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I. Introduction 

New drug therapies have potential to improve quality of life, reduce disability, 

reduce patients' other medical costs, increase workers' productivity, and prolong healthy 

life.  However, the level and distribution of innovative activity across diseases may not be 

socially optimal.  This dissertation investigates two mechanisms by which governments 

may influence pharmaceutical innovation: (1) public funding for life sciences research; and 

(2) prescription drug insurance, as provided by Medicare Part D. 

U.S. pharmaceutical and biotech industry research and development (R&D) 

expenditures have grown exponentially over the past three decades, at an estimated 8% per 

year,1 to a record $65.2 billion in 2008 (Pharmaceutical Research and Manufacturers of 

America, 2008).  New drugs are costly to develop, with R&D expenditures in the hundreds 

of millions of dollars per new drug approved (DiMasi, Hansen and Grabowski, 2003; 

DiMasi, Grabowski and Vernon, 2004; Adams and Brantner, 2006).  About two dozen new 

drugs have been approved annually since 1998, but the number has trended downwards.  

Total drug approvals (including generics and supplemental indications for existing drugs) 

have continued to increase, but at only 3.6% per year.  The continuing rapid rise in 

aggregate drug R&D expenditures, when compared with recent trends in new drug 

approvals, has led some observers to conclude that the pharmaceutical industry is in a state 

of innovative crisis. 

Given the magnitude of these expenditures, one might reasonably wonder whether 

the social benefits of industry investments in R&D outweigh their costs.  On average, 

people consuming newer drugs seem to have lower non-drug healthcare spending, lower 
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age-specific mortality rates, and fewer days of missed work (Lichtenberg, 1996; 2001; 

2005a).  A survey by Burton et al. (2003) found "strong evidence" that new drugs for some 

specific diseases, including non-sedating treatments for allergic rhinitis, triptans for 

migraine, and antidepressants, are associated with increased worker productivity, while 

asthma and diabetes drugs are associated with reduced absenteeism.  Introduction of new 

drugs may also have contributed to increased life expectancy, both in the U.S. and 

internationally (Frech and Miller, 2004; Lichtenberg, 2004; Crémieux et al., 2005; 

Lichtenberg, 2005b; Hsieh et al., 2007), though these estimates appear to be sensitive to 

changes in econometric specifications (Grootendorst, Piérard and Sim, 2007; Guindon and 

Contoyannis, 2008).  In addition, evidence indicates that for some diseases, expensive 

newer drugs do not reduce patients' other medical expenditures (Duggan, 2005; Miller, 

Moeller and Stafford, 2005).  Mixed evidence in disease-specific case studies of newer 

drugs' cost-effectiveness suggests that the distribution of industry R&D activity across 

diseases may have room for improvement. 

Public mechanisms for influencing private sector innovation, in general, have 

yielded mixed results (David, Hall and Toole, 2000). Within the pharmaceutical and 

biotech industries, however, several policy levers seem to be effective.  For example, 

expected increases in government compensation under Medicare increased R&D for 

vaccines, and the supply-side tax credit and market exclusivity provided by the Orphan 

Drug Act of 1983 increased R&D for rare diseases (Finkelstein, 2004; Yin, 2008).  

Decreasing the time required for drugs' regulatory review also increased firm R&D, by 

allowing firms both to begin recouping their R&D costs sooner and to enjoy a longer 

period of market exclusivity (Berndt et al., 2005; Vernon et al., 2008). Finally, as shown by 
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Lakdawalla and Sood (2009), public drug insurance can also promote socially efficient 

innovation. 

Governments might also influence new drug development through public funding 

of life sciences research.  U.S. federal agencies spend billions of taxpayer dollars funding 

biomedical research each year, primarily at academic institutions.  In 2006, the U.S. federal 

government invested $27.8 billion in basic and applied life sciences research, primarily 

through the National Institutes of Health (NIH).   An estimated $15.5 billion of that NIH 

funding was passed on as extramural research grants to U.S. universities and colleges, 

funding over 60% of universities' total life sciences R&D.  While publicly-funded 

university research has yielded relatively few new drugs compared to R&D at private 

pharmaceutical and biotech firms, molecule discoveries and process innovations at 

universities have contributed more broadly to industry R&D. 

For example, a recent analysis of all new molecular entities (NMEs) and new 

biological entities (NBEs) approved by the FDA from 1998 through 2003 indicates only 

16% originated at universities (Kneller, 2005).  On the other hand, an earlier review of the 

history of 32 NMEs found that while universities initiated only 28% of those drug 

discoveries, they contributed to over half (Maxwell and Eckhardt, 1990).  In his survey of 

16 drug and medical product firms, Mansfield (1998) reported that 31% of innovations 

"could not have been developed…in the absence of recent academic research," and 13% 

"were developed with very substantial aid from recent academic research."   Likewise, a 

survey by Cohen et al. (2002) found that 41.4% of drug manufacturer R&D projects use 

public research findings. 
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Federal funding for biomedical research may therefore act as a cost-reducing 

subsidy to the pharmaceutical industry, through its production of basic scientific 

knowledge and training of the biomedical labor force. On the other hand, economic theory 

suggests that increases in federal funding for R&D may discourage non-federal investment, 

thereby reducing the effectiveness of federal funding in achieving public aims.  In the next 

two chapters, I investigate the impact of federal funding for life sciences R&D on non-

federal investment in academic life sciences research and downstream drug development. 

In Chapter II, I investigate how federal life sciences R&D funding impacts non-

federal R&D funding received by U.S. universities, to evaluate whether federal funding for 

university life sciences R&D complements or substitutes for funding from non-federal 

sources, including funding from state and local governments, industry, and philanthropic 

support.  I use a fixed effects instrumental variable approach to infer causality despite 

unobserved variables that may contribute to both federal and non-federal funding at 

universities, and find that a dollar increase in federal funding leads to $0.33 in additional 

non-federal funding at U.S. universities. 

Chapter III explores the impact of NIH funding on biopharmaceutical industry 

R&D in a reduced-form approach.  Previously, Ward and Dranove (1995) found that a 1% 

increase in funding at the National Institutes of Health (NIH) resulted in a 2.5% increase in 

pharmaceutical R&D expenditures, lagged by seven years; Toole (2007) found a $1 

increase in NIH funding for basic research yielded over $8 in private R&D expenditures, 

lagged by eight years.  Toole (2008) also found that a sustained 10% increase in NIH 

funding yields a 6% increase in FDA approvals of NMEs.  Using more recent and 

disaggregate data on NIH funding and drugs in clinical development, I find that a 10% 
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increase in NIH funding yields a 3-6% increase in drugs entering Phase I trials, reflecting 

the impact of NIH funding on truly novel drugs (i.e., NMEs).  However, changes in 

aggregate NIH funding levels by disease have no impact on the number of drugs entering 

later stages of R&D. 

Chapter IV investigates the impact of another recent federal policy change on 

pharmaceutical R&D, namely the introduction of Medicare Part D prescription drug 

coverage.  Evidence indicates that Medicare Part D has increased prescription drug access 

and utilization among the elderly (Duggan and Scott Morton, forthcoming; Lichtenberg and 

Sun, 2007; Yin et al., 2008); as noted above, increasing market size is a significant driver 

of pharmaceutical innovation.  As expected, in this final chapter I find that Medicare Part D 

was associated with higher R&D, both in terms of drugs entering clinical development and 

R&D expenditures, for drugs (firms) with higher Medicare market share. 

The results here imply that demand-side interventions that increase market size and 

revenues for pharmaceutical firms will have greater impact on pharmaceutical R&D per 

federal dollar spent than supply-side aggregate funding increases for disease-specific 

research.  For example, in Chapter IV we conclude that a 1% increase in expected revenues 

due to increased market size is associated with a 3% increase in drugs entering Phase I 

trials.  In contrast, a sustained 1% increase in aggregate NIH funding for a given disease is 

associated with only a 0.3-0.6% increase in drugs entering Phase I trials.  More research is 

needed to determine the relative efficacy of specific research funding mechanisms, the role 

of university and firm alliances and university intellectual property protection, and the 

more general labor market effects of NIH funding in promoting downstream drug 

development. 
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NOTES FOR CHAPTER I

 

1 Author's calculation based on Compustat data for 1997-2006; estimate is nearly identical 
to that for earlier decades, calculated by (Scherer, 2001). 



II. Federal Life Sciences Funding and University R&D 

This chapter investigates the impact of federal extramural research funding on total 

expenditures for life sciences research and development (R&D) at U.S. universities, to 

determine whether federal R&D funding spurs funding from non-federal (private and 

state/local government) sources.  We use a fixed effects instrumental variable approach to 

estimate the causal effect of federal funding on non-federal funding.  Our results indicate 

that a dollar increase in federal funding yields a $0.33 increase in non-federal funding for 

life sciences research at U.S. universities.   Our evidence also suggests that successful 

applications for federal funding may be interpreted by non-federal funders as a signal of 

recipient quality: non-PhD-granting universities, lower-ranked universities, and universities 

that historically have received less funding from all sources appear to experience greater 

increases in non-federal funding per federal dollar received. 

1. INTRODUCTION 

Federal agencies spend billions of taxpayer dollars funding academic research each 

year.  Funding for academic research, especially in the life sciences, has risen rapidly over 

the last decade. In 2007, total federal obligations for research and development (R&D) at 

academic institutions totaled over $25 billion, of which $15.5 billion was provided by the 

National Institutes of Health (NIH), primarily to support basic and applied research in the 

biomedical sciences.1 The American Recovery and Reinvestment Act of 2009 (ARRA) 

provided an additional $8.2 billion to NIH to fund extramural life sciences R&D. The oft-

cited justification for this level of public expenditure is that publicly-funded biomedical 

research results in better medical treatments, and even preemption of disease (National 
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Institutes of Health, 2008b).  Under ARRA, increases in federal funding for biomedical 

research are further justified as a means to speed economic recovery, by increasing overall 

spending and employment opportunities.  However, despite these laudable aims, economic 

theory suggests that federal funding for R&D could “crowd out” investment by fully-

informed non-federal funders, thereby reducing its effectiveness. 

Increased federal investment could also cause individual investigators at 

universities to substitute among funding sources.  Because applying for funding is a costly 

activity, and because increases in income may reduce the perceived utility of additional 

funds, an increase in universities' federal funding might make them less inclined to pursue 

other funding sources.  For any of these reasons, a dollar increase in federal funding could 

yield less than a dollar increase in total R&D. 

On the other hand, private and public funding could be complements instead of 

substitutes. For example, by subsidizing investment in capital or equipment, or by 

supporting skill development, federal funding might increase the productivity of a 

university, making it more competitive in the market for non-federal research funding. If 

funding sources are complementary, a dollar increase in federal funding would increase 

total R&D by more than a dollar. 

Even if federal funding does not directly improve productivity, it may serve as a 

signal of university quality. For example, due to the extensive peer review conducted by the 

NIH and other federal agencies, non-federal funders seeking university partners may view 

successful applications for federal funding as a signal of university quality.  One might 

therefore expect a stronger signaling effect at universities with less established research 

reputations, about which potential non-federal investors have less information. In this case, 
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a dollar increase in federal funding should again yield more than a dollar increase in total 

funding for R&D, but with larger effects at universities with smaller research portfolios and 

less established reputations.  

Finally, it is possible that federal dollars may be the sole source of financial support 

for some types of R&D, and thus neither substitute for nor complement private R&D 

funding.  For example, some have argued basic science is a public good, and would 

therefore be underfunded by private sources.  If this were the only effect operating, in the 

short run one would expect changes in federal funding to have no impact on non-federal 

funding: that is, a dollar increase in federal funding would simply increase total R&D 

funding by one dollar. 

In this paper, we estimate the causal effect of federal funding on non-federal 

funding for life sciences R&D at U.S. universities and colleges.  Our empirical models 

account for potential bias due to university characteristics that could be associated with 

both higher federal and higher non-federal funding, such as the number and quality of 

faculty, supportiveness of the university research environment, and the institution's 

reputation. 

This question of whether federal funding substitutes for or complements other 

funding has been previously studied in the literature. For example, David et al. (2000) 

reviewed literature on government-issued contracts to the private sector and policies such 

as R&D tax credits, and found mixed results: some studies suggested public R&D 

complements private R&D, while others found that public R&D crowds out private R&D.  

Our research differs from the studies reviewed by David et al. (2000) in that we focus on 

university recipients, and the extent to which public (federal) R&D funding impacts R&D 
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funding from all non-federal sources.  However, despite these differences, the warnings in 

David et al. (2000) about latent omitted variables and selection bias are relevant to our 

work.  Diamond (1999) used aggregate, annual time series data from 1953-1995 to study 

the connection between federal and private spending on basic research in science, and 

found that a dollar increase in federal spending was associated with an additional $0.08 in 

academic spending.  Like David et al. (2000), Diamond (1999) cautions the reader about 

omitted latent variables, but he does not apply any econometric correction. 

Some more recent studies have used instrumental variables and regression 

discontinuity designs to address the omitted variables issue.  For example, Payne (2001) 

and Payne and Siow (2003) use instrumental variables to investigate the possible causal 

relationships between federal funding and (a) philanthropic funding, and (b) research 

outcomes, including patents and publications.  Payne (2001) finds, when restricting 

observations to years post-1980, that a dollar increase in federal research funding increases 

private donations by $0.64 to $0.68, with no significant difference between private and 

public universities.  Payne and Siow (2003) find that a $1 million (1996 dollars) increase in 

federal funding to a university yields 10 more publications and 0.2 patents.  In contrast, 

using a regression discontinuity design, Jacob and Lefgren (2007) find only modest 

increases in publication productivity for recipients of NIH R01 research project grants, 

which they suggest may be due to substitution: on the margin, loss of an NIH grant simply 

causes researchers to shift to another source of funding. Our work complements prior 

research by exploring a mechanism through which federal biomedical research funding 

might influence eventual commercialization, i.e., by attracting complementary funding 
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from private sources, and extends Payne (2001) to consider other non-federal funding 

sources besides philanthropic donations. 

To address potential omitted variable bias, we estimate an instrumental variable 

(IV) model with university fixed effects, using predicted NIH funding as an instrument for 

federal life sciences funding.  To generate this instrumental variable, we first calculate the 

share of each university's R&D funding awarded by each NIH Institute or Center (NIC) in 

the base year of our analysis.  Because each of the NICs specializes in particular diseases, 

areas of human development, or aspects of research support (see Smith (2006)), each 

university's distribution of base-year funding across NICs reflects its particular research 

specialization.  We then predict the total NIH funding each university receives in 

subsequent years based on year-to-year changes in the budgets of the individual NICs, 

assuming that the university's relative specialization, i.e., the share of funding it receives 

from each NIC, remains constant throughout the study period.  We use this predicted NIH 

funding variable as an instrument for actual funding in our empirical analysis. 

The challenge in implementing the IV estimator is to find an instrument that is 

strongly correlated with changes in federal research funding at universities, but is 

uncorrelated with other types of shocks that might affect non-federal funding.  Because 

year-to-year appropriations for the different NICs are determined via political processes, 

the predicted funding levels described above are unlikely to be related to changes in other 

factors that drive a particular university's research capabilities and, therefore, its likelihood 

of receiving non-federal funding.  We present results from several tests of this assumption.  

