through increasing aggregate funding for that area.
Over the past two decades, funding for research has varied widely. As discussed in previous chapters,
this has been especially the case of biomedical research with the NIH budget doubling of 1998‐2003. It
has been true to a more moderate extent for SET research and federal interest in supporting SET
research has been well publicized.
Intuitively it seems likely that an increase in federal funding for a topic area would lead to increased
researcher participation in that area. Researchers require funding to pursue their work and resources
are often scarce. Evidence from the NIH budget doubling suggests the increase in funding generated
more applicants and a larger number of proposals per applicant. However this was partially driven by
increased investment and hiring by universities rather than researcher‐level decision making (Stephan
2012).
In this chapter I consider the consequences of funding variation on researcher participation in particular
topic areas. I define participation in terms of a researcher’s generation of publications in the topic area.
As with previous chapters, I focus on chemists and their participation in SET and biomedical research. I
use a logit regression model to probe the relationship between aggregate federal funding in a topic area
and researcher participation in that area. I find strong correlations between aggregate funding and
21

In my sample of 185 chemists, 112 have a least one publication in each of the SET and biomedical research topic
areas according to the coding algorithm. 94 have at least two publications in each topic area.
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participation: a 25% increase in aggregate funding for the relevant topic area is associated with an
increase of 0.18 in the proportion of researchers participating in SET and 0.07 in the proportion of
researchers participating in biomedical research. However the relationships exhibit strong time trends
and due to data limitations I cannot disentangle the relationships from unknown time‐varying factors
that may be the true cause of correlation.

Data and Sample Description
Dataset
I combine the individual level data described in Chapter 3 with US‐level federal funding data to analyze
the relationship between national‐level federal spending and individual participation in research topic
areas over the period 1992‐2013.
For national‐level spending, I use appropriations for the Department of Energy (DOE) and the National
Institutes of Health (NIH) as proxies for federal spending in SET and biomedical research respectively
(Gallagher and Anadon 2014; National Institutes of Health 2014a). My primary measure for aggregate
federal spending for SET is the DOE’s budget appropriation for basic energy sciences (DOEBES). I focus
on funding for basic energy sciences as this component of DOE spending most closely aligns with R&D
spending at universities and is similar to values for DOE spending on R&D in higher education over the
period since 2003 (National Science Foundation 2013b).22 However, much of this spending will have
occurred in non‐university settings and additional federal funding for academic SET research will be
available from other sources, including NSF. In addition, DOE basic energy sciences spending is not
restricted to SET. As a secondary measure of aggregate federal spending on SET, I combine the DOE
basic energy sciences amount with DOE appropriations for renewable energy and hydrogen RD&D
(DOESET). Although much of this money will not have been directed at academic research, it does
reflect federal levels of interest and investment in SET.
My primary measure for aggregate federal spending for biomedical research is the NIH’s budget
appropriations (NIHAPP) as the NIH is the primary funder of biomedical research in the US. As other
agencies, including the NSF, also fund biomedical research, I also test a secondary measure of federal
biomedical research funding: federal spending on life science research in higher education (LIFESCI)
(National Science Foundation 2013b). I do not use this as my primary measure as the NIH
appropriations metric more closely matches the DOE appropriations metric I use for SET.
At the individual level, I use the sample of 185 academic chemists and their grant and publications
information as described in Chapter 3. Researchers were included in the sample based on their self‐
reported interest in SET. Publication information for these researchers was extracted from Thomson
Reuters’ Web of Science. Each publication was coded for SET and biomedical research topic relevance
as described in Chapter 3. I constructed an annual‐level indicator of participation in SET and biomedical
topic areas: researchers are considered to be participating in the topic in a particular year if at least 20%
of their publications in that year are associated with the topic area.23 This is a fairly stringent bar for a
participation metric, in part because of the error rate associated with the topic coding. In particular, the
coding algorithm overestimates the number of publications categorized as biomedical research and I
aim to reduce false indicators of participation. See Chapter 3 for a further discussion of coding error. I
22

Values for DOE spending on R&D in higher education are only available for the period beginning in 2003 and
thus are not used as the spending metric.
23
I require that the 20% cutoff be met under both of the coding algorithms discussed in Chapter 3.
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also use a percentage rather than a publication count because of coding error; a researcher with a large
number of publications will be more likely to meet a paper count cutoff though coding error than a
researcher with fewer publications. A high bar for participation represents a significant commitment to
the topic area. A researcher who has taken no initiative in a topic area may produce publications in that
area through collaboration. As an alternative metric, I also consider cutoff of 10% of publications in
topic.
For further information on the dataset, please see Chapter 3.
Sample Description
Figure 6.1 and