For example, we find almost no relationship between the share of funding universities 

received from each NIC, and other observable characteristics associated with higher non-
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federal R&D.  We also find no correlation between year-to-year variation in NIC budgets 

and contemporaneous variation in related industry R&D.  The results we report here are 

also robust to changes in calculation of predicted NIH funding, such as using an earlier 

base-year to calculate NIC shares.  Predicted NIH funding is therefore a useful instrument 

for the total federal life sciences R&D funding a university receives, and allows us to 

attribute causality to federal life sciences and NIH funding. 

In a simple regression model controlling only for secular year-on-year changes in 

funding levels, we find an additional dollar of federal life sciences R&D funding is 

associated with an additional $0.47 in non-federal funding at the university in the following 

year.  As mentioned above, this association likely overstates the causal impact of federal 

funding, since other factors such as university quality and number of faculty could increase 

funding from all sources.  Our preferred specification instruments for federal life sciences 

R&D funding using predicted NIH funding, includes university and year fixed effects, and 

further controls for time-varying university characteristics (e.g., increased overall 

fundraising efforts) through inclusion of covariates for federal and non-federal R&D 

funding in other S&E fields.  In this preferred specification, we find that an additional 

dollar of federal funding for life sciences research increases non-federal R&D funding by 

$0.33.  The point elasticity (at the average) for non-federal funding to lagged federal 

funding is 0.51. 

Our results indicate that increased federal funding yields a significant increase in 

non-federal funding at U.S. universities.  In addition, universities that have historically 

received less R&D funding from all sources, those that are lower-ranked, and those that do 

not grant PhDs seem to experience greater increases in non-federal funding for each federal 
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dollar.  This suggests successful applications for federal funding may be interpreted by 

non-federal funders as a signal of university quality. 

Our paper contributes to the existing literature by examining the particular case of 

federal life sciences funding (mainly originating from the NIH), highlighting heterogeneous 

effects across universities with differing characteristics, and extending earlier work with 

more current data from a variety of sources.  Finally, we construct a new instrument that 

allows us to infer causality despite the presence of unobserved variables that may impact 

both federal and non-federal funding at a given university over time. 

2. DATA AND IDENTIFICATION STRATEGY 

2.1. Data Sources 

Data for this paper are derived from two sources: the National Science Foundation 

(NSF) Survey of Research and Development Expenditures at Universities and Colleges, 

and administrative records maintained by the Office of Extramural Research at NIH. 

The NSF Survey population includes institutions granting bachelors or higher 

degrees in science and engineering (S&E) fields, and spending at least $150,000 annually 

in S&E research and development (R&D).  Surveyed institutions report their S&E R&D 

expenditures by funding source and field.  For example, these data include the amount of 

life sciences R&D funding received from federal versus non-federal (industry, state and 

local government, institutional, or other) sources.  For this analysis, we extracted 

universities' total and federally-funded R&D expenditures by year and field for 1998 

through 2006.  Our dependent variable, non-federal life sciences R&D funding, was 

calculated by subtracting federally-funded life sciences R&D expenditures from total life 
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sciences R&D expenditures.  Our key explanatory variable is federally-funded life sciences 

R&D expenditures, lagged by one year, and is also derived from this survey.  Life sciences 

R&D includes research in agricultural, biological, and medical sciences, as well as allied 

health professions; however, since 1998 over half of academic R&D expenditures in the 

life sciences have been for medical research, and this share has continued to grow over 

time.  Finally, for some models we include covariates for universities' federally- and non-

federally funded R&D in fields other than life sciences.  To generate these covariates, we 

subtract life sciences R&D from total R&D expenditures to calculate non-life-sciences 

R&D expenditures for each institution-year.  Our dataset also includes other institutional 

characteristics, such as whether the institution is public or private, and whether it grants 

PhDs in S&E fields.  These additional characteristics allow us to explore possible signaling 

effects. 

NIH administrative data for each grant and contract awarded in fiscal years 1997 

through 2006 include the grant or contract unique ID number, the fiscal year of the award, 

principal investigator's institution (including institution name, city, and state), and the 

financial amount of the award.2  As discussed in section 2.2, we use NIH award data from 

1997 to calculate universities' base-year funding shares by NIC.  We also use subsequent 

years' data in a regression predicting non-federal funding as a function of actual NIH 

awards.  This measure differs from our key explanatory variable in that, while NIH is the 

lead federal agency funding academic life sciences research, universities may also receive 

life sciences R&D funding from other federal agencies, such as the Centers for Disease 

Control (CDC) or Food and Drug Administration (FDA).  In addition, though most NIH 

extramural R&D funding supports basic and applied life sciences research, NIH also funds 
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scientific research in other fields.  Thus, while actual NIH funding is strongly correlated 

with universities' total life sciences R&D expenditures, for consistency we rely on the NSF 

Survey data for both our dependent and key explanatory variables. 

We matched institutions across these two datasets in an iterative process.  First, we 

found all exact matches by institution name and state.  Then, we extracted all remaining 

awardees in the NIH data that were coded as institutions of higher education, and matched 

these institutions by hand with those listed in the NSF survey.  Finally, we included in our 

analytic dataset only those institutions for which NSF survey data were available for each 

year in our study period, 1998-2006, and for which NIH awards were observed in the 

administrative data for fiscal year 1997, which limited our dataset to 272 institutions. 

Table II-1 provides descriptive statistics for our analytic dataset.  Approximately 

one-third of the 272 institutions in our panel are private, and over three-quarters grant PhDs 

in S&E fields.  On average, about 60% of university R&D expenditures were funded by the 

federal government (62% for life sciences, and 60% for other fields).  Figure II-1 shows the 

differences in growth for federal and non-federal life sciences R&D funding for our panel.  

From 1998 through 2001, university life sciences R&D funding from both sources grew at 

about the same rate, but in subsequent years, federal funding outpaced non-federal funding.  

In 2006, the universities in our panel spent over $25 billion on life sciences R&D, 

representing approximately 87% of the national total.3 
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Table II-1: Descriptive statistics for university R&D expenditure data 

Variable Mean 
Standard 
Deviation 

Federal Funding for Life Sciences 46.8 74.8 

Non-Federal Funding for Life Sciences 28.5 44.4 

Federal Funding for Other Fields 31.2 51.0 

Non-Federal Funding for Other Fields  21.1 33.1 

PhD-Granting Institutions 77.9% 

Private Institutions 31.6% 

Number of Institutions 272 

Note: Author's calculations based on data from National Science Foundation (NSF) Survey of 
Research and Development Expenditures at Universities and Colleges.  All amounts reported 
in constant 2006 dollars, inflated using the Biomedical Research and Development Price Index 
(BRDPI).  Percent of institutions granting PhDs in S&E fields based on institution's highest 
degree granted in 1997.  Reported standard deviations are calculated between panel 
institutions. 

 

 

Figure II-1: Life sciences R&D expenditures by funding source, panel of 272 
universities, 1998-2006 
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2.2. Empirical Methods 

We employ several empirical strategies to estimate the relationship between federal 

and non-federal R&D funding at universities.  For all analyses, the unit of observation is 

the university-year, and standard errors are clustered at the university level to accommodate 

serial correlation.  We first conduct descriptive analyses to examine the association 

between federal and non-federal funding for life sciences at research universities.  Then, we 

estimate four different sets of multivariate linear regression models to investigate the 

possibility of a causal relationship between federal and non-federal R&D funding.  Each set 

of multivariate regression models incrementally controls for observed and unobserved 

university characteristics that could bias our estimates of the causal relationship between 

federal and non-federal funding. 

Our first regression estimates the simplest model: 

  (1) tututu FederalNonFederal ,1,10,   

where Federalu,t-1 is the real, lagged federal funding for life sciences R&D at university u in 

year t - 1; NonFederalu,t is the real non-federal funding for life sciences at university u in 

year t, τ is a vector of year fixed effects that non-parametrically controls for secular changes 

in non-federal funding over time (e.g., due to changes in economic conditions); α0 is a 

constant; and εu,t is the error term.  The key coefficient of interest is α1, which estimates the 

change in non-federal funding associated with a dollar increase in federal funding the 

previous year.  We have two reasons for using lagged federal funding as our key 

independent variable.  First, as discussed in Section 1, we anticipate that any true crowd-in 

(or crowd-out) effect should be due to information about changes in federal funding that 

non-federal funders observe.  Because non-federal funders cannot observe concurrent 
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public funding decisions, we lag all federal funding by one year.  Second, lagging federal 

funding insulates us, to a certain extent, from exogenous shocks that might increase both 

federal and non-federal funding (e.g., increased interest in funding for a particular disease 

in which the university has specialized, university hiring of new senior faculty, etc.) in a 

given year. 

However, as discussed in Section 1, α1 may nonetheless suffer from omitted 

variables bias.  For example, universities with more faculty members or stronger research 

reputations may attract both greater federal and greater non-federal funding.  These omitted 

variables would indicate a positive association between federal and non-federal funding, 

even if no causal relationship exists.  Thus our estimate of α1 is likely to be biased upward 

due to this spurious correlation, because the model does not control for university 

characteristics.  Our second regression model addresses this source of bias.  We estimate: 

  (2)  tututu FederalNonFederal ,1,10,   

where μ is a vector of university fixed effects that control for all time-invariant differences 

across universities.  In contrast to equation (1) which exploited variation in funding levels 

both across and within universities, this model exploits only the variation within individual 

universities' prior year federal funding to estimate the effect on non-federal funding.  In 

effect, this model estimates whether a university that received more federal funding in year 

t, relative to its average over the study period, received increased (or decreased) non-federal 

funding in year t+1.  In this specification, β1 could be biased if time-varying university 

characteristics are correlated with growth (or decline) in federal and non-federal funding.  

For example, as discussed by (Lawler, 2003), growth in non-federal (i.e., industry) funding 

at top research universities such as the University of California at Berkeley and MIT may 
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reflect strategic initiatives by university administration to diversify funding sources.  If 

increased federal fundraising activity occurred at the same time, we might erroneously 

conclude that federal funding caused growth in non-federal funding. 

Our third regression model is designed to control for additional bias arising from 

such time-varying university characteristics, by including the amounts of federal and non-

federal funding the university received for other S&E fields: 

  (3) tututututu dOtherNonFeOtherFedFederalNonFederal ,,31,21,10,   

In this model, we include lagged federal funding for other fields because overall university 

reputation (not just within biomedical sciences) as captured by total federal funding may 

influence non-federal funding decisions, particularly for complementary research.  

Inclusion of same-year non-federal funding for other fields allows us to control for year-to-

year differences in the extent to which universities seek non-federal funding.  Because 

university policy with respect to non-federal funding is likely to be correlated with 

university quality, excluding these effects could likewise yield biased estimates of γ1. 

Finally, we use instrumental variables (IV) estimation to account for other observed 

and unobserved time-varying university characteristics that might bias our coefficients.  

Our instrument for federal life sciences R&D funding is predicted NIH funding.  Predicted 

NIH funding is calculated based on the share of a given university's funding received from 

each NIC in our base year, and the overall growth (or decline) in each NIC's budget each 

year.  Specifically, predicted NIH funding is given by:   

 bui
i bi

ti
butu share

Budget

Budget
NIHNIH ,,

,

,
,, * 










  (4) 
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where NIHu,b is the actual NIH funding for university u in our base year, 1997; Budgeti,t is 

the total annual budget for NIH institute i in year t; and sharei,u,b is the share of total 

funding from NIC i for university u in base year b.  Equation (4) shows that growth in a 

given university's predicted NIH funding is equal to the weighted average growth across 

NIC budgets, where weights reflect the university's share of funding from each NIC in the 

base year.  We then estimate the following IV model using two-stage least squares: 

  (5) 
tututututu deralOtherNonFealOtherFederNIHFederal ,,3,2,10,  

  (6) tututututu deralOtherNonFealOtherFederFederalNonFederal .,31,21,10,   

Our decision to analyze the effects of absolute rather than percent changes (i.e., the 

decision not to log-transform the dependent and independent financial amounts) was based 

on three observations.  First, the large number of institution-years with no federal and/or 

non-federal R&D funding for S&E fields would require us to drop nearly a hundred 

universities from our panel (decreasing the number from 272 to 179).  Ad-hoc methods to 

deal with this problem, such as replacing all zero values with $1 or $1000, yield results 

which strongly depend on the choice of replacement value.  Second, exclusion of 

institutions with historically low levels of funding from either source is counterproductive 

because we are particularly interested in evaluating the possibility that successful 

applications for federal funding provide a signal of quality to non-federal funders.  The 179 

institutions that do receive funding in all years are overwhelmingly PhD-granting (93% vs. 

78% in the full panel), and are somewhat more often public than private (72% vs. 68% in 

the full panel). As one would expect, they also have higher average federal and non-federal 

funding for both life- and non-life sciences, thus are unlikely to permit an examination of 

signaling effects. Finally, to the extent that variance in the errors increases with funding 
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levels, heteroskedasticity in the linear model can be accommodated simply by our 

calculation of robust standard errors. 4,5 

3. RESULTS 

3.1. Full Sample Effects 

Table II-2 shows the results from our multivariate regressions.  The dependent 

variable in each case is non-federal life sciences R&D funding, and the key independent 

variable is federal life sciences R&D funding.  The results from model 1 (corresponding to 

equation (1)) show that a dollar increase in federal life sciences funding is associated with a 

$0.47 increase (p<.001) in non-federal life sciences funding.  However, as discussed above, 

the lack of any controls for university characteristics in this model likely bias this estimate 

upwards.  For example, universities with larger faculties and/or reputations for higher 

quality research might receive both more federal and more non-federal funding for life 

sciences R&D.  To address this concern, subsequent models include university fixed effects 

to control for time invariant university characteristics.  Results from model 2 

(corresponding to equation (2)) show that after controlling for time invariant university 

characteristics and secular time trends, a dollar increase in federal funding for life sciences 

R&D is associated with a $0.31 increase (p<.001) in non-federal funding for life sciences 

R&D.  Model 3 (corresponding to equation (3)) adds covariates for federal and non-federal 

R&D funding in other fields, to control for unobserved time-varying university 

characteristics.  For example, as discussed in section 1, during our sample period a given 

university's administration might have pushed for diversification in the university's funding 

portfolio, or a smaller university might have transitioned from a more teaching-focused to a 
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more research-focused institution.  Results from this model indicate that a dollar increase in 

federal funding for life sciences R&D is associated with a $0.29 increase (p<.001) in non-

federal life sciences R&D funding.  As one would expect, in this model we find no 

significant impact of federal R&D funding for other fields (i.e., non-life-sciences) on non-

federal life sciences R&D. 

Model 4 (corresponding to equations (4) through (6)) presents the results from our 

instrumental variables approach, showing that a dollar increase in federal funding leads to a 

$0.33 increase (p<0.001) in non-federal life science R&D funding.  The Durbin-Wu-

Hausman null hypothesis states that an ordinary least squares (OLS) estimator of the same 

equation would yield consistent estimates; our results soundly reject consistency of the 

OLS estimator (p<0.01).  Our results also show that predicted NIH funding is a strong 

predictor of federal life sciences funding, with a F-statistic for the first-stage regression of 

244.32. 