98

Figure 6.2 show SET and biomedical spending values over the period 1992‐2013. Figure 6.1 shows
growth in SET funding over the last decade as proxied by both the primary and secondary SET funding
metrics. The two SET spending metrics show similar trends. The DOESET metric shows a much larger
spike in 2009 associated with the American Recovery and Reinvestment Act (ARRA). Much of this spike
is tied to demonstration projects and other non‐academic spending and this is part of the reason I do
not use DOESET as my primary variable for national‐level SET spending.
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Figure 6.2 shows more dramatic growth in federal biomedical funding over the past two decades, in
particular over the NIH‐budget doubling period of 1998‐2003. The two biomedical spending metrics
show similar trends with the primary metric, the NIH Appropriations amount, the larger as it includes
non‐academic spending such as at intramural NIH laboratories.
Figure 6.1: SET Funding Metrics, 1992‐2013
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Figure 6.2: Biomedical Research Funding Metrics, 1992‐2013
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Figure 6.3 and The participation rate for biomedical research also increases dramatically over the period
1992‐2013, even though the population was not selected for its interest in biomedical research; the
increase is lower than in the SET case. Participation increases from around 9% of the sampled
population in the 1990s to approximately 28% of the sampled population in the 2010s using the 20%
publication cutoff metric. Again the values for the 20% and 10% cutoff metrics parallel each other,
however in this case there is a larger gap than in the SET case.
Figure 6.4 show participation rates in SET and biomedical research for the sampled population for each
year of analysis (1992‐2013). Early years do not include the full sample as many in the sample began
their independent careers after 1992. Participation is defined as above, with the requirement that at
least 20% or 10% of a researcher’s publications for the year be in the topic area, depending on the
metric. In the SET case, participation increases dramatically over the period, from around 8% of the
sampled population in the 1990s to approximately 40% of the sampled population in the 2010s using
the 20% publication cutoff metric. A high participation rate for recent years is expected as the sample
was selected based on expressed interest in SET, however the participation rate remains below 50%.
The two SET participation metrics are closely related, with the 10% cutoff values only slightly lower than
those from the 20% cutoff.
Figure 6.3: SET Participation Rate, 1992‐2013
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The participation rate for biomedical research also increases dramatically over the period 1992‐2013,
even though the population was not selected for its interest in biomedical research; the increase is
lower than in the SET case. Participation increases from around 9% of the sampled population in the
1990s to approximately 28% of the sampled population in the 2010s using the 20% publication cutoff
metric. Again the values for the 20% and 10% cutoff metrics parallel each other, however in this case
there is a larger gap than in the SET case.

Proportion of Researchers Participating

Figure 6.4: Biomedical Research Participation Rate, 1992‐2013
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Table 6.1 shows summary statistics for aggregate grant metrics and annual participation rates over the
period 1992‐2013, providing baseline measures. The first four rows describe annual‐level values for the
aggregate grant metrics. I also include values describing 8‐year sums of these metrics (0‐7 years prior to
the year of analysis) as this is the format used in the majority of the regression analyses below.
Funding in the biomedical research area is much larger than that for SET, on the order of 10‐20 times
larger. Annual participation rates for the two topic areas are similar, with mean values of 0.16‐0.18
using the 20% publications in topic cutoff. As seen above in the graphs over time, however, recent
participation rates by this metric are higher for SET than for biomedical research (0.4 vs. 0.3).
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Table 6.1: Summary Statistics

Mean

Standard
Deviation

Minimum

Maximum

SET Metrics
Annual DOE Basic Research
Appropriations (millions of $2012)

1214

311.2

865.3

2188

Annual DOE SET & Basic Research
Appropriations (millions of $2012)

1899

814.9

1203

4970

DOE Basic Research Appropriations, 0‐7
years prior (millions of $2012)
DOE SET & Basic Research
Appropriations, 0‐7 years prior (millions
of $2012)

8891

1217

7403

11930

13300

3343

9975

20820

Annual SET participation rate, 20%
publication cutoff

0.176

0.122

0.053

0.41

0.248

0.137

0.111

0.481

Annual NIH Appropriations (millions of
$2012)

25360

7378

13280

33130

Annual Federal Funding for Life Sciences
R&D in Higher Education (millions of
$2012)

15760

5232

8798

24070

NIH Appropriations, 0‐7 years prior
(millions of $2012)

178400

62690

90640

257700

Federal Funding for Life Sciences R&D in
Higher Education, 0‐7 years prior
(millions of $2012)

106900

37660

59140

169600

0.163

0.082

0.024

0.301

0.265

0.104

0.095

0.437

Annual SET participation rate, 10%
publication cutoff
Biomedical Research Metrics

Annual biomedical research participation
rate, 20% publication cutoff
Annual biomedical research participation
rate, 10% publication cutoff
N = 22 years

Empirical Approach
I model the association between federal funding and researcher participation in that topic area over the
period 1992‐2013. In particular, I model individual‐level researcher participation in a topic area as a
function of annual aggregate federal funding in that topic area, as proxied by agency appropriations.
As participation in a topic area is a binary response, I estimate the probability of participation using
models of the form shown in Equation 1, where G is a function of the federal aggregate funding for the
topic area.
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(1) P(participation = 1 | AggregateFunding) = G(β0 + β1AggregateFunding)
In the simplest version of the model, I estimate using OLS. However OLS can be problematic in binary
choice cases as response probabilities estimated by OLS are not restricted to the range of 0 to 1. To
eliminate this concern, I also consider a logit model where G is the logistic function shown in Equation 2.
(2) G(z) = exp(z)/[1 + exp(z)]
For the aggregate funding variable, DOE appropriations are much smaller than NIH appropriations. To
facilitate cross‐topic comparison, estimates are presented as semielasticities with respect to the
aggregate funding amount, i.e. d(participation)/d(ln(funding)).24 This semielasticity is approximately
equivalent to the change in participation probability given a doubling in aggregate funding. Unless
otherwise indicated, estimates are reported as average semielasticities (ASE) where semielasticities are
estimated for each observation and then averaged.
Analysis was conducted using Stata 10 and Stata 13 (StataCorp 2007; StataCorp 2013).
Empirical Limitations
The influence of omitted variables is a key concern with this analysis. In particular, both aggregate
funding and participation rates show strong time trends. The observed relationship between them may
be driven by omitted factors that follow similar time trends and so are correlated with both of these key
variables. Typically one would reduce these concerns by including year fixed effects in the regression
model. However only one aggregate funding data point is available per year for each analysis, making a
time fixed effects model impossible. In addition, the ability to include additional controls is limited
because of minimal data on aggregate funding. I test for the potential influence of unobservables by
running regression models that include aggregate funding variables for presumably irrelevant topic
areas. For example, if funding for biomedical research is highly correlated with participation in SET
research, this would suggest unobserved factors may be driving the estimated relationships. Regardless,
all estimates are correlative and not causal.
One specific omitted variable is the level of societal concern for a topic area. Aside from concerns with
funding, researchers may be motivated to engage with a research topic area because they believe the
topic is relevant to the social good. Increased federal funding in a topic area is also likely to be highly
correlated with increasing societal concern. For example, increasing societal interest in climate change
may be the cause of both increased federal funding and researcher participation in SET.
There are also more concerns that arise out of the data. Errors in the individual‐level dataset will
increase the standard errors of the estimates. In particular, there are errors in coding publications for
topic area relevance, as discussed in Chapters 3 and 5. If these coding errors are random, they should
lead to less precise estimates but not bias. However miscoding of the manually‐coded publications
suggests that publications are undercoded for SET and overcoded for biomedicine. In looking at changes
in the proportion of researchers participating, it is likely that estimates for SET will be slightly
underestimated and estimates for biomedicine will be slightly overestimated.

24

Semielasticities are generated post-regression using Stata’s margins command. These semielasticities can be
calculated from the marginal effects by multiplying by the appropriations amount.
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Finally, my results must also be interpreted in the context of how I have defined my metrics and sample.
I have used researcher participation in a topic as my outcome variable. An increasing participation rate
with increasing funding does not necessarily mean that there is more research in the field overall.
Although increasing the number of people working in a field is likely to be a mechanism for increasing
total research in that area, it is possible that instead researchers are increasingly targeting multiple
fields with less focus on a topic of interest. In addition, the studied sample was selected for each
researcher’s self‐indicated interest in SET research as of 2012. As a result, it is not surprising that these
researchers show high levels of SET participation in the later years covered by this analysis, a time of
relatively high SET funding. The results should be interpreted in terms of a population of researchers
that is disposed to SET participation.

Results and Discussion
I begin by establishing a base regression model for the relationship between aggregate funding and
researcher participation in a topic area. er are reported in parentheses.
Table 6.2 shows semielasticity estimates based on model variants. The top set of results looks at the
relationship between DOE basic research appropriations and participation in the SET topic area while
the bottom set examines the relationship between NIH appropriations and participation in the
biomedical research topic area. A lag is expected in the relationship between aggregate funding levels
and participation rates. For these estimates, I include aggregate grants in the year of participation and
seven years prior (“0‐7 years prior”). Estimation is performed with OLS (Columns 1‐2) and logit models
(Columns 3‐4). Columns 2 and 4 include researcher fixed effects (FEs). In all cases I report average
semielasticites (ASE). Although there are concerns with unconditional logit estimation with fixed effects,
bias is typically small for the number of periods used here (Katz 2001; Greene 2004). I use unconditional
estimation because it allows for the reporting of average semielasticities. Robust standard errors
clustered by researcher are reported in parentheses.
Table 6.2: Semielasticities of Participation Rate with Respect to Funding

OLS
No FEs
(1)

Logit

Researcher
FEs
(2)

No FEs
(3)

Researcher
FEs
(4)

SET Participation
DOE Basic Research
Appropriations, 0‐7 years prior
Observations
Biomedicine Participation
NIH Appropriations, 0‐7 years
prior
Observations