 22



 

Table II-2: Effect of federal R&D funding on non-federal R&D funding for life sciences at 
U.S. universities 

 (1) (2) (3) (4) 

Federal Funding for Life Sciences 0.47 0.31 0.29 0.33 

 [9.18]*** [5.91]*** [5.98]*** [4.21]*** 

Year == 2000 1681.39 1971.78 1648.71 1,595.50 

 [3.95]*** [4.50]*** [3.78]*** [3.66]*** 

Year == 2001 2448.39 3228.46 2620.66 2,452.62 

 [4.00]*** [4.71]*** [4.29]*** [4.23]*** 

Year == 2002 2867.33 4135.11 3268.36 3,000.18 

 [4.25]*** [5.24]*** [4.61]*** [4.44]*** 

Year == 2003 2409.60 4439.87 3390.61 2,989.08 

 [3.43]*** [5.26]*** [4.32]*** [3.63]*** 

Year == 2004 248.42 3083.74 2058.11 1,514.71 

 [0.30] [4.00]*** [2.53]** [1.50] 

Year == 2005 395.26 3928.77 2760.89 2,076.97 

 [0.42] [4.63]*** [3.08]*** [1.66]* 

Year == 2006 1841.05 5560.91 4201.87 3,479.14 

 [1.73]* [5.25]*** [3.92]*** [2.47]** 

Federal Funding, Other Fields   0.08 0.06 

   [1.28] [0.86] 

Non-Federal Funding, Other Fields   0.30 0.29 

   [2.12]** [2.05]** 

Observations 2176 2176 2176 2176 

Number of institutions 272 272 272 272 

Robust t statistics in brackets 

* significant at 10%; ** significant at 5%; *** significant at 1% 

Results from multivariate regression with non-federal life sciences funding as the dependent 
variable, and with the university-year as unit of observation.  All federal funding amounts are lagged 
one year.  Model 1 includes year fixed effects (shown); Model 2 adds university fixed effects.  Model 
3 adds controls for non-life-sciences funding received by the university.  Model 4 uses lagged 
predicted NIH funding as an instrument for federal life sciences funding, while also including year 
fixed effects and controls for non-life-sciences funding received by the university. 
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3.2. Effects of University Heterogeneity 

In this section, we investigate how effects of federal funding differ by the following 

university characteristics: (1) tercile of non-federal life sciences R&D funding received in 

the base year (1998), (2) tercile of federal life sciences R&D funding received in the base 

year (1998), (3) PhD versus non-PhD-granting status, (4) private versus public institutional 

control, and (5) and whether the institution was ranked among the top 50 universities by 

U.S. News & World Report.  All forty of the institutions in our panel that ranked among 

the top 50 in U.S. News & World Report at some point during our sample period are PhD-

granting institutions, 25 are private, 27 are in the top tercile for non-federal life sciences 

R&D funding, and 33 are in the top tercile for federal life sciences R&D funding. 

Table II-3 columns (2) through (4) show the results of IV regressions by tercile of 

non-federal life sciences funding in 1998, the first year of our panel.  Federal life sciences 

R&D funding leads to a statistically significant increase in non-federal funding for 

universities in all three terciles.  The greatest effect appears to be in the lowest tercile: for 

universities that historically have received relatively low non-federal R&D funding for the 

life sciences, a dollar increase in federal funding yields a $0.53 increase in non-federal 

funding, compared with $0.16 and $0.23 for the second and third terciles. 

Columns (5) through (7) report results of IV regressions by tercile of federal life 

sciences funding in 1998.  Federal life sciences R&D funding is associated with a 

statistically significant increase in non-federal funding for universities in the lower two 

terciles, and the greatest effect again seems to be for the lowest tercile: for universities that 

historically received relatively low federal R&D funding for the life sciences, a dollar 
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increase in federal funding yields an estimated $0.91 increase in non-federal funding, 

compared with $0.54 and $0.21 for the higher two terciles.  Interestingly, for universities in 

the highest tercile for federal funding, the coefficient on non-federal funding is not 

significant. 

Table 4 columns (2) and (3) show results by highest degree granted.  The effects of 

federal funding are much larger for universities granting only Masters or Bachelors degrees 

versus those awarding PhDs in S&E fields.  While a dollar increase in federal life sciences 

R&D funding at a PhD-granting institution is associated with a $0.32 increase in non-

federal funding, for institutions that do not grant a PhD, a dollar increase in federal funding 

yields a $1.05 increase in non-federal funding.  This difference is statistically significant 

(α=.05). 

In columns (4) and (5), we report results for public versus private universities.  At 

public universities, a dollar increase in federal life sciences R&D funding is associated with 

an additional $0.41 in non-federal funding, whereas at private universities a dollar increase 

in federal life sciences R&D funding is associated with a $0.25 increase in non-federal 

funding.  As noted above, this apparent difference may be due to the disproportionate 

number of private universities among the top-ranked universities in our panel, i.e., this may 

simply reflect differences in university reputation. 

For example, in columns (6) and (7) we find the non-federal funding response 

seems also to be greater for universities not among the top 50 in the U.S. News and World 

Report rankings.  For these universities, a dollar increase in federal life sciences R&D 

funding yields only a $0.19 increase in non-federal funding.  For all other universities 

(including top-ranked liberal arts colleges), the effect is significantly higher (α=.05): a 
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dollar increase in federal life sciences R&D funding yields a $0.46 increase in non-federal 

funding. 

In addition to these analyses, we also investigated whether contemporaneous and 

lagged federal funding up to three years prior had significant impact on non-federal funding 

in the life sciences.  We chose a maximum lag of three years, because the average 

noncompeting duration for NIH awards is four years.  In a finite distributed lag model with 

university fixed effects, we find no evidence of substitution, i.e., none of the coefficients 

for federal funding are significant and negative.  Per (Wooldridge, 2009), the sum of the 

coefficients on contemporaneous and lagged federal R&D can be understood as the effect 

of a sustained increase in federal life sciences R&D funding to a university.  We find that a 

sustained one dollar increase in federal funding is associated with a $0.25 increase in non-

federal funding for life sciences R&D (p<.001). 
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Table II-3: Heterogeneous effects of federal funding by historical funding levels 

 
Terciles of 

Non-Federal Funding 
Terciles of 

Federal Funding 

 Tercile 1 Tercile 2 Tercile 3 Tercile 1 Tercile 2 Tercile 3 

Federal Funding for 
Life Sciences R&D 0.53 0.16 0.23 0.91 0.54 0.21 

 [1.85]* [3.77]*** [1.87]* [1.86]* [3.33]*** [1.48] 
Federal R&D 
Funding, Other Fields -0.03 -0.02 0.05 -0.09 -0.01 0.08 

 [0.54] [0.57] [0.53] [0.92] [0.33] [0.85] 
Non-Federal R&D 
Funding, Other Fields 0.03 0.02 0.58 0.03 0.09 0.32 

 [2.70]*** [0.54] [3.40]*** [1.83]* [2.21]** [1.70]* 

Year==2000 136.76 602.90 4,380.07 152.52 263.86 5,203.58 

 [1.11] [3.20]*** [3.06]*** [1.22] [0.78] [3.68]*** 

Year==2001 -75.29 1,108.47 7,506.69 -40.91 721.86 8,608.93 

 [0.84] [3.92]*** [3.99]*** [0.60] [1.54] [4.09]*** 

Year==2002 -51.76 1,284.63 9,569.95 -51.06 803.94 11,082.10 

 [0.55] [3.82]*** [3.84]*** [0.45] [1.60] [3.89]*** 

Year==2003 -15.05 1,946.86 10,501.97 -35.66 580.87 12,562.27 

 [0.27] [4.60]*** [2.88]*** [0.52] [0.99] [2.97]*** 

Year==2004 -54.39 1,785.99 8,593.12 -34.32 197.10 9,945.27 

 [1.04] [3.50]*** [1.70]* [0.43] [0.25] [1.67]* 

Year==2005 15.52 2,485.34 11,549.68 -20.89 -228.73 12,883.80 

 [0.23] [4.66]*** [1.90]* [0.27] [0.24] [1.76]* 

Year==2006 -52.29 3,267.04 15,484.97 -75.82 279.24 17,163.11 

 [0.59] [5.29]*** [2.34]** [0.89] [0.24] [2.14]** 

Observations 720 736 720 720 736 720 

Number of 
Institutions 

90 92 90 90 92 90 

* significant at 10%; ** significant at 5%; *** significant at 1% 

Robust t-statistics in brackets below each coefficient estimate. 

Results from instrumental variable regressions with non-federal life sciences funding as the 
dependent variable, and with the university-year as unit of observation.  All federal funding amounts 
are lagged one year.  All models include year fixed effects (shown) and university fixed effects. 
Standard errors are robust to heteroskedasticity and clustered on university. 
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Table II-4: Heterogeneous effects of federal funding by highest degree granted, 
institutional control, and U.S. News & World Report ranking 

 
Highest Degree 

Granted 
Control Rank 

 PhD Other Private Public Top 50 Other 

Federal Funding for 
Life Sciences R&D 0.32 1.05 0.25 0.41 0.19 0.46 

  [3.87]*** [11.33]*** [5.83]*** [3.04]*** [1.77]* [3.69]*** 
Federal R&D 
Funding, Other 
Fields 0.07 -0.04 0.05 0.00 0.09 0.08 

  [0.94] [0.41] [0.76] [0.02] [0.98] [0.83] 
Non-Federal R&D 
Funding, Other 
Fields 0.30 0.07 0.24 0.30 0.68 0.17 

  [2.02]** [1.12] [1.65] [1.81]* [2.59]** [1.38] 

Year==2000 2,079.57 -249.65 358.82 2,172.12 5,341.85 930.71 

  [3.74]*** [0.62] [1.00] [3.52]*** [2.86]*** [2.32]** 

Year==2001 3,231.64 -500.67 855.82 3,163.80 6,379.31 1,544.15 

  [4.37]*** [0.98] [1.30] [3.92]*** [2.40]** [3.50]*** 

Year==2002 3,868.08 -133.41 818.62 3,984.31 7,474.08 1,865.90 

  [4.44]*** [0.30] [1.25] [4.09]*** [2.30]** [3.35]*** 

Year==2003 3,791.71 -48.87 1,023.60 3,809.91 7,368.01 1,585.03 

  [3.44]*** [0.18] [1.37] [3.14]*** [1.89]* [2.20]** 

Year==2004 2,045.65 -1,035.44 -1,017.87 2,548.96 2,776.16 631.40 

  [1.47] [2.29]** [1.01] [1.75]* [0.54] [0.63] 

Year==2005 2,763.35 -1,058.84 914.72 2,360.31 7,286.66 241.56 

  [1.60] [2.25]** [1.21] [1.22] [1.18] [0.18] 

Year==2006 4,426.00 -303.23 1,801.19 3,966.84 8,629.00 1,819.57 

  [2.28]** [0.91] [2.20]** [1.83]* [1.21] [1.37] 

Observations 1,696.00 480 688 1488 320 1856 

Number of 
Institutions 

212 60 86 186 40 232 

* significant at 10%; ** significant at 5%; *** significant at 1% 

Robust t-statistics in brackets below each coefficient estimate. 

Results from instrumental variable regressions with non-federal life sciences funding as the 
dependent variable, and with the university-year as unit of observation.  All federal funding amounts 
are lagged one year.  All models include year fixed effects (shown) and university fixed effects. 
Standard errors are robust to heteroskedasticity and clustered on university. 
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3.3. Validation of the IV model 

The above IV model will produce unbiased causal estimates of the impact of federal 

life sciences funding on non-federal life sciences funding, as long as our instrument 

satisfies two key assumptions: first, predicted NIH funding must be strongly correlated 

with actual federal life sciences funding; and second, predicted NIH funding must be 

uncorrelated with any unobserved time-varying university characteristics that impact non-

federal life sciences funding.  The first assumption is testable, and we do so by computing 

the first-stage F-statistic for our instrument. However, the second assumption cannot be 

tested directly.  As noted in equation (4), variation in our instrument over time is based on 

the share of a university's funding received from a particular NIC in 1997 and differential 

growth in aggregate NIC budgets in the following years.  University fixed effects control 

for differences in total NIH funding across universities in 1997, so the variation in our 

instrument arises only from year-to-year changes in the NIC budgets.  In essence, we 

predict higher NIH funding over time for universities that, in 1997, specialized in research 

areas funded by NICs which, in turn, experienced greater growth from 1998 through 2006.  

The validity of our second assumption relies on the following notions: (a) any shock to a 

given NIC's budget for a given year is uncorrelated with the amount of non-federal life 

sciences R&D funding a university would receive the following year, except to the extent 

that non-federal life sciences funding is itself dependent on NIH funding, and (b) university 

specialization in the base year is uncorrelated with other institutional characteristics that 

make the university more or less likely to obtain non-federal funding in later periods (e.g., 
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institutional reputation).  We believe these are plausible assumptions, for the reasons 

discussed below. 

3.3.1 Determination of budgets for the National Institutes of Health is unlikely to be 

related to non-federal research priorities 

The National Institutes of Health provide extramural research funding to 

universities in all fifty states.  Each NIC specializes in specific diseases, aspects of human 

health and development, or research support, and each is funded by a separate 

Congressional appropriation.  The U.S. Senate and House of Representatives have 

established parallel appropriations subcommittees that jointly determine the budget for the 

NICs, along with competing budgetary priorities in other health and human services 

agencies (e.g., the CDC), education, and labor. 

The appropriations cycle begins with the President's submission of a recommended 

budget to Congress.  The President's recommendations are accompanied by detailed 

justification statements from each federal agency, including from each of the NICs. 

Individual members of Congress then submit prioritized "wish lists" to the appropriations 

subcommittee based on requests from their constituents, including disease advocacy and 

general science lobby groups, academic institutions, etc. (Kennan, 2005). Both 

Congressional subcommittees hold hearings with testimony from NIC officials.  Once the 

subcommittees receive their spending ceilings, the House committee traditionally acts first 

to "mark up" an appropriation bill, and the Senate passes an amended version (for further 

discussion, see Streeter (2006)).  Thus, decisions on the portion of the budget designated 

for each NIC are made in response to political demands and perceived unmet public health 

needs (e.g., for bioterrorism-related research after 2001), but in tandem with funding 
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decisions for unrelated aspects of labor and education due to their common spending cap.  

After the House and Senate have passed their individual versions of the appropriations bill, 

differences are resolved in conference, resulting in a final product called the conference 

report.  This conference report provides budget appropriations for each NIC, and may 

include additional non-binding "report language" encouraging the NICs to pursue research 

in particular areas or provide particular funding mechanisms.  Within each NIC, however, 

Congress has generally avoided specifying amounts for particular fields of research or 

funding mechanisms, and the number of such directives has also declined in recent years 

(Committee on the NIH Research Priority-Setting Process and Institute of Medicine, 1998). 