0.830***
(0.0813)
3160

0.852***
(0.0822)
3160

0.722***
(0.0635)
3160

1.046***
(0.0650)
2231

0.243***
(0.0314)
3160

0.263***
(0.0332)
3160

0.291***
(0.0437)
3160

0.450***
(0.0484)
2075

Notes: Estimates are presented as average semielasticities (ASE). Semielasticities with respect to the funding
independent variable are generated through Stata’s margins command. Robust standard errors clustered by
researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.
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Estimates are fairly consistent across these models, with the exception of the logit model with fixed
effects (Column 4). The logit model is considered more reliable than the OLS model in the fixed effects
case as the OLS model predicts almost 30% of values outside of the feasible 0‐1 probability range.
In the SET case without fixed effects, there is a strong relationship between the aggregate funding and
participation. A 25% increase in appropriations corresponds to an approximate increase in participation
probability of 0.18. Using the mean values for the analysis period, this corresponds to an increase in
participation rate from 0.18 to 0.36 with an increase in annual funding of $1.2 billion to $1.5 billion. In
the biomedical research case, the relationship between appropriations and participation in the field is
weaker though still significant. In this case, a 25% increase in appropriations corresponds to an
approximate increase in participation rate of 0.07. Using the mean values for the analysis period, this
corresponds to an increase in participation rate from 0.16 to 0.23 with an increase in annual funding of
$25 billion to $31 billion. Because of the misclassification errors discussed above, these results may be
underestimates in the case of SET and overestimates in the case of biomedicine. The stronger
correlation in the SET case may be reflective of the sample of researchers. The researchers were chosen
in 2012, based on their self‐indicated interest in SET research. Because they showed interest in SET
during a period of high SET funding, these researchers may be more susceptible to SET funding levels
than those for biomedical research.
In both the SET and biomedical research cases, the logit models give higher estimates when fixed
researcher effects are included. Higher estimates arise in large part because individuals who never
participate are dropped. In the analysis that follows, I focus on models without these individual fixed
effects. It is important to recognize that some researchers never participate. Given that this sample
was selected for its declared interest in SET, a sample more representative of the total chemistry
population would likely have an even larger fraction of those who never participate.25 In addition, a
fixed effects model assumes each individual has a fixed tendency to participate in the field. That
tendency might be shaped by individual characteristics that are independent of the funding climate for
the topic area. However the measured proclivity may also be shaped by the aggregate funding climate.
For example, a researcher choosing between postdoctoral fellow opportunities may choose a position
linked to more favorable funding opportunities, funding opportunities that may help finance the
postdoctoral fellowship and hopefully the subsequent independent career. This decision may set up the
researcher’s sustained participation in the topic area. As a researcher’s long‐term participation levels
may be shaped by aggregate funding levels, I focus on models without researcher fixed effects.
I then consider the lag structure between past aggregate funding amounts and participation. In
Chapters 4 and 5, I looked at the relationship between individual funding and participation and found
publications were related to funding in the year of publication and up to seven years prior. A
researcher’s decision to focus on a research topic area typically precedes funding. Thus if the
relationship between aggregate funding and participation in a topic are the result of researchers
deciding where invest their resources, lag times of at least as long as seven years prior are expected.

25

Non-fixed effects estimates for SET participation would likely be smaller for a more representative sample of
chemists.
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Table 6.3 shows the semielasticities associated with various lag structures. In all cases, I use logistic
regressions to analyze the relationship between topic participation and lagged aggregate funding. Two
factors are considered: the duration of lag period required to encompass the relevant prior aggregate
funding and the dynamics of this relationship. Models 2, 4, and 6 show estimates generated by
including all appropriations up to 9, 7, and 5 years prior to the year analyzed for participation. Models 1,
3, and 5 consider the dynamics of the relationship between aggregate funding and participation in a
topic area by breaking down prior years of appropriations into two‐year increments. For example,
Model 5 is similar to Model 6 in including all appropriations in the year of potential participation and five
years prior. In Model 5, however, these prior grants are broken down into three independent variables:
appropriations in the year of potential participation publication and year prior, appropriations in years
2‐3 prior to potential participation, and appropriations in years 4‐5 prior to potential participation. The
last row for each topic area sums the semielasticities across the relevant lags to allow cross‐model
comparisons.
The estimates in
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Table 6.3 suggest that appropriation amounts are associated with topic participation rates as long as 7‐9
years later and possibly longer. In the SET case, the sum over lags consistently increases with longer lag
ranges whereas in the biomedical research case, the sum appears to plateau in the 7‐9‐year lag range.
Further analysis is conducted using the 0‐7 year lag in the interest of generating practically significant
policy recommendations. However it should be noted that aggregate funding decisions may have even
longer‐term effects.
As for the dynamics of the relationship between aggregate funding and participation, in the SET case,
the relationship with aggregate funding up to 7 years prior remains consistently large. In the
biomedicine case, the relationship with aggregate funding 4‐5 years prior is much stronger than for
other periods. Although many of these estimates are not statistically significant due to limited data, the
pattern persists across the various models. This suggests a significant lag time for the relationship
between aggregate funding and participation, longer than that found for the relationship between
funding and publication.
The logit model with the 0‐7 year lag structure for aggregate funding and without individual fixed effects
provides the base model for this analysis.
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Table 6.3: Comparison of Lag Structures

(1)

(2)

Logit regression
(3)
(4)

(5)

(6)

SET Participation
DOE Basic Research
Appropriations, 0‐1 years prior
DOE Basic Research
Appropriations, 2‐3 years prior
DOE Basic Research
Appropriations, 4‐5 years prior
DOE Basic Research
Appropriations, 6‐7 years prior
DOE Basic Research
Appropriations, 8‐9 years prior