For example, the 2009 Omnibus Appropriations Bill directs the National Cancer Institute 

only in the naming of a surgical fellowship. 

Research priorities within each NIC (and, therefore, the amount of funding 

available to universities specializing in one research field versus another) are determined by 

the NIC in consultation with the Office of the Director. Decision-making with respect to 

funding particular proposals is highly decentralized, and funding levels by disease or 

specialized research area reflect not only the social and economic costs of particular 

diseases, but also the quality of investigator-initiated proposals received by each NIC and 

their potential for scientific progress. Thus, while it is certainly conceivable that 

technological opportunity or some other root cause might simultaneously increase both 

federal and non-federal funding for a particular disease (and thus potentially provide 

increased availability of both types of funding for a particular university), such within-NIC 

research priority shifts are unlikely to be reflected in the aggregate appropriation by 

Congress to a particular NIC. 
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As a first test of this potential confounder, we generated an alternate measure of 

predicted NIH funding for university u in year t, based solely on each university's share of 

total NIH funding in the base year, and changes in total (aggregate) NIH funding over time.  

Our results with this alternate instrument are essentially identical to the original IV 

approach: we find a dollar increase in federal life sciences funding results in a $0.36 

increase in non-federal life sciences funding. 

Next, we investigated whether increases in NIH funding by institute were 

associated with contemporaneous increases in industry R&D for the diseases represented 

by each NIC.  The dependent variable for this analysis is industry R&D as measured by the 

number of drugs entering clinical trials for each disease category (matched to the relevant 

NIC, as presented in the Appendix) and year. Matching was based primarily on the lead 

NIC identified for each disease, as reported by the MedlinePlus website at the National 

Library of Medicine; however, this assignment was supplemented by analysis of the 

fraction of grants awarded by each NIC that were classified to each disease in 2006.  The 

algorithm for this classification is detailed in (Blume-Kohout, 2009).  For example, 

whereas the primary NIH organization for research on allergies is the National Institute of 

Allergy and Infectious Diseases (NIAID), we found extramural research grants for 

respiratory allergies were more commonly funded by the National Heart, Lung, and Blood 

Institute (NHLBI), and so assigned treatments for respiratory allergies to that NIC. The key 

explanatory variable is log(NIC Budget) where the dollar amounts are adjusted by the 

Biomedical Research and Development Price Index (BRDPI). 

Due to evidence of moderate overdispersion, in lieu of Poisson we estimated an 

unconditional negative binomial model with NIC and year fixed effects. We found no 
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significant relationship between NIH funding and contemporaneous pharmaceutical R&D 

(coefficient -.082, p=.833, with robust standard errors clustered on NIC).  Expressing NIC 

budget funding in levels rather than logs yielded very similar results.  These results support 

our assumption that shocks to universities' federal R&D funding due to changes in NIC 

budgets are unlikely to be accompanied by contemporaneous shocks to university funding 

from industry sources. 

3.3.2 University baseline shares are uncorrelated with other characteristics affecting 

likelihood of receiving non-federal funding 

The university baseline shares in 1997 used for our instrument are intended to 

indicate the specialization of each university across research fields, and research fields are 

strongly tied to particular NICs.  If universities with stronger research reputations, or other 

characteristics affecting their likelihood of receiving non-federal funding, specialized in 

research areas that were funded by the NICs that grew most rapidly after 1997, this could 

invalidate our instrument.  To investigate this possibility, we tested whether the share of 

funding each university received from each NIC in the base year was correlated with other 

observable characteristics found to influence non-federal funding, including whether the 

university grants PhD degrees, whether the university is private or public, whether the 

university is ranked among the top 50 research universities in U.S. News and World 

Report, and how much funding the university received in fields other than life sciences 

during the sample period.  To implement this test, for each NIC we regressed the share of 

each university's NIH funding in 1997 awarded by that NIC on these university 

characteristics.  Applying the Bonferroni correction α/N for multiple regressions, where α = 

.05 and N represents the 22 NICs that funded universities in our panel in the base year, we 
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find only one significant association between university characteristics and NIC funding 

share:  universities granting PhDs received disproportionately more funding from the 

National Cancer Institute in our base year than universities granting only bachelor's and 

master's degrees.  Public versus private, top 50 versus unranked, and university non-life-

sciences funding levels (both federal and non-federal) all had no impact on the share of 

funding universities received from each NIC. For the 21 other NICs, PhD-granting also had 

no significant impact.  

Finally, we tested whether our results are robust to using an earlier base year for our 

analysis. Doing so guards against the possibility that, based on information available about 

future funding changes, universities had already altered their specialization in the 

benchmark base year of 1997. Such anticipatory behavior is unlikely for a base year further 

removed from the sample period. To implement this test, we calculate NIC shares for each 

university in 1992 instead of 1997, predict NIH funding for each university, and use this 

alternate measure of predicted NIH funding to instrument for federal life science funding. 

The results are almost identical to our main analysis: for example, we estimate $0.36 in 

non-federal funding per federal life sciences dollar (p<.001) with point elasticity (at the 

average) of 0.59. 

3.3.3 IV results show very little correlation between federal life sciences funding and 

non-federal funding in seemingly unrelated fields 

As an additional validity check, we use our instrumental variables approach to test 

whether changes in federal life sciences funding were associated with changes in non-

federal funding for other S&E fields including social sciences, psychology, computer 

science, engineering, physical sciences, mathematical sciences, and environmental 
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sciences.  In principle, we should expect little relationship between federal life sciences 

funding and non-federal funding in these largely unrelated fields, provided our IV approach 

controls for differences in fundraising effort, university reputation, and other time-varying 

university characteristics.  To the extent there is spillover, we would expect it mainly in the 

other, non-life-sciences fields that NIH also funds.  In 2006, approximately 84% of NIH 

funding for basic and applied research at U.S. universities was for life sciences, 6% was for 

psychology, 3% was for engineering, 1.7% was for physical sciences, 1.4% was for 

environmental sciences, 1% was for social sciences, and less than 1% was for mathematical 

and computer sciences.6  As expected, we find little causal relationship between federal life 

science funding (using the predicted NIH funding instrument) and non-federal funding in 

these fields.  The only significant effects found were for non-federal social sciences 

funding (1.8 cents per federal dollar), physical sciences (1.3 cents per federal dollar), 

environmental sciences (0.7 cents per federal dollar), and mathematics (0.2 cents per 

federal dollar), generally tracking the NIH funding levels described above, and much lower 

than the 33-cent increase seen for non-federal life sciences funding.  The sole exception to 

this pattern was for social sciences research, which may simply reflect differences in 

overall availability of nonfederal funding for social sciences versus other fields. 

3.3.4 Inclusion of time-varying university rankings has no impact on our results 

If our IV approach were invalid, then changes in the quality or reputation of a 

university over time would likely impact both federal and non-federal funding, 

confounding our results.  To test for this possibility, we include as a covariate the U.S. 

News and World Report rank, year-by-year, for each university in our panel that at some 

point during the sample period was ranked among the top 50 national universities.7  
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Changes in university rank over time had no impact on our estimate, and the coefficient on 

rank was insignificant (robust t-statistic 0.38), suggesting that university fixed effects 

coupled with our IV approach are adequate to describe the impact of university ranking on 

R&D funding. 

4. DISCUSSION 

As discussed in Section 1, the effect of public (federal) research funding on private 

or non-federal funding is an issue of much debate.  A priori, there could be a negative 

(substitution) effect, either due to crowding out of private investment or because 

researchers might stop seeking other sources of funding once they receive federal funding.  

On the other hand, federal R&D funding could also have a positive impact due to 

complementarity or signaling effects.  Careful empirical analysis is needed to parse these 

opposing effects. 

In a panel of 272 U.S. universities, with data on federal and non-federal life 

sciences R&D funding spanning nearly a decade, we find that increased federal funding is 

associated with increased non-federal funding.  This result is robust to econometric 

specifications that correct for omitted latent variables that could be responsible for 

increases in both types of funding.  Our evidence also suggests that, in addition to 

providing support for research, successful applications for federal life sciences R&D 

funding may be interpreted by private and non-federal organizations as a signal of the 

quality of the recipient institutions.  Less research-focused universities (i.e., those not 

granting PhDs in S&E fields), lower-ranked universities, and those that historically have 

received low levels of federal and non-federal funding appear to experience greater 
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increases in non-federal funding for each federal dollar received.  This is consistent with 

the observation by Payne (2001) that federal organizations such as the NIH may serve to 

correct asymmetries in information about university quality between universities and 

prospective non-federal funders. 

Our result is also qualitatively similar to that found by Diamond (1999), who used 

aggregate, annual time series data from 1953-1995 to study the connection between federal 

and private spending on basic research in science.  However, his estimate is quantitatively 

much lower than ours: he found that a dollar increase in federal spending was associated 

with only an additional $0.08 in academic spending, compared with $0.33 in our analysis.  

Our use of the university as a unit of analysis, and reliance on cross-sectional as well as 

time-series variation (as opposed to aggregate time-series variation alone) might partly 

account for this difference. 

By enabling universities to attract more private resources, federal life sciences 

R&D funding may also influence the eventual commercialization of university research.  

However, to understand the mechanisms by which federal funding results in commercial 

products such as life-saving drugs, one should look at broader outcomes such as university 

patenting and licensing behavior, and alliances between universities and the private sector.  

Qualitative research with not-for-profit foundations and other non-federal funders could 

serve to confirm the suggested signaling effect; however, a more structural approach is 

needed to disentangle this effect from complementarity between federal and non-federal 

funds in the production of knowledge.  These are subjects for our future research. 
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NOTES 

 

1  Federal obligations for biological, medical, and life sciences not elsewhere classified 
totaled 83.5% of NIH funding to universities and colleges.  Data are based on author's 
calculations using the NSF Survey of Federal Funds for Research and Development, 
available at: http://caspar.nsf.gov/ 

2 We are very grateful to Bhaven Sampat at Columbia University who provided us with 
analytic data files extracted from NIH administrative records for years 1997-2003, 
including the financial amount of each award, and to Pierre Azoulay who provided a list 
of NIH grantee organizations coded by type (e.g., institutions of higher education).  
These data were obtained via FOIA requests. Data for years 2004-2006 were downloaded 
from the NIH website at: http://www.report.nih.gov/award/awardtr.cfm 

3 The NSF estimated total life sciences R&D expenditures at U.S. universities and colleges 
as $28.8 billion in 2006.  See: http://www.nsf.gov/statistics/nsf08300/pdf/tab4.pdf 

4 While the linear model does exhibit increasing variance in the residuals with higher levels 
of non-federal funding, there is no evidence of any upward or downward trend suggesting 
misspecification, and log transformation of the financial amounts appears to overcorrect 
rather than stabilize the variance.  Thus, the data do not recommend log transformation, 
our estimates should be both unbiased and consistent except as discussed above, and the 
observed heteroskedasticity can be accommodated simply by our calculation of robust 
standard errors. 

5 Despite our misgivings about this alternate specification, we did nonetheless estimate 
each of our models described above for this restricted panel, using log-transformed 
financial amounts.  For models (1)-(3), we find significant positive coefficients (p<.01) 
ranging from 0.925 for model (1) to 0.492 for model (3).  However, for this restricted 
panel of institutions already receiving non-zero federal and non-federal funding both for 
life sciences and for other S&E fields, the instrumental variables approach with constant-
elasticity specification indicates no significant impact of lagged federal life sciences 
funding on non-federal life sciences funding.  Rather, for these institutions, receipt of 
non-federal life sciences funding appears to be most strongly and significantly correlated 
with the university's contemporaneous successes in attracting non-federal funding for 
other science and engineering fields. 

6 Estimates for NIH obligations to U.S. universities for basic and applied research, by field, 
are taken from the NSF's Survey of Federal Funds for Research and Development. 

7 Historical rankings were obtained from the Chronicle of Higher Education website, 
accessed April 23, 2009, at: http://chronicle.com/stats/usnews.  Forty universities in our 
panel had ranking data available for at least 8 out of 9 panel-years. 

http://caspar.nsf.gov/
http://www.report.nih.gov/award/awardtr.cfm
http://www.nsf.gov/statistics/nsf08300/pdf/tab4.pdf
http://chronicle.com/stats/usnews
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III. Federally-Funded Biomedical Research and Pharmaceutical 
Research and Development 

Federally-funded biomedical research may serve as a cost-reducing subsidy to 

pharmaceutical firms, through its production of scientific knowledge and training of the 

biomedical labor force.  As such, federal funding for particular diseases has potential to 

influence pharmaceutical and biotech firms’ research and development (R&D) priorities.  

For this research, I first apply an ontology-enriched document classification algorithm to 

assign U.S. National Institutes of Health (NIH) grant abstracts to one or more specific 

diseases.  Then, using time-series data on drugs entering clinical development from 1998-

2007, I evaluate the impact of changes in lagged funding levels for each disease on industry 

R&D.  I find that a sustained 10% increase in NIH funding yields a lagged 3 to 6% increase 

in the number of drugs entering Phase I clinical trials, reflecting the contribution of NIH-

funded science to development of new molecular entities.  However, for later-stage trials 

(which includes trials for supplemental indications on existing drugs), I find no evidence of 

any relationship between NIH funding and industry R&D. 

1. INTRODUCTION 

Most of the world’s biomedical research and development (R&D) is funded by the 

United States, through both public and private spending.  In 2006, all U.S. pharmaceutical 

and biotechnology firms together invested an estimated $56.2 billion in R&D, while the 

U.S. federal government invested $27.8 billion in basic and applied life sciences research, 

primarily through the National Institutes of Health (NIH).1  Together, industry and federal 

government sources represent approximately 84% of all U.S. biomedical research 
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expenditures, with the remainder contributed by state and local governments, private 

foundations, and other sources (Moses et al., 2005).2  As such, the NIH is the world's 

largest single institution supporting life sciences research.  However, very few studies have 

investigated the relationship between these federal expenditures and industrial innovation 

(Cockburn and Henderson, 2001; Toole, 2008). 

Exceptions include Cohen et al. (2002), who found that 41.4% of drug 

manufacturer R&D projects use public research findings.  Public research in medicine, 

biology, and chemistry were the most important disciplines, and over half of respondents 

indicated that publications and reports, meetings and conferences, informal interactions, 

consulting, contract research, and patents were "moderately important" or "very important".  

All of the start-up firms in their survey reported that public research suggested new R&D 

projects or contributed to existing projects, and 72% of those firms made use of public 

research findings, compared with 36% of established firms. 

Economic theory predicts that private pharmaceutical firms will pursue a research 

portfolio that maximizes their expected profits, where expected profits are determined by 

expected revenues, net of expected costs.  Expected revenues depend on the size of the 

population eligible for potential treatment, and the affected individuals’ willingness (and 

ability) to pay.  Expected costs are a function of the existing scientific knowledge base, and 

the availability of highly skilled labor and financial capital.  By increasing the existing 

knowledge base and the pool of skilled biomedical labor, federal funding for biomedical 

research may function as a cost-reducing subsidy to pharmaceutical firms. 