0.205***
(0.0394)
0.186***
(0.0377)
0.135***
(0.0386)
0.226***
(0.0748)
0.0876
(0.0788)

0.221***
(0.0346)
0.206***
(0.0344)
0.105***
(0.0315)
0.256***
(0.0698)

0.820***
(0.0717)

DOE Basic Research
Appropriations, 0‐9 years prior

0.722***
(0.0635)

DOE Basic Research
Appropriations, 0‐7 years prior
DOE Basic Research
Appropriations, 0‐5 years prior
Sum Over Lags
Biomedicine Participation
NIH Appropriations, 0‐1 years
prior
NIH Appropriations, 2‐3 years
prior
NIH Appropriations, 4‐5 years
prior
NIH Appropriations, 6‐7 years
prior
NIH Appropriations, 8‐9 years
prior

0.840

0.820

0.0422
(0.105)
‐0.102
(0.164)
0.267
(0.162)
‐0.0267
(0.127)
0.0699
(0.0609)

0.789

0.722

‐0.00257
(0.0949)
0.000314
(0.127)
0.140
(0.112)
0.107*
(0.0596)

0.586

0.567***
(0.0507)
0.567

0.0345
(0.0917)
‐0.118
(0.117)
0.330***
(0.0747)

0.281***
(0.0407)

NIH Appropriations, 0‐9 years
prior

0.291***
(0.0437)

NIH Appropriations, 0‐7 years
prior
NIH Appropriations, 0‐5 years
prior
Sum Over Lags

0.288***
(0.0333)
0.130***
(0.0282)
0.167***
(0.0285)

0.251

0.281

0.244

0.291

0.246

0.296***
(0.0466)
0.296

Notes: Estimates are the semielasticity of participation with respect to aggregate funding generated through logit
regression and presented as average semielasticities (ASE). The bottom row presents the sum of these
semielasticities over the all of the model’s lag periods. Estimates are based on 3160 observations. Robust
standard errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.
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In
Table 6.4, I consider whether the estimates are robust to alternative metrics. For SET aggregate funding,
my primary metric is DOE appropriations for basic research. In
Table 6.4 I also consider DOE appropriations for basic research and SET. For biomedical research
aggregate funding, I consider federal funding for life sciences R&D in higher education along with the
base metric of NIH appropriations. As metrics for participation, I present models with a 10%‐
publications‐in‐topic cutoff as well as the base model’s 20% cutoff.
In the SET case, estimates are much lower for the secondary funding metric that includes funding for SET
along with basic energy funding. Given that this secondary metric is less closely tied to funding for
academic research, it is expected that the correlations would be smaller. In addition, this secondary
metric spiked in 2009 with ARRA funding and short‐term spikes are less likely to affect long‐term
decision making on research direction. In the case of biomedical research, the two aggregate funding
metrics generate comparable estimates.
For both SET and biomedical research, estimates are slightly higher when the cutoff for participation is
10% of publications in topic rather than 20%. This may indicate that individuals with less of a research
investment in a topic area are more easily swayed by changes in aggregate funding in a topic area.
Table 6.4: Comparison of Metrics

Definition of Participation in Topic Area:
>20% Publications in Topic
>10% Publications in Topic
(1)
(2)
(3)
(4)
SET Participation: Aggregate Funding
Metric
DOE Basic Research Appropriations, 0‐
7 years prior
DOE SET & Basic Research
Appropriations, 0‐7 years prior
Observations
Biomedicine Participation: Aggregate
Funding Metric
NIH Appropriations, 0‐7 years prior
Federal Funding for Life Sciences R&D
in Higher Education, 0‐7 years prior
Observations

0.722***
(0.0635)

0.812***
(0.0673)
0.435***
(0.0378)
3160

3160

0.291***
(0.0437)

0.343***
(0.0449)
0.270***
(0.0382)
2977

3160

3160

0.478***
(0.0389)
3160

3160

0.320***
(0.0400)
2977

Notes: Estimates are the semielasticity of participation with respect to aggregate funding generated through logit
regression and presented as average semielasticities (ASE). Semielasticities with respect to the funding
independent variable are generated through Stata’s margins command. Robust standard errors clustered by
researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

I also performed analysis by career stage. These estimates did not significantly differ from each other
because of large standard errors and are not presented here.
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Aggregate funding and researcher participation may be related to each other through a number of
mechanisms. As discussed above, if researchers know that a topic area can provide relatively abundant
resources, they may choose to pursue that area. Alternatively, researchers may be producing
publications in a research area because their proposals in that area were funded. Their decision to
pursue funding in an area may be independent of aggregate funding levels but high aggregate funding
levels increase the probability of their individual‐level grants being funded. Above, I found that the lag
period between relevant aggregate funding and participation appears to be longer than that for
individual funding and participation, supporting the theory that aggregate funding shapes research topic
choice and is not merely a proxy for individual funding levels.
To further consider the second mechanism whether the relationship between aggregate funding and
participation may be mediated by individual‐level funding, I estimate a model that includes individual‐
level funding in the topic area, along with aggregate funding. Individual‐level funding is included as the
sum of grants in the 0‐5 years prior to the year of analysis. Separate estimates using individual‐level
grants for the years 0‐7 prior were similar. Table 6.5 shows these semielasticities. As seen in Model 3,
participation is much more strongly associated with aggregate federal funding in the form of
appropriations than with individual‐level funding for both the SET and biomedical research cases. Thus
individual funding does not appear to be the primary mediator for the relationship between aggregate
funding and participation. This result suggests that aggregate federal funding levels for a topic area may
play a role in a researcher’s selection of research focus regardless of the funding they receive directly.
Table 6.5: Models with Individual‐Level Funding

(1)

Logit Regression
(2)

(3)

SET Participation
DOE Basic Research
Appropriations, 0‐7 years prior
Individual SET Grants, 0‐5
years prior
Observations
Biomedicine Participation
NIH Appropriations, 0‐7 years
prior
Individual Biomedicine Grants,
0‐5 years prior
Observations

0.722***
(0.0635)

3160

0.0771***
(0.00899)
2710

0.554***
(0.0770)
0.0649***
(0.00974)
2710

0.0492***
(0.0102)
2710

0.233***
(0.0530)
0.0455***
(0.00967)
2710

0.291***
(0.0437)

3160

Notes: Estimates are the semielasticity of participation with respect to aggregate funding generated through logit
regression and presented as average semielasticities (ASE). Semielasticities with respect to the funding
independent variable are generated through Stata’s margins command. Robust standard errors clustered by
researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.

More generally, the observed relationship between aggregate federal funding and participation in
research topic area may be mediated by some unobserved variable. This is of particular concern as the
data do not allow for the inclusion of time fixed effects in model estimation. Increasing federal funding
and researcher interest in a topic area may be correlated with some other variable with a strong time
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trend. As shown in Table 6.6, I test for the presence of such unobservables by running regression
models that include aggregate funding variables for presumably irrelevant topic areas. For example, if
SET research participation is much more strongly associated with aggregate SET funding than aggregate
biomedical funding, this would provide some evidence that the relationship between SET aggregate
funding and research participation is not merely the product of correlation with some unobserved time‐
dependent trend.
However the semielasticity estimates in Table 6.6 show strong cross‐topic relationships. In Model 3, I
include both aggregate funding in the relevant and irrelevant topic areas as covariates. In the case of
SET participation, a 25% increase in DOE basic research appropriations is associated with an increase in
the proportion of researchers participating in SET research of approximately 0.088. This value is not
significantly different than the 0.074 SET‐participation rate increase associated with a 25% increase in
NIH appropriations. NIH appropriations would not be expected to be strongly associated with SET
research participation levels. The cross‐topic relationship for participation in biomedical research is not
as significant or troubling as that for SET, but a 25% increase in DOE basic science appropriations is
associated with a 0.032% increase in a biomedicine participation proportion in comparison with a
0.059% increase associated with a 25% increase in NIH appropriations. The relationship between
aggregate funding and participation rates in differing topic areas may be driven by a time trend or some
other omitted variable. Alternatively, because of the short time series, there may just not be enough
variation that distinguishes the aggregate funding values from each other. A longer time series might
help. Regardless, these findings cast some doubt on the relationships between national‐level funding
and researcher participation in a research area.
Table 6.6: Cross‐Topic Regressions

(1)

Logit Regression
(2)

(3)

SET Participation
DOE Basic Research
Appropriations, 0‐7 years prior
NIH Appropriations, 0‐7 years
prior

0.722***
(0.0635)

Observations
Biomedicine Participation
NIH Appropriations, 0‐7 years
prior

3160

0.462***
(0.0529)
3160

0.291***
(0.0437)

0.349***
(0.0810)
0.298***
(0.0597)
3160

0.237***
(0.0521)
0.446*** 0.129*
DOE Basic Research
Appropriations, 0‐7 years prior
(0.0560)
(0.0667)
Observations
3160
3160
3160
Notes: Estimates are the semielasticity of participation with respect to aggregate funding generated
through logit regression and presented as average semielasticities (ASE). Semielasticities with respect to
the funding independent variable are generated through Stata’s margins command. Robust standard
errors clustered by researcher are in parentheses and * p<0.10, ** p<0.05, *** p<0.01.
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Conclusions and Policy Implications
These analyses present some evidence that increasing federal spending in a subject area will encourage
research in that area. However data and analysis limitations mean that the evidence is not strong. I
observe strong correlations between aggregate federal funding and researcher participation for the
topic areas of SET and biomedical research. A 25% increase in aggregate funding is associated with an
18% participation rate increase for SET and a 7% participation rate increase for biomedical research.
Because of errors in coding publications into topic areas, SET estimates are likely underestimates and
biomedicine estimates likely overestimates. Regardless, the analysis conducted is not sufficient to
strongly connect the relevant funding and participation rates: evidence from cross‐topic analyses
suggests the observed relationships may be the product of unobserved time‐correlated variables.
Even if analysis were able to demonstrate a strong relationship between federal funding and
participation, the policy implications require careful consideration. As discussed above, increased
participation does not necessarily imply more or better research in the area, although there is likely to
be some correlation. In addition, although large increases in funding are welcomed by the research
community, sudden increases can be problematic. As an example, the NIH budget doubling induced
universities to invest heavily in biomedical research, showing that federal spending can be a powerful
tool in focusing research. The enormity of the initiative meant that the community was well informed
about the available resources and universities had incentives to invest. This was a boon to research, at
least temporarily. But there is concern that, as funding amounts have leveled or even decreased, it will
not be possible to sustain the increase in labor force and facilities sparked by the increase (Couzin‐
Frankel 2014). It has become increasingly difficult to get funding from the NIH. With more applicants
and more applications per applicant, NIH’s grant approval rate has dropped, to below 17% in 2013
(Stephan 2012; Couzin‐Frankel 2014). This strongly suggests that the government should consider long‐
term effects when targeting research areas with large funding increases.
It is difficult to draw conclusions on the relationship between federal funding and research in a topic
area based on the analysis conducted here. However a large, well‐publicized effort to fund a research
area is likely to incentivize researchers and institutions. The structure of targeted funding needs careful
attention to prevent a boom and bust cycle.