This paper extends earlier, as yet unpublished, work by Toole (2008) in several 

ways.  First, Toole (2008) examined the impact of NIH research funding on approved new 
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molecular entities (NMEs) across eight very broad categories, and found that a permanent 

10% increase in lagged NIH research funding led to a 6% increase in approved NMEs.  

This paper disaggregates both NIH research funding and drug development to the level of 

individual diseases, or groups of similar diseases (e.g., certain movement disorders) treated 

by drugs within the same therapeutic class.  This disaggregation allows us to obtain more 

precise estimates, while controlling for exogenous differences in drug development across 

diseases. 

Second, though one might expect the NIH research subsidy to affect discovery and 

development of truly novel compounds (i.e., NMEs) most strongly, pharmaceutical R&D 

efforts in recent years have increasingly focused on new indications for existing drugs or 

combination therapies.  DiMasi et al. (2003) and CMR International, quoted in Frank 

(2003), estimate 26-30% of pharmaceutical R&D expenditures are for post-approval R&D, 

including new uses for existing products.  While some have argued NMEs are the best 

measure of pharmaceutical innovation (see Cohen (2005)), from a public health perspective 

it may be just as beneficial to prove an existing drug is useful in treating additional 

diseases.  The lower cost associated with such investigations, relative to potential social 

surplus gains, may also make trials for supplemental indications more socially efficient.  

This paper therefore investigates how NIH R&D funding impacts all clinical trial activity, 

regardless of the novelty of the drug molecule itself. 

Third, Toole's (2008) analysis was restricted to FDA approved NMEs over the 

period 1980-1997. Taking into account the expected and empirically estimated lag 

(minimum 9 years) between NIH research funding and new drug approval, his focus is 

necessarily on the impact of NIH research that was funded prior to 1990.  In contrast, this 
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paper examines drugs in clinical development from 1998 through 2007, allowing us to 

estimate effects of more recent NIH funding (including grants funded as recently as 2004 

for some models) on pharmaceutical innovation patterns.  This focus on more recent drug 

development also helps to ensure that our results are not confounded by differences in 

industry response to shorter FDA approval times since implementation of the Prescription 

Drug User Fee Act of 1992 (PDUFA), as shown by Berndt et al. (2005).  

Finally, Acemoglu and Linn (2004), Toole (2007) and Lichtenberg (1999) have 

shown that the number of people affected by a disease (i.e., potential market size) impacts 

pharmaceutical innovation and R&D expenditures, as well as NIH R&D funding.  Failure 

to control adequately for differing trends over time in the burden of individual diseases may 

result in spurious significant relationships between NIH R&D funding and pharmaceutical 

drug development.  This paper includes a disease-year covariate for potential market size at 

the time of product launch, based on typical time-to-market for drugs entering each phase 

of development. 

In this paper, we find that NIH R&D funding has a significant, positive lagged 

impact on the number of drugs entering Phase I clinical trials.  Specifically, a sustained 

10% increase in NIH R&D funding appears to result in a 3 to 6% increase in Phase I 

clinical trials.  However, this effect does not persist in later stages of R&D: we find no 

significant influence of NIH R&D funding on the number of drugs entering Phase II and 

Phase III trials. 
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2. DATA SOURCES 

2.1. Computerized Retrieval of Information on Scientific Projects (CRISP) 

CRISP is a database of federally funded biomedical research projects maintained by 

the Office of Extramural Research at the National Institutes of Health (NIH), accessible via 

a web query interface.  It includes data on Department of Health and Human Services 

(DHHS) extramural grants and contracts and NIH intramural programs funded from 1972 

to the present. For this research, I retrieved individual records from CRISP using the wget 

utility for each extramural research grant awarded from 1972 through 2006, including the 

grant’s unique ID number, project title, abstract if available, key (thesaurus) terms, fiscal 

year awarded, principal investigator’s name, investigator’s institution, institution address, 

and awarding institute or center. These data were then merged by grant number and year 

with financial amounts for each award.  Financial amounts for each award are available 

from the NIH Research Portfolio Online Reporting Tool (RePORT)  for years 1992-2006, 

and from the National Bureau of Economic Research for 1972-1995 (Lichtenberg, 1999).   

However, due to discrepancies in the earliest years of the data, I use only data from 1975 

onwards.  Approximately 96% of extramural research grants were successfully matched for 

years 1975-2006.3  Finally, all financial amounts were inflated to constant 2006 dollars, 

using the Biomedical Research and Development Price Index (BRDPI).4 

2.2. Medline Subject Headings Thesaurus (MeSH) 

Biomedical ontologies are formal, explicit specifications of shared concepts in the 

biomedical domain, and the relations between them. MeSH is one such ontology, a 

controlled vocabulary tree produced by the National Library of Medicine and used for 

 49



 

indexing, cataloging, and searching for biomedical and health-related information and 

documents. The MeSH heading, or descriptor, is the preferred index term. Entry terms are 

synonyms, alternate forms, and other closely related terms that are often used 

interchangeably with a given descriptor.  For example, the descriptor Arthritis includes 

three closely related or synonymous entries (arthritides, polyarthritides, and polyarthritis), 

but also encompasses a large number of more specific hyponyms, such as gout, 

osteoarthrosis deformans, and chondrocalcinosis.5  Grant abstracts for basic research on the 

deposition of calcium salts in articular tissues (i.e., chondrocalcinosis) may not use the term 

"arthritis" at all, but may still be relevant for development of drug therapies to treat this 

type of arthritis.  Spasic et al. (2005) observe that having six or seven synonyms for a 

single key term is common in the biomedical domain, and the probability of two experts 

using the same term to refer to the same concept is less than 20 percent. To address this 

problem in unsupervised document classification, Yoo et al. (2006) and others have used 

biomedical ontologies such as MeSH to supply synonyms and hyper/hyponyms for key 

terms in each document. 

2.3. Pharmaprojects 

There is no publicly available source of information on all R&D activities of 

pharmaceutical and biotechnology companies. However, some commercial databases 

compile information from a variety of public sources including press releases, patent 

filings, conference proceedings, regulatory agencies, and the medical literature, as well as 

through direct contacts with pharmaceutical companies and researchers.  One such database 

is Pharmaprojects, provided Informa Healthcare.  As previously noted, this database is 
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considered fairly complete for clinical trials, but may miss some drugs in early stage 

development (Abrantes-Metz, Adams and Metz, 2006; Adams and Brantner, 2006).  For 

this reason, I exclude preclinical R&D data from this analysis.  However, commercial 

databases like Pharmaprojects are generally considered fairly complete for Phase II & III 

clinical trials—existence of a recruiting clinical trial is more difficult to hide than 

proprietary work in a firm laboratory.  To the extent that underreporting remains, we have 

no reason to suspect systematic bias in reporting across therapeutic classes that corresponds 

with lagged changes in NIH R&D, so underreporting should not bias our estimates. Time-

series data on the number of drugs by therapeutic class entering each stage of the 

pharmaceutical R&D pipeline are derived from the Pharmaprojects trend data “snapshot” 

published each May from 1998 through 2007. 

Because time-series data on R&D stage by indication were not available in the 

Pharmaprojects trend data, in many cases I simply aggregate diseases according to the 

therapeutic class of their treatment. However, because cancer treatments in any particular 

therapeutic class are frequently researched for several potential indications, I estimate R&D 

stage for each cancer indication based on the latest stage reported to date for the relevant 

therapeutic class.  For cancer drugs with multiple indications and multiple R&D stages 

reported in a given year, I reviewed public documents (e.g., pharmaceutical firm press 

releases and annual reports, clinical trial descriptions on clinicaltrials.gov, etc.) to 

determine which indications were in each R&D stage that year.  The same approach was 

applied for bacterial infections (but not mycobacterial infections, like tuberculosis), and 

viral infections (excluding HIV, which has its own therapeutic class in Pharmaprojects).  
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Given this limitation of the data, models were estimated both including and excluding 

cancer and acute bacterial infections. 

2.4. Medical Expenditure Panel Survey (MEPS) 

Including an estimate of potential market size (or increasing/decreasing "burden of 

disease") is important to this analysis, because it has been shown that the number of people 

affected by a disease impact pharmaceutical innovation (Acemoglu and Linn, 2004), 

pharmaceutical R&D expenditures (Toole, 2007), and NIH research funding (Lichtenberg, 

1999). Thus, failure to control adequately for changes over time in the burden of disease 

can result in spurious significant relationships between NIH R&D funding and 

pharmaceutical drug development.  To address this issue, I begin by estimating potential 

market size for each disease-year using data from the Medical Expenditure Panel Survey 

(MEPS), for years 1997 through 2006.  MEPS survey respondents' self-reported medical 

conditions are transcribed to ICD-9 codes by professional coders, providing more detailed 

information for a broader range of conditions than is available from any other survey 

covering this time period.6  The Agency for Healthcare Research and Quality (AHRQ) 

cautions that the sample size in MEPS for any given year may be inadequate for estimating 

true prevalence (in the case of chronic disease) or incidence (for acute illness) at the level 

of individual ICD-9 codes.  As a result, common practice is to pool responses across 

several years of data to generate an average (RTI International, 2008).  Here, to capture 

differences in market size over time, I instead estimate an ordinary least squares regression 

model to predict log(people affected) as a function of disease-specific time trends, 

 52



 

including disease fixed effects to reflect baseline differences in market size across diseases, 

and year fixed effects to control for exogenous differences in reporting across years: 

  (1) 

The log transformation on burden of disease was chosen to stabilize variance in the 

errors, after observing the characteristic outward-opening funnel pattern on a plot of 

studentized residuals versus fitted values in the untransformed model.  The parameter φd 

can be understood as asserting a constant rate of growth (or decline) for each disease, 

controlling for year-to-year variations that affect reporting of all diseases.  The resulting 

model is very significant (p<.0001), with over 98% of the variation in the observed MEPS 

data explained by the model.  Then, because drug R&D is likely to be most strongly 

correlated with market size at the time of the product's expected launch or five years 

thereafter (Acemoglu and Linn, 2004), the model described above is used to predict 

appropriate leads of potential market size based on average time-to-market for each phase 

of R&D.  The relevance of contemporaneous and relatively short leads of market size for 

new drug launches is easily explained by the relatively short period of market exclusivity 

enjoyed by new drugs, despite provisions for faster approval and extensions of exclusivity 

under PDUFA.  For example, Grabowski and Kyle (2007) found that NMEs launched from 

1995-2005 with over $100 million in sales had, on average, 11 years of market exclusivity, 

with 43% having only 6 to 10 years of market exclusivity after product launch. 

  tdtddtd YearDiseasedenDiseaseBur ,, *ln  
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3. METHODS 

3.1. Classification of NIH Grants by Disease 

For each individual disease or group of diseases for which potential treatments are 

identified in Pharmaprojects, I identified the relevant MeSH descriptor term(s) from the 

MeSH thesaurus, along with their node positions in the MeSH tree.  Then, for each MeSH 

descriptor, I extracted a list of all MeSH entry terms for the descriptor itself, as well as for 

all of its hyponyms.  Some entries in MeSH are listed under more than one disease 

descriptor: for example, psoriatic arthritis is listed under both psoriasis and arthritis.  When 

possible, these entries were disambiguated by inspection.  However, for certain syndromes 

classified under multiple disease categories (e.g., Wernicke-Korsakoff syndrome), 

disambiguation was not possible.  These entries were dropped from the classifier terms to 

avoid double counting. 

The classification algorithm was coded using the Python programming language.  

First, each unique MeSH entry is coded to its descriptor via a dictionary.  Then, each grant 

abstract, including its title and any NIH-designated key words, is parsed and compared with 

all of the MeSH dictionary entries.  If a match exists, the grant abstract is coded as 

belonging to that disease.  In many cases, as one would expect for basic science research, a 

given grant abstract may be coded to multiple diseases.  Lichtenberg (1999), in his research 

to estimate the predictors of NIH research funding, chose to count the entire financial 

amount of any grant towards any disease mentioned among the NIH-assigned key words.  

This approach has also been adopted by NIH in its recent estimates of disease-specific 

funding (National Institutes of Health, 2008a).  This paper chooses a more conservative 

approach, coding only those grants that focus on a single disease to that disease.7, 8 
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3.2. Identification Strategy 

Our dependent variable is the count of the number of new drugs entering each 

clinical R&D phase, for a given disease, d, in a given year, t.  As shown in Table III-1, 

values for this variable vary from zero to over forty, with a non-negligible number of 

observations at zero. Following Hausman et al. (1984), we observe that a Poisson 

specification has attractive properties (notably its integer and non-negativity constraints) 

for estimating this type of data; however, given the cross-sectional time-series (i.e., panel) 

nature of the dataset as described in the previous section, the Poisson assumption of 

independence in observations over time is a potential weakness.  Because we expect errors 

over time to be more highly correlated within a given disease, we estimate robust standard 

errors clustered on disease.  For these data, we can estimate a pooled Poisson finite 

distributed lag model of the form: 

      tddtftditd

L
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*
, lnlnln   


  (2) 

This model includes year fixed effects, τ, a covariate for lead of potential market size, an 

error component clustered on drug class, u, and observation-level error, ε.  This analysis is 

somewhat insulated from endogeneity due to simultaneity and technological opportunity 

shocks, because we do not allow drug development in year t to be affected by NIH R&D 

funding in the same year. 
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Table III-1: Descriptive statistics for data on number of drugs entering each R&D 
stage, by year, for preferred balanced panel models 

 Phase I Phase II Phase III 

Mean 4.3 4.8 1.8 

Median 3 3 1 

Range 0 - 36 0 - 41 0 - 13 

Number of Diseases Observed 69 70 67 

 

 

Table III-2: Duration and cumulative lag for drugs entering each R&D phase 

 AMA1 DHG2 AB3  Low Middle High 

Preclinical -- 3.80 --     

Phase I 1.64 1.03 1.38  3.80 3.80 3.80 

Phase II 2.49 2.17 2.55  4.83 5.13 5.44 

Phase III 3.92 2.82 2.26  6.99 7.49 8.00 

1Abrantes-Metz, et al. (2006) 
2DiMasi (2001) and DiMasi, Hansen, & Grabowski (2003) 
3Adams & Brantner (2006) 

The dynamic impact of lagged NIH research funding by disease is estimated for 

years i* through L, where i* is the shortest lag length that we would expect between 

research that impacts drug development at the preclinical, drug design or "concept" phase 

and its eventual entry into each human clinical testing phase.  The values for i* are derived 

from duration analysis studies by Abrantes-Metz et al. (2006), Adams and Brantner (2006), 

DiMasi (2001), and DiMasi et al. (2003), for which results are presented in Table III-2.  