114

Chapter 7 ‐ Conclusions
In this dissertation, I examine the relationship between federal funding and research productivity for a
sample of academic researchers with SET interests. I consider three policy levers the federal
government can use to increase researcher productivity: (1) increase individual funding to increase
individual research productivity, (2) increase individual funding in a particular topic area to increase
individual research productivity in that topic area, and (3) increase national‐level funding in a topic area
to increase researcher participation in that topic area. I focus on SET and biomedical research as the
topic areas of concern and created a sample consisting of academic chemists with a stated interest in
SET, with data on their person‐level federal grants received, publications, and citations.
Using Poisson regression, I find that doubling of research funding at the individual level is associated
with a 16% increase in publications and an 11% increase in highly cited publications. The small
elasticities suggest that when federal funding for individual researchers increases, productivity increases
at a much less than proportionate level. The marginal cost per publication associated with these
funding increases is also much higher than the average cost. At mean values for the sample, an
elasticity of 0.16 is equivalent to a cost of $180,000 per additional publication. This is three times the
average cost per publication of roughly $60,000 estimated with my data and in the sample of chemists
and chemical engineers of Rosenbloom et al. (Rosenbloom, Ginther et al. 2014).
These results suggest that the federal government is unlikely to gain a substantial increase in research
productivity by increasing funding to a fixed pool of researchers. Given that research investments are
typically long‐term, researchers may have difficulty adjusting to short term shifts in funding. A long‐
term commitment to increased funding may allow researchers the security to scale‐up their research
capacity.
Rather than increasing funding to a fixed pool of researchers, federal funding increases may have a
larger impact on research growth by encouraging institutions to hire new researchers. Funding might
also have a greater impact by targeting early‐career researchers who are the most responsive to
changes in funding levels.
Within‐topic relationships between funding and productivity are similar to those without topic
consideration: a doubling of funding in a topic area is associated with a 5‐25% increase in publications in
that topic area, for both SET and biomedicine. Increased funding in one topic area is not negatively
correlated with productivity in other topic areas, suggesting that researchers do not readily shift from
one topic area to another. Although this result suggests that the federal government may not be able to
increase research in a particular topic area by shifting existing research resources from other topic
areas, it also suggests that in targeting a specific topic area with a funding increase other topic areas will
not suffer. Larger targeted funding increases might shift this equilibrium, however.
As considered in Chapter 6, increases in national‐level funding can also be used to direct researchers
towards particular areas of interest. A 25% increase in national‐level funding in the topic area is
associated with an 18% participation rate increase for SET and a 7% participation rate increase for
biomedical research. In particular, funding targeted at a topic area of interest may direct new
researchers towards that area.
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These results are based on a period of relatively slow and steady funding growth for chemistry as a
whole. Dramatic changes to funding structure or availability are likely to generate a more complex set
of consequences, as seen in the NIH budget doubling from 1998‐2003 (Couzin‐Frankel 2014). With
rapidly increasing funding biomedical funding availability, research institutions responded by quickly
expanding research capacity. Additional institutional and researcher striving to obtain a greater piece of
the larger funding pool has meant that NIH’s grant approval rate has actually dropped with more
applicants and more applications per applicant. There is concern that as funding has leveled off it will be
unable to support the increase in research infrastructure and labor over the long term.
If society wishes to increase research productivity by increasing funding, we should carefully consider
the mechanism of increase. We should consider the size of the increase, how quickly to implement the
increase, and who to fund with the increase. We should also consider how the research community
might respond and the long‐term consequences. In addition, we need to recognize the contributions
academia provides beyond the direct products of its research, including education and collaborations
with research efforts in other sectors.
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Appendix A ‐ Text Mining
This appendix provides the technical details associated with the categorization of publications into topic
areas described in Chapter 3. Categorization for a publication’s SET and biomedical relevance was
performed using the software RapidMiner (Rapid‐I 2012).