DiMasi (2001) estimated that successful NMEs spent, on average, 3.8 years in preclinical 

development before proceeding to Phase I.  Based on this, if NIH funding influences the 

drug concept/design phase, the earliest we would expect to see an impact of this funding is 

after 3 years.  Phase I models therefore use i* of 3 years.  We similarly calculate i* values 

for Phase II and Phase III as 5 and 8 years, respectively.  Sensitivity analyses were 
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conducted to determine whether model fit improved with additional nearer lags: for 

example, while the prior results reported in Table III-2 suggest i* for Phase III should be 

between 5 and 8 years, we find the addition of lagged funding at 4 years provides a better 

Phase III model for all values of L.  It is entirely possible, if the primary subsidy effect of 

NIH funding for pharmaceutical firms is through its training of the labor force, that this 

effect would be seen sooner than is expected through the knowledge capital route. The 

maximum value for L based on data availability is 23 years, and selection of i* and L for 

the "best fit" model reported in each table is based on the Akaike Information Criterion 

(AIC) for the preferred balanced panel (corresponding to columns (2) and (5) in each 

table).  Finally, the leads, f, for the market size covariate are based on the same duration 

analyses studies, plus Adams and Brantner's (2006) estimate of an average 16 months for 

FDA approval after successful completion of Phase III. 

The individual coefficients β summarize the dynamic effect of a temporary increase 

in NIH R&D funding on pharmaceutical R&D, while the sum of those coefficients 

estimates the long-run change in drug development given a sustained increase in NIH R&D 

funding (Wooldridge, 2009). Because for high-order lags there is often substantial 

multicollinearity, the individual estimates of β are likely to be imprecise, and may be 

particularly large in absolute value and/or show unexpected sign changes.  Many 

researchers instead estimate low-degree polynomial distributed lag models (e.g., Almon 

lags) to avoid the multicollinearity problem, but forcing the lag structure to a polynomial 

has its own disadvantage, namely misspecification.  This paper employs unstructured finite 

distributed lags because, even when severe multicollinearity yields widely varying 

individual estimates of β, the long-run propensity, calculated as the sum of the coefficients 
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(i.e., a linear combination of the parameters), is often still well-estimated (Montgomery, 

Peck and Vining, 2001; Wooldridge, 2009) . 

 One advantage of pooled Poisson quasi-maximum likelihood estimation (QMLE), 

as in Equation (2), is that does not require strict exogeneity of regressors for consistency 

(Wooldridge, 2002).  That is, in the absence of individual-specific effects, pooled Poisson 

QMLE provides consistent estimates even in the presence of feedback from the dependent 

variable at time t to the independent variables in future period(s) t+j. Similar to Toole's 

(2008) discussion of potential feedback between new drug approvals and subsequent NIH 

funding, in this model feedback would occur if exogenous increases or decreases in the 

number of drugs entering clinical trials for disease d in year t impacts subsequent year NIH 

funding, and that in turn impacts later levels of R&D.  Toole (2008) argues that such 

feedback may be present in his data on approved NMEs from 1980 through 1997; however, 

given the relatively short time-series in this paper (1998-2007), it seems less likely that 

feedback cycle would be observed here.  In this case, we may be more concerned about 

biased estimates due to unobserved heterogeneity across diseases affecting both lagged 

levels of NIH R&D funding and current pharmaceutical R&D. 

To my knowledge, no ideal estimator has yet been developed to yield consistent 

and unbiased estimates for this particular situation.  However, among the available options, 

unconditional Poisson QMLE with dummy variables for disease-specific effects (hereafter 

"brute force Poisson FE") is arguably the best.  First, unlike in other multiplicative models 

(e.g., the logit model), brute force Poisson FE does not yield inconsistent estimates for the 

main parameters of interest (i.e., there is no incidental parameters problem).9  Thus, as long 

as N is not so large that the number of "fixed effects" to be estimated exceeds software 
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restrictions, it is unnecessary to use conditional MLE for Poisson.  Second, although (as 

pointed out by Winkelman (2008)) addition of individual-specific effects to the pooled 

model yields identical first-order conditions as in the conditional MLE case, indicating that 

feedback can cause inconsistency in the unconditional model, the time-series (T=10) seems 

relatively short for feedback to be a concern.  At the same time, the available time-series is 

also longer than is frequently the case for panel data, and it can reasonably be argued that 

any inconsistency in this case is likely to be quite small.10 

Two other potential estimators for this analysis have been introduced, but each has 

its own drawbacks.  Wooldridge (1997) developed a quasi-differencing transformation 

applicable to finite distributed lag models with potential feedback effects; however, 

simulations by Blundell et al. (2002) indicate that with small samples (e.g., N=100) and/or 

if regressors are strongly persistent, the quasi-differenced general method of moments 

(GMM) estimator can be severely downward biased.  Blundell et al. (2002) propose instead 

a pre-sample mean estimator (PSME); however, while the PSME does outperform the 

quasi-differenced GMM estimator, persistent regressors bias the coefficient of interest 

towards zero, with worse performance when the pre-sample history is short (e.g., only 4 or 

8 periods).  For the current analysis, we have a relatively small sample (N=80 or smaller), 

persistent regressors, and no pre-sample history to draw on unless we divide the existing 

T=10 panel.  Given these issues, employing the brute force Poisson FE estimator on the full 

T=10 panel seems the least problematic approach. 

Choosing the appropriate lag length is more art than science.  The Akaike 

Information Criterion (AIC) estimates the relative information loss when a given model is 

used to approximate data, while penalizing inclusion of additional parameters. The standard 
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approach is to select the "best" model based on the lowest AIC.  Philosophically, this 

approach assumes that one of the models entertained is "true" while the others are "false"; 

for practical purposes, the parameter estimates from the "best" model may then be biased 

by model selection. However, as Burnham and Anderson (2004) suggest, rather than 

selecting one model for inference, we can base our inference on the entire a priori set of 

models by computing AIC-based model weights.  For each candidate model i, we first 

rescale the AIC to: 

  (3) 
minAICAICi i 

Then, per Akaike (1992), the transformation exp(-Δi / 2) provides the likelihood of the 

model i given the data.  The model likelihoods can then be normalized to sum to 1, to 

generate each model's probability weight: 

  (4) 
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Akaike weights are then used to estimate the weighted average sum of the coefficients 

across the entire ensemble of models.  In the analyses that follow, we consider a model 

ensemble with lags ranging from 3 to 6 years in the most parsimonious model, and 3 to 23 

years in the most highly specified model. 

4. RESULTS 

We find robust evidence (see Table III-3) that a sustained 10% increase in NIH 

R&D funding results in a 3% increase in Phase I clinical trials, with NIH R&D funding 

lagged 3 to 13 years, and potential market size estimated with a lead of 8 years based on 

average time-to-launch for drugs entering Phase I trials.  Because Acemoglu and Linn 
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(2004) found that 5-year leads of market size were also significant predictors for 

introduction of new molecular entities (i.e., most of the products for which Phase I trials 

would be conducted), all Phase I models were also estimated with leads on potential market 

size of 13 years, with nearly identical results.  Pooled Poisson results for the full balanced 

panel and the restricted panel (including only those diseases for which burden estimates 

were available in MEPS for all years in the predictive model), and excluding cancer drugs 

from the restricted panel, range from 2.6% to 2.8% for both the "best fit" model and the 

Akaike weighted average.  Interestingly, inclusion of disease fixed effects (see Table III-3 

columns (4) and (5)) had no significant impact on our parameter of interest for these two 

panels, suggesting that lagged NIH funding and potential market size may explain most of 

the heterogeneity in the number of new drugs entering clinical development.  Point 

estimates for the full panel were 3.3% (best fit) and 3.2% (weighted average), and for the 

restricted panel were 3.1% (best fit) and 2.7% (weighted average). 

Due both to data limitations discussed in section 2.3 and to known differences in 

oncology versus other drug classes' development, Table III-3 columns (3) and (6) report 

results excluding all cancers.  For non-oncology drugs in the pooled model, via both the 

"best fit" model and the weighted average method, we again estimate that a sustained 10% 

increase in NIH R&D funding yields 2.6% increase in lagged drug development (p<.001).   

In the models with disease fixed effects, however, we estimate a significantly higher effect 

(p=.09): a sustained 10% increase in NIH R&D funding is associated with a 5.6% increase 

in drugs entering Phase I trials via the "best fit" model, and a 4.8% increase via the 

weighted average method. 
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If the primary impact of NIH research funding is at the drug concept/discovery phase, then 

based on the cumulative lags estimated in Table III-2 we would a priori expect Phase II 

R&D to lag NIH research funding by at least five years.  On the other hand, if the primary 

impact of NIH research funding is through its training of the biomedical labor force, this 

impact may be felt sooner.  For the pooled models, we find addition of nearer lags (i.e., 

NIH funding three and four years prior to drug entry into Phase II) yields a modest 

improvement, based on AIC, for all models in each panel ensemble; however, the sum of 

the lag coefficients is nearly identical with and without those lags.  For the brute force FE 

models, neither lag set is robustly preferred.  
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Table III-4 presents results for Phase II models with NIH funding lags of 3 to 14 

years.  Pooled models in columns (1) through (3) suggest a sustained 10% increase in NIH 

funding is associated with a 2 to 3% increase in Phase II trials.  However, after we control 

for unobserved heterogeneity across disease classes in models (4) through (6), we find no 

evidence that lagged NIH funding influences the number of drugs entering Phase II trials. 

Table III-5 reports similar results for drugs entering Phase III clinical trials.  Based 

on AIC, the "best fit" models (based on the brute force FE ensembles) allow NIH research 

funding to lag pharmaceutical development by only three to nine years.  This finding 

conflicts with our a priori assumptions based on the duration analyses in Table III-2 and 

"best fit" funding lags for Phases I and II, namely a minimum eight year lag, extending for 

around 16 years.  Table III-5 models (1) through (3) again suggest a positive and significant 

impact: a sustained 10% increase in NIH funding is associated with a 2% increase in drugs 

entering Phase III, with a five year lead on potential market size.  When we control for 

unobserved heterogeneity across diseases through inclusion of disease fixed effects in 

Table III-5 models (4) through (6), however, the sums of the lag coefficients become 

negative and insignificant for both the "best fit" models and the ensemble weighted 

averages.  These results are consistent with those found using lags based on a priori 

assumptions. 
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(1) (2) (3) (4)

Log(Predicted Market Size at Product Launch) 0.119*** 0.129** 0.243*** 0.241 0.416*
[0.029 - 0.209] [0.027 - 0.230] [0.136 - 0.350] [-0.126 - 0.608] [-0.05

NIH R&D Funding Lagged 3 Years 0.605*** 0.583*** 0.695*** 0.321*** 0.339***
[0.254 - 0.957] [0.228 - 0.938] [0.244 - 1.145] [0.125 - 0.516] [0.124 - 

NIH R&D Funding Lagged 4 Years 0.07 0.154 0.101 0.044 0.084
[-0.246 - 0.386] [-0.174 - 0.482] [-0.309 - 0.510] [-0.207 - 0.296] [-0.19

NIH R&D Funding Lagged 5 Years -0.289** -0.394*** -0.389** -0.300*** -0.409***
[-0.533 - -0.045] [-0.663 - -0.124] [-0.725 - -0.053] [-0.479 - -0.121] [-0.602 - 

NIH R&D Funding Lagged 6 Years 0.324 0.341** 0.305* 0.373*** 0.383***
[0.023 - 0.624] [0.044 - 0.639] [-0.007 - 0.617] [0.128 - 0.618] [0.129 - 

NIH R&D Funding Lagged 7 Years -0.195 -0.243 -0.218 -0.016 -0.014
[-0.515 - 0.126] [-0.574 - 0.088] [-0.542 - 0.106] [-0.284 - 0.252] [-0.28

NIH R&D Funding Lagged 8 Years -0.165 -0.131 -0.098 -0.216* -0.226*
[-0.450 - 0.120] [-0.447 - 0.186] [-0.420 - 0.225] [-0.445 - 0.013] [-0.46

NIH R&D Funding Lagged 9 Years 0.129 0.067 0.196 0.15 0.121
[-0.105 - 0.362] [-0.165 - 0.298] [-0.097 - 0.490] [-0.085 - 0.386] [-0.10

NIH R&D Funding Lagged 10 Years 0.276* 0.343** 0.228 0.347** 0.401***
[-0.033 - 0.586] [0.013 - 0.673] [-0.125 - 0.580] [0.079 - 0.616] [0.099 - 

NIH R&D Funding Lagged 11 Years -0.547** -0.51*** -0.457*** -0.512*** -0.479***
[-0.785 - -0.309] [-0.758 - -0.261] [-0.711 - -0.204] [-0.748 - -0.275] [-0.725 - 

NIH R&D Funding Lagged 12 Years 0.208 0.247 0.222 0.241 0.252
[-0.131 - 0.547] [-0.092 - 0.585] [-0.122 - 0.566] [-0.069 - 0.551] [-0.05

NIH R&D Funding Lagged 13 Years -0.141 -0.195 -0.328 -0.100 -0.140
[-0.522 - 0.241] [-0.586 - 0.196] [-0.737 - 0.081] [-0.326 - 0.126] [-0.39

Sum of the Lag Coefficients 0.281*** 0.262*** 0.257*** 0.332** 0.312**

Wald Test of Significance of the Lags (p-value) <.001 <.001 < 0.001 0.034 0.041

Weighted Average Sum of the Lag Coefficients 0.279 0.267 0.258 0.322 0.267

Observations 800 690 540 800 690
Dispersion 3.15 3.24 2.99 1.17 1.19

Estimated Effect of Lagged NIH R&D Funding on Number of Drugs Entering Phase I Clinical Trials, 1998-2007
(5) (6)

0.409
7 - 0.889] [-0.114 - 0.932]

0.340***
0.555] [0.128 - 0.551]

0.074
5 - 0.362] [-0.270 - 0.418]

-0.359***
-0.215] [-0.596 - -0.121]

0.418***
0.638] [0.140 - 0.695]

0.011
8 - 0.259] [-0.243 - 0.265]

-0.153
8 - 0.016] [-0.407 - 0.100]

0.271*
8 - 0.351] [-0.012 - 0.554]

0.326*
0.702] [-0.010 - 0.662]

-0.457***
-0.233] [-0.733 - -0.181]

0.243
8 - 0.562] [-0.069 - 0.554]

-0.154
0 - 0.110] [-0.413 - 0.104]

0.560***

0.002

0.474

540
1.22

AIC 5.62 5.85 5.56 3.779 3.95 3.95
Diseases 80 69 54 80 69 54

* significant at 10%; ** significant at 5%; *** significant at 1%
All models are pooled Poisson QMLE and include year fixed effects and a covariate for potential market size at expected time of product launch, eight years after drug entry into Phase I.  
The dependent variable is log(drugs entering Phase I) for each disease-year, with data derived from Pharmaprojects.  Potential market size is predicted based on Medical Expenditure 
Panel Survey (MEPS) data from 1997-2006.     Lagged NIH R&D funding is calculated from publicly available NIH administrative data.  Models (4) - (6) also include disease fixed effects.  
Models (1) & (4) include all diseases with at least one drug entering Phase I trials 1998-2007, for which NIH R&D funding is observed throughout the lag period (3 to 23 years prior to drug 
entry into Phase I).  Models (2) & (5) limit the panel to those diseases with MEPS data available for all 10 years.  Models (3) & (6) exclude all cancers.  Robust 95% confidence intervals are 
reported in square brackets below each coefficient estimate, with standard errors clustered on disease class.
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(1) (2) (3) (4) (5)

Log(Predicted Market Size at Product Launch) 0.073 0.089 0.271*** -0.033 0.193
[-0.019 - 0.165] [-0.034 - 0.211] [0.149 - 0.392] [-0.294 - 0.227] [-0.111 - 0.496] [

NIH R&D Funding Lagged 3 Years 0.644*** 0.558** 0.700** 0.198* 0.145
[0.202 - 1.085] [0.113 - 1.003] [0.141 - 1.258] [-0.029 - 0.426] [-0.106 - 0.395] [

NIH R&D Funding Lagged 4 Years -0.022 0.008 -0.013 -0.053 -0.027 -
[-0.385 - 0.341] [-0.345 - 0.362] [-0.402 - 0.376] [-0.286 - 0.180] [-0.252 - 0.198] [

NIH R&D Funding Lagged 5 Years 0.091 0.134 0.065 0.037 0.042 -
[-0.168 - 0.351] [-0.157 - 0.426] [-0.312 - 0.442] [-0.249 - 0.323] [-0.285 - 0.369] [

NIH R&D Funding Lagged 6 Years -0.075 -0.011 0.088 -0.004 0.035
[-0.363 - 0.213] [-0.314 - 0.293] [-0.304 - 0.480] [-0.235 - 0.226] [-0.218 - 0.288] [

NIH R&D Funding Lagged 7 Years -0.257* -0.335** -0.427** -0.127 -0.164 -
[-0.519 - 0.004] [-0.629 - -0.042] [-0.783 - -0.070] [-0.335 - 0.081] [-0.411 - 0.083] [

NIH R&D Funding Lagged 8 Years 0.065 0.107 0.044 0.029 0.066
[-0.262 - 0.391] [-0.254 - 0.469] [-0.318 - 0.406] [-0.207 - 0.264] [-0.201 - 0.333] [

NIH R&D Funding Lagged 9 Years -0.115 -0.145 -0.09 -0.060 -0.063 -
[-0.402 - 0.172] [-0.460 - 0.170] [-0.398 - 0.217] [-0.293 - 0.172] [-0.325 - 0.199] [

NIH R&D Funding Lagged 10 Years 0.227 0.227 0.328 0.292** 0.285*
[-0.092 - 0.547] [-0.138 - 0.592] [-0.093 - 0.749] [0.005 - 0.578] [-0.047 - 0.616] [

NIH R&D Funding Lagged 11 Years -0.114 -0.119 -0.294 -0.094 -0.091 -
[-0.407 - 0.178] [-0.459 - 0.221] [-0.707 - 0.119] [-0.380 - 0.192] [-0.426 - 0.244] [

NIH R&D Funding Lagged 12 Years -0.046 -0.028 0.173 -0.015 -0.024
[-0.230 - 0.137] [-0.258 - 0.203] [-0.088 - 0.435] [-0.220 - 0.190] [-0.267 - 0.220] [

NIH R&D Funding Lagged 13 Years -0.125 -0.107 -0.272 -0.072 -0.016 -
[-0.387 - 0.137] [-0.402 - 0.188] [-0.649 - 0.105] [-0.317 - 0.173] [-0.288 - 0.256] [

NIH R&D Funding Lagged 14 Years -0.019 -0.037 -0.076 -0.160** -0.219** -
[-0.344 - 0.307] [-0.385 - 0.310] [-0.515 - 0.364] [-0.313 - -0.007] [-0.397 - -0.042] [

Sum of the Lag Coefficients 0.254*** 0.251*** 0.226*** -0.029 -0.031

Wald Test of Significance (p-value) <0.001 <0.001 0.004 0.830 0.815

Weighted Average Sum of the Lag Coefficients 0.265 0.263 0.232 0.032 0.018

Observations 800 700 550 800 700 5
Dispersion 3.95 4.08 3.35 1.17 1.25
AIC 6.49 6.71 5.87 3.78 4.05
Diseases 80 70 55 80 70

Estimated Effect of Lagged NIH R&D Funding on Number of Drugs Entering Phase II Clinical Trials, 1998-2007

* significant at 10%; ** significant at 5%; *** significant at 1%
All models are pooled Poisson QMLE and include year fixed effects and a covariate for potential market size at expected time of product launch, six years after drug
Phase II.  The dependent variable is log(drugs entering Phase II) for each disease-year, with data derived from Pharmaprojects.  Potential market size is predicted

(6)

0.222
-0.099 - 0.543]

0.255**
0.009 - 0.501]
0.008
-0.242 - 0.226]
0.028
-0.453 - 0.397]

0.191
-0.147 - 0.528]
0.239*
-0.511 - 0.034]

0.010
-0.266 - 0.286]
0.014
-0.257 - 0.228]

0.414**
0.024 - 0.804]
0.307
-0.723 - 0.110]

0.186
-0.076 - 0.449]
0.109
-0.408 - 0.190]
0.203**
-0.401 - -0.006]

0.148

0.392

0.205

50
1.19
3.88
55

 entry into 
 based on 

Medical Expenditure Panel Survey (MEPS) data from 1997-2006.  Lagged NIH R&D funding is calculated from publicly available NIH administrative data.  Models (4) - (6) also 
include disease fixed effects.  Models (1) & (4) include all diseases with at least one drug entering Phase II trials 1998-2007, for which NIH R&D funding is observed throughout the 
lag period (3 to 23 years prior to drug entry into Phase II).  Models (2) & (5) limit the panel to those diseases with MEPS data available for all 10 years in the market size prediction 
model.  Models (3) & (6) exclude all cancers.  Robust 95% confidence intervals are reported in square brackets below each coefficient estimate, with standard errors clustered on 
disease class.
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(1) (2) (3) (4) (5) (6)

Log(Predicted Market Size at Product Launch) 0.103** 0.111** 0.229*** -0.063 -0.135 -0.033
[0.019 - 0.186] [0.013 - 0.208] [0.123 - 0.336] [-0.405 - 0.278] [-0.732 - 0.462] [-0.609 - 0.543]

NIH R&D Funding Lagged 3 Years 0.165 0.008 0.044 -0.092 -0.21 -0.217
[-0.292 - 0.622] [-0.459 - 0.475] [-0.471 - 0.559] [-0.484 - 0.301] [-0.621 - 0.201] [-0.620 - 0.186]

NIH R&D Funding Lagged 4 Years 0.463*** 0.495*** 0.538*** 0.385** 0.45 0.590***
[0.119 - 0.808] [0.122 - 0.867] [0.132 - 0.943] [0.050 - 0.719] [0.083 - 0.818]** [0.202 - 0.977]

NIH R&D Funding Lagged 5 Years -0.149 -0.113 -0.081 -0.184 -0.131 -0.132
[-0.565 - 0.268] [-0.566 - 0.340] [-0.599 - 0.438] [-0.604 - 0.237] [-0.603 - 0.341] [-0.664 - 0.400]

NIH R&D Funding Lagged 6 Years 0.06 0.176 0.164 0.084 0.209 0.301
[-0.327 - 0.447] [-0.215 - 0.567] [-0.247 - 0.575] [-0.312 - 0.479] [-0.206 - 0.623] [-0.158 - 0.761]

NIH R&D Funding Lagged 7 Years -0.355*** -0.408*** -0.493*** -0.326** -0.369** -0.551***
[-0.607 - -0.104] [-0.663 - -0.153] [-0.784 - -0.202] [-0.643 - -0.010] [-0.710 - -0.029] [-0.860 - -0.242]

NIH R&D Funding Lagged 8 Years 0.418** 0.484** 0.503** 0.413** 0.479** 0.530**
[0.021 - 0.816] [0.064 - 0.905] [0.075 - 0.931] [0.038 - 0.789] [0.055 - 0.903] [0.104 - 0.956]

NIH R&D Funding Lagged 9 Years -0.394** -0.435** -0.493*** -0.362*** -0.492*** -0.583***
[-0.752 - -0.037] [-0.829 - -0.041] [-0.844 - -0.142] [-0.607 - -0.116] [-0.731 - -0.253] [-0.825 - -0.340]

Sum of the Lag Coefficients 0.208*** 0.207*** 0.182*** -0.083 -0.064 -0.062

Wald Test of Significance (p-value) <0.001 <0.001 0.004 0.631 0.712 0.814

Weighted Average Sum of the Lag Coefficients 0.209 0.213 0.183 -0.169 -0.127 -0.097

Observations 780 670 520 780 670 520
Dispersion 1.88 1.94 1.84 1.20 1.25 1.26
AIC 3.63 3.78 3.63 3.05 3.18 3.14
Diseases 78 67 52 78 67 52

Estimated Effect of Lagged NIH R&D Funding on Number of Drugs Entering Phase III Clinical Trials, 1998-2007

* significant at 10%; ** significant at 5%; *** significant at 1%
All models are pooled Poisson QMLE and include year fixed effects and a covariate for potential market size at expected time of product launch, five years after drug 
entry into Phase III.  The dependent variable is log(drugs entering Phase III) for each disease-year, with data derived from Pharmaprojects.  Potential market size is 
predicted based on Medical Expenditure Panel Survey (MEPS) data from 1997-2006.  Lagged NIH R&D funding is calculated from publicly available NIH administrative 
data.  Models (4) - (6) also include disease fixed effects.  Models (1) & (4) include all diseases with at least one drug entering Phase III trials 1998-2007, for which NIH 
R&D funding is observed throughout the lag period (3 to 23 years prior to drug entry into Phase III).  Models (2) & (5) limit the panel to those diseases with MEPS data 
available for all 10 years in the market size prediction model.  Models (3) & (6) exclude all cancers.  Robust 95% confidence intervals are reported in square brackets 
below each coefficient estimate, with standard errors clustered on disease class.
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5. DISCUSSION 

In this paper, we find that NIH research funding has a significant, positive lagged 

impact on the number of drugs entering Phase I clinical trials.  Specifically, a sustained 

10% increase in NIH extramural research grant funding for a given disease appears to 

result in a 3 to 6% increase in drugs entering Phase I trials to treat that disease.  The effect 

of NIH research funding on non-oncology drugs reported here is very similar to that 

reported by Toole (2008) for NME drug approvals.  However, after controlling for 

differences in growth in market size, exogeneous year-specific shocks, and disease-class 

fixed effects, we can detect no evidence of any impact of NIH R&D funding on the number 

of drugs entering Phase II & III clinical trials in recent years.  This suggests that other 

considerations, for example the commercial viability of drugs in the pipeline, may have 

overwhelmed any subsidy effect from NIH-funded research. 

Why, then, do we see an effect for Phase I?  Because Phase I trials (with the 

shortest expected lag for NIH R&D to influence NME development, via the knowledge-

production subsidy route) show significant positive impacts of NIH R&D, we might 

conclude there exists some subsidy threshold effect, and that the recent NIH budget 

doubling provided greater opportunity to influence pharmaceutical priorities.  However, it 

is also important to note the differences between typical drugs in Phase I versus those 

pursued recently in Phase III trials.  An estimated 26-30% of pharmaceutical R&D 

expenditures are for post-approval R&D, including Phase III trials for new or modified 

uses of existing products (DiMasi, Hansen and Grabowski, 2003; Frank, 2003).  But, 

because already-marketed drugs do not generally require Phase I trials, the number of drugs 

entering Phase I trials will more closely reflect the number of NMEs in development.  
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Thus, the significant effect we find for Phase I, like that found by Toole (2008), may 

simply indicate that NIH biomedical research funding has its greatest impact on 

development of novel molecules.  Careful empirical analysis of data on the publications, 

patents, and labor force effects of NIH funding may help us determine the relative 

influence of these possible structural paths.11 

It is also conceivable the lack of significant effect found for Phases II & III in the 

fixed effects models could be a methodological artifact, due to the grant assignment process 

or the inclusion of disease fixed effects in the model.  For example, it seems plausible that 

NIH-funded research might affect drug development not only at the drug concept stage, but 

also in supplying hypotheses for supplemental indications.  Because research grants 

exploring multiple diseases are excluded from classification, it is possible that I excluded 

those grants most likely to impact Phase III trials for supplemental indications.  My 

ongoing research using probabilistic document classification techniques will investigate 

whether these previously excluded grants affect the parameter estimates reported here.  On 

the other hand, the positive and significant sum of the lag coefficients on the pooled models 

for Phases II & III suggests another possibility: the Phase II and Phase III brute force FE 

estimates may, in fact, reflect negative feedback from later stage clinical trials to NIH 

funding.  If NIH responds to decreases in drug development for particular diseases over 

time by increasing funding, and if that funding is not sufficient to encourage more late 

stage clinical trials within the time frame observed here, this could explain the negative 

sign on the sum of the lags and its insignificance.  Finally, it is possible that specific NIH 

funding mechanisms, for example the M01 General Clinical Research Centers, may have 

greater impact on later-stage industry clinical R&D. More research is needed to determine 
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whether NIH funding for clinical research "crowds-in" or "crowds-out" industry R&D 

investment for the same diseases. 

Many authors have noted the dramatic recent decline in NME approvals and 

concomitant increase in R&D expenditures, and concluded that pharmaceutical R&D 

productivity has declined into a state of crisis (Cohen, 2005). However, as discussed by 

Berndt et al. (2006), from a population health perspective it may be just as beneficial and 

innovative to prove an existing drug is useful in treating additional diseases.  Because 

preclinical drug development is very costly and has high risk of failure, extended market 

exclusivity encouraging firms to explore additional indications for existing drugs may 

actually be socially efficient, even if it results in fewer NMEs.  This paper contributes to 

the literature on biomedical innovation by confirming a positive impact of NIH funding on 

novel drugs entering clinical development; however, further research is needed to 

determine whether existing levels of industry R&D by disease are socially efficient, and 

whether the current mix of NIH funding mechanisms provides the best support for efficient 

development of new treatments and prevention of disease. 
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NOTES FOR CHAPTER III

 

1 The total budget for NIH in 2006 was $28.7 billion; however, per the NSF Survey of 
Federal Funds for Research and Development, approximately $24 billion of that was 
spent to support basic and applied research in biological sciences (excluding 
environmental), psychological sciences, clinical medical research, and life sciences not 
elsewhere classified. 

2 National Health Expenditure Account data, as used by Moses et al., indicate state and 
local government expenditures totaled $4.8 billion in 2006. 

3  Only 4% of the grants in CRISP that were not successfully matched to financial data 
were assigned to any disease; thus, an extremely small number of relevant grants were 
excluded via this mechanism. 

4 The Biomedical Research and Development Price Index (BRDPI) is generated by the 
Bureau of Economic Analysis in the U.S. Department of Commerce, and "indicates how 
much the NIH budget must change to maintain purchasing power." 

 See: http://officeofbudget.od.nih.gov/UI/GDP_FromGenBudget.htm 
5 Note that a term is a hypernym of another term if the former’s meaning encompasses the 

meaning of the latter. For example, “systemic autoimmune disease” is a hypernym for 
lupus. Lupus can then be described as a hyponym for systemic autoimmune disease, as it 
is a specific case of the general class of systemic autoimmune diseases. 

6 The National Health Interview Survey (NHIS) formerly collected data on all conditions at 
the level of ICD-9 codes; however, this detailed collection was discontinued beginning in 
1997. 