Data Processing
Here I walk through the process of converting and processing a table of documents into a format
suitable for topic categorization in RapidMiner. The names of RapidMiner functions are in quotes. In
classification model development, I experimented with a variety of settings. The settings listed here are
those that optimized categorization accuracy. In cases where process settings are not stated explicitly, I
used RapidMiner default settings. The manually‐coded training set and full set of documents were
treated equivalently except as indicated.
The data provided to RapidMiner consisted of a spreadsheet list of publications, each with an id number,
and text fields for publication title, keywords, and abstract, and journal title. I merged these data fields
with additional data fields indicating for each document whether its text fields included certain
keywords. I used a binomial indicator for these keywords, indicating the presence but not the frequency
of each keyword. As coding for SET and biomedical relevance was performed separately, I only included
keywords for the topic at hand. For the manually‐coded training set, I also included a binomial indicator
to indicate whether the document had been coded as relevant to the category at hand.
I then used RapidMiner’s document processing tools to convert my data in spreadsheet form into a
format that could be used by the learning algorithms. Data was first converted to documents (“Data to
Documents”), merging all of a document’s text fields into one data field. The data was then processed
(“Process Documents”) through a series of steps. All text was “Tokenize”d, splitting each document into
a series of words or tokens, with splitting occurring at any nonletter. Text was converted into a uniform
lower case (“Transform Cases”). Commonly‐used and small tokens were filtered from the text data
(“Filter Stopwords” and “Filter Tokens (by Length)”; I filtered out tokens of one‐letter length). All words
in less than 1% of documents or more than 70% were pruned from analysis. The remaining words were
“Stem”med to their functional roots using the Snowball algorithm. This allows different versions of a
word to be treated as equivalent (e.g. run, runs, running). The final step in the document processing
was to “Generate n‐Grams.” An n‐gram is a series of adjacent words to be analyzed in the same way as
individual words. I used a maximum n‐Gram length of three. In processing the documents, RapidMiner
converted text into a series of statistics on the relative importance of each of these words and n‐Grams
to each document according to the statistic Term Frequency – Inverse Document Frequency (TF‐IDF).26

Keywords
Adding indicators for manually generated keywords improved categorization accuracy in all cases.
Keywords were primarily generated through brainstorming and from the words used on researchers’
websites that indicated interest in SET or biomedical research. Additional keywords were added early in
the manual coding process. The influence of the training documents on the choice of these keywords
may have contributed to overfitting of the classification algorithms.
26

TF-IDF is calculated by dividing the normalized term frequency by inverse document frequency. The normalized
term frequency is the number of times the term is included in the document divided by the total number of words.
The inverse document frequency is calculated as the logarithm of the total number of documents under analysis
divided by the number of documents that include this term.

117

Table A.1 lists the manually‐generated keyword indicators, in some cases in word‐stem form. In
addition to the keywords, I used additional indicators for the presence of any of the SET keywords
(“anySET” in Table A.1) or any biomedical keywords (“anyBio” in Table A.1) when coding for SET and
biomedical research respectively. Because of the widespread presence of the “bio” stem and the
resultant false positives, in the case of biomedical coding an additional indicator was included for the
presence of any of the keywords other than “bio” (“anyBioButBio” in Table A.1). Although the choice of
keyword indicators was somewhat arbitrary, these indicators simply provided additional variables for
the categorization algorithm to take into consideration. Any keyword indicator that did not contribute
to correct categorization would be treated by the algorithm as irrelevant.
Table A.1: Keyword Indicators Used in Automated Classification

Sustainable Energy Technology

Biomedical Research

alternative energy
hydrogen storage
adenine
Enzyme
artificial photosynthesis
light harvesting
amino acid
Glyceri
batter
light‐harvesting
bacteri
Guanine
biodiesel
photovolt
bio
Mutagen
biofuel
power generation
biochem
Nucleoside
energy application
renewable energy
bioengineering
Peptide
energy conversion technolog
solar cell
biology
Pharma
energy generation
solar energy
biomed
Protein
energy production
solar fuel
biomolecule
Sacchari
energy storage
solar hydrogen
biotechnology
Thymine
fuel
solar‐energy
cancer
Uracil
fuel cell
sustainable energy
cytochrome
Yeast
fuel‐cell
anySET
cytosine
anyBio
h2 storage
dna
anyBioButBio
Notes: Keywords include relevant keywords and word stems. Also included were indicators of the
presence of any SET keywords (“anySET”), any biomedical keywords (“anyBio”), and any biomedical
keywords other than the “bio” stem (“anyBioButBio”).

Algorithm Settings
In most cases I used RapidMiner default settings for the algorithms. I occasionally deviated from these
defaults when model accuracy improved.
For the Bayesian logistic regression (BLR) models, the SET coding made use of a Gaussian prior and the
data was normalized. For biomedical research coding, I used a Laplace prior and did not normalize the
data.
The nearest neighbors categorization was performed using three neighbors with weighted votes and a
Euclidean distance measure of proximity.27 I allowed the relationships between nearest neighbors to be
weighted for similarity, generating slight deviations from the coding using unweighted values.
27

In retrospect, a cosine similarity metric may be more appropriate than Euclidean distance.
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