7 Ongoing research will investigate the effects of probabilistic document classification on 
the estimates reported here. For that purpose, after attempting to match disease entries 
with each abstract, the classification algorithm tokenizes and stems the title, abstract, and 
NIH-assigned key words for each grant, excluding some 700 stopwords gleaned from the 
Natural Language Toolkit (NLTK) and PubMed, and employing the NLTK robust 
tokenizer and Porter stemmer algorithms (Bird and Loper, 2008).  The resulting list of 
stemmed terms for each grant abstract, and the "training set" of abstracts that have 
already been definitively classified to each disease, will ultimately allow us to predict the 
likelihood that any given as-yet-unclassified grant contributes to research on a particular 
disease. 

8 The majority of grant records downloaded from CRISP for fiscal year 1996 were missing 
abstracts and NIH-assigned key terms, resulting in little to no funding assigned to many 
diseases.  For this analysis, funding levels for 1996 were interpolated using Stata's ipolate 
command.   

9 As discussed by (Winkelmann, 2008), the relevant asymptotic condition for panel data is 
N → ∞ with fixed T, where N is the number of individuals in the panel, and T is the 
number of time periods being modeled.  Since the number of individual-specific 

http://officeofbudget.od.nih.gov/UI/GDP_FromGenBudget.htm


 

 
parameters increases directly with N, these "incidental parameters" cannot be estimated 
consistently unless T→ ∞, which by definition is excluded.  Per (Hsiao, 1986), other 
multiplicative models (e.g., the logit model) suffer from an "incidental parameters" 
problem whereby inconsistency in estimating the fixed effects yields inconsistency in the 
estimate of the main parameter of interest.  However, Tony Lancaster and Frank 
Windmeijer have shown that this incidental parameters problem does not apply to the 
pooled Poisson model (Cameron and Trivedi, 1998). 

10 Many thanks to Jeffrey Wooldridge and Rainer Winkelmann for their advice on this 
issue. 

11 It is also conceivable that the positive effect seen for Phase I is due to exogenous shocks, 
e.g., due to technological opportunity, that influence both lagged NIH funding and lagged 
industry funding.  If a technology shock increased both public and private preclinical 
R&D, that could upward bias our estimate.  However, if this were the case, we would 
expect also to see an upward bias on the estimates for Phases II & III.  The lack of any 
significant effect for later stages of R&D, coupled with the negative sign on the sum of 
the coefficients for many of those models, makes this threat to the identification strategy 
seem much less credible.  In addition, while NIH funding for a particular disease might 
increase at the same time as industry R&D due to technological opportunity, any disease-
level effect is likely to be swamped by exogenous changes in aggregate NIH funding. 
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IV. The Impact of Medicare Part D on Pharmaceutical Research and 
Development 

Recent evidence suggests that Medicare Part D increased prescription drug use among the 

elderly, and earlier studies have indicated that increasing market size induces 

pharmaceutical innovation.  This paper assesses the impact of Medicare Part D on 

pharmaceutical research and development (R&D), using time-series data on (a) the number 

of drugs in clinical development by therapeutic class, and (b) R&D expenditures by firm.  

We demonstrate that the passage of Medicare Part D was associated with significantly 

higher pharmaceutical R&D for drug classes with higher Medicare market share, and for 

firms specializing in higher-Medicare-share drugs. 

1. INTRODUCTION 

Medicare Part D is a voluntary federal prescription drug program that provides 

subsidized outpatient prescription drug coverage for the elderly and disabled.  This 

program was enacted as part of the Medicare Prescription Drug, Improvement, and 

Modernization Act of 2003 (MMA), and coverage began in January 2006. 

Prior to the implementation of Medicare Part D in 2006, with only a few 

exceptions1 Medicare covered only prescription medicines “incident to” physician services, 

i.e., drugs provided in physician offices and hospitals.  Recent evidence indicates that 

Medicare Part D has expanded drug coverage and increased prescription drug use by the 

elderly (Lichtenberg and Sun, 2007; Ketcham and Simon, 2008; Yin et al., 2008; Duggan 

and Scott Morton, forthcoming).  Prices received by the pharmaceutical companies for 

many drugs may also have increased, in part due to dual eligibles’ loss of lower Medicaid-
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negotiated prices (Frank and Newhouse, 2008).2  Before Part D, dual eligibles (i.e., those 

receiving both Medicare and Medicaid) had prescription drug coverage under Medicaid, 

and Medicaid programs were legally entitled to receive the best price offered by 

pharmaceutical manufacturers to any private payer.  In 2006, dual eligibles were 

automatically enrolled in private Part D plans, comprising some 29% of total enrollees.  

Because the MMA forbade federal price negotiation for Part D, pharmaceutical 

manufacturers could expect higher revenues for drugs used by the dual-eligible population, 

in addition to increased utilization by newly-covered elderly individuals.  This expectation 

of higher revenues most likely contributed to the pharmaceutical industry’s switch from 

opposition towards advocacy for Medicare outpatient prescription drug legislation in 1999 

(Oliver, Lee and Lipton, 2004).  

Previous studies have shown that such increases in market size are significant 

drivers of pharmaceutical innovation (Kremer, 2002; Acemoglu and Linn, 2004).  In 

addition, Finkelstein (2004) found that increasing government payment (e.g., the 1993 

decision for Medicare to cover influenza vaccination) induced greater investment in 

pharmaceutical research and development (R&D) for vaccines.  Finally, the pharmaceutical 

industry trade group PhRMA itself drew a connection between passage of a Medicare 

prescription drug benefit and increased R&D: 

Successfully expanding prescription drug coverage for seniors and disabled 
persons will ensure that breakthroughs in basic scientific knowledge 
become safe and effective medicines for patients. If we fail, pharmaceutical 
innovation—especially with respect to medicines designed to treat the 
illnesses of aging—may suffer, thereby reducing hope for Medicare 
beneficiaries and their families. Modernizing Medicare is our best hope that 
today’s and tomorrow’s beneficiaries will reap the rewards of innovation: 
longer, happier, healthier, and more fulfilling lives. (Holmer, 1999) 
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 Taken together, this evidence naturally raises the question: will expansion in the 

market for prescription drugs due to Medicare Part D induce increased pharmaceutical 

R&D?  In this paper, we employ time-series data on (a) the number of drugs in clinical 

development by therapeutic class, and (b) R&D expenditures by firm to assess the impact 

of Medicare Part D on pharmaceutical R&D.  We find that the passage of Medicare Part D 

was associated with significant increases in the number of drugs entering clinical 

development for drug classes most likely to be affected by Medicare Part D.  Furthermore, 

although growth in real industry R&D expenditures appears to have slowed overall since 

2003, we find a significant positive correlation between the pre-Part-D Medicare share of 

firms’ R&D portfolios and firms’ post-Part-D R&D expenditures. 

2. DATA AND METHODS 

2.1. Data on Pharmaceutical R&D 

Time-series data on the number of drugs by therapeutic class and firm at each stage 

of the pharmaceutical R&D pipeline were derived from the Pharmaprojects trend data 

“snapshot” published each May from 1998 through 2007.  Pharmaprojects data are 

collected from a variety of public sources including press releases, patent filings, 

conference proceedings, regulatory agencies, and the medical literature, as well as through 

direct contacts with pharmaceutical companies and researchers.  As noted by Adams and 

Brantner (2006), this collection process may miss some drugs in early stage development.  

For this reason, we exclude preclinical R&D data from our analysis.  However, commercial 

databases like Pharmaprojects are generally considered fairly complete for Phase II & III 

clinical trials—existence of a recruiting clinical trial is more difficult to hide than 
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Figure IV-1: Number of drugs entering clinical trials by phase and year, selected classes, 
1998-2007 
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SOURCE: Author's calculations based on Pharmaprojects data.
NOTES: Includes only MEPS-matched therapeutic classes.

proprietary work in a firm laboratory.  Even if some underreporting remains, we are less 

concerned about potential omissions for two reasons: (1) because our analyses estimate 

percent changes in R&D, rather than quantity or level changes after the introduction of Part 

D; and (2) because we have no reason to expect systematic bias in reporting across 

therapeutic classes that both (a) coincides with the introduction of Part D and (b) is 

correlated with Medicare market share.  Unless both conditions (a) and (b) are met, 

underreporting will not bias our estimates. 

Figure IV-1 shows the trends over time in the number of drugs entering each phase 

of clinical development for our panel of therapeutic classes.  We observe the following 

notable features in our data.  The number of drugs entering Phase I was steady, on average, 
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through 2002, but increased markedly in 2003, and continued at that higher rate until 

another major increase in 2007.  With the exception of an anomalous increase in 2001, the 

number of drugs entering Phase II clinical trials was steady through 2003, increased 

markedly in 2004, and then like Phase I continued at a higher rate until another major 

increase in 2007.  Finally, the number of drugs entering Phase III trials trended slightly 

downwards through 2003, then like Phase II increased markedly in 2004 and continued at 

that higher rate until another increase in 2007. 

2.2. Data on Medicare Share by Therapeutic Class 

We estimated the share of total prescriptions filled by Medicare-covered individuals 

for each therapeutic class using data from the 2004 Medical Expenditure Panel Survey 

(MEPS), a nationally representative survey of the US civilian non-institutionalized 

population.  Because MEPS explicitly excludes drugs received while in hospital, it is 

particularly well-suited to estimating the Medicare-eligibles’ share of outpatient 

prescription drugs newly covered under Part D.  Approximately 42% of outpatient 

prescriptions were filled by Medicare-covered individuals.  Therapeutic classes from 

Pharmaprojects were matched to therapeutic subclasses from the MEPS 2004 Prescribed 

Medicines file.  These classes were then grouped into a panel of 27 therapeutic categories 

on common indications or biological system, and on similar elderly market share.  Over 

96% of the weighted total prescriptions in MEPS were assigned to one of these therapeutic 

categories.  Figure IV-2 shows the resulting categories, ranked by Medicare market share. 
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Figure IV-2: Share of total prescriptions filled by Medicare beneficiaries, by therapeutic 
class 
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2.3. Data on R&D Expenditures and Medicare Shares by Firm 

Pharmaceutical firms were identified in Compustat by SIC codes 2830-2836, and NAICS 

codes 325412-325414.3  Firms were then hand-matched by name with originator firms in 

Pharmaprojects.  Due to our focus on R&D decisions, we only included firms with non-

zero, non-missing R&D expenditure data for all years 1997-2006, and for which at least 

one drug was reported in clinical development (Phase I trials through FDA registration) 

during our five-year baseline period, 1998-2002. We then calculated for each firm the 

weighted average Medicare share of the firm’s baseline clinical portfolio, as the sum of the 
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MEPS-estimated Medicare share for each drug in the firm’s portfolio divided by the total 

number of drugs in the portfolio.4 

This process resulted in a panel of 109 publicly-traded pharmaceutical firms, with 

an average baseline portfolio Medicare share of 41.7% (standard deviation 10.3%).  For the 

US, at least, this panel appears to be fairly complete: for example, in 2006 the US-

incorporated firms in our panel reported spending $56.2 billion on R&D; Burrill and 

Company estimated total US pharmaceutical industry R&D expenditures at $56.1 billion 

that year, for a difference within 1% (Pharmaceutical Research and Manufacturers of 

America, 2008). Finally, firms’ R&D expenditures were inflated using the Biomedical 

Research and Development Price Index (BRDPI)5 to constant 2006 dollars.  Figure IV-3 

shows that, for our panel of 109 firms, real R&D expenditure growth overall slowed after 

2003, then increased again in 2006. 
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Figure IV-3: R&D expenditures by year, panel of 109 pharmaceutical and biotech firms, 
1997-2006 
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2.4. Estimating the Impact of Part D on R&D 

We use two outcome variables for our analysis: (1) the number of drugs entering a 

given R&D stage, in a given therapeutic class and year; and (2) R&D expenditures by firm 

and year.  If pharmaceutical companies respond to the increased market size as predicted, 

then all else equal we would expect to see an increase in the flow of drugs entering clinical 

development.  We would also expect to see an increase in R&D expenditures at firms 

specializing in drugs for the Medicare market, via three possible mechanisms.  First, after 

Medicare Part D was implemented in 2006, established firms selling drugs for the 

Medicare market would have seen an increase in current sales revenues, and prior research 
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indicates that short-run increases in cash flow yield contemporaneous increases in R&D 

expenditures at pharmaceutical firms (Scherer, 2001; Vernon, 2005).  Second, per 

Friedman (2009), stock prices for firms introducing high-Medicare-share drugs increased 

dramatically after Part D, and increases in stock prices may decrease the cost of external 

capital, thereby increasing R&D expenditures (Golec, Hegde and Vernon, forthcoming).  

The impact of policy changes on stock prices, and thereby on the cost of capital, appears to 

be even stronger for entrepreneurial firms with no cash flow from sales, like most biotech 

firms (Golec and Vernon, 2007).  In addition to these two supply-side mechanisms, and 

perhaps more important than either of them, the increase in market size would also yield a 

demand-side shift, increasing the net present value of firms' pipeline projects. 

To estimate the impact of Medicare Part D on drugs entering clinical trials, for each 

stage of R&D we estimated difference-in-difference Poisson regression models. All our 

models include year fixed effects and therapeutic category fixed effects. These fixed effects 

provide a completely non-parametric approach to control both for underlying year-on-year 

differences in total R&D and time-invariant differences in the levels of R&D across drug 

classes.  In addition to these fixed effects, in each model we also include separate linear 

time trends for each therapeutic class.6  These allow us to accommodate differences across 

classes in year-on-year R&D growth not only due to predictable changes in market size 

(e.g., due to demographics), but also differences in relative market saturation, existing 

marketed drugs’ remaining patent life, and scientific understanding and technological 

advances for each disease category.  Identification of the Part D effect, then, relies on 

changes in R&D versus expected trends, controlling for year-on-year variation, across 

therapeutic classes with different Medicare market shares.  We estimate this effect via 
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interaction of Medicare market share with a Part D dummy variable (Year > 2003).  

Intuitively, the percent change in the number of drugs entering clinical development 

following Part D should be proportional to the Medicare share for the market. 

Next, we investigated whether therapeutic classes which were previously heavily 

covered under Medicare Part B had lower R&D growth than one might otherwise expect 

given their Medicare market share, by interacting those individual drug classes with the 

Medicare market share * Part D variable. Finally, we considered possible dynamic effects 

of Part D over three time periods: (1) anticipatory effects in 2003, while the legislation was 

under debate in Congress; (2) transitional effects in 2004-2005, after passage but before 

Part D was implemented;7 and (3) post-implementation effects in 2006-2007. 

In addition to the analyses described above for drugs entering clinical trials, we also 

investigated whether firms with higher average Medicare market share in their pre-Part D 

R&D portfolios had relatively greater percentage increases in R&D expenditures after 

passage of Part D.  For each firm we estimated the Medicare market share of their R&D 

portfolio based on the average Medicare share of the drugs in their clinical R&D pipeline 

(Phase I through FDA registration) during a 5-year base period prior to Part D, 1998-2002. 

We then used these data to estimate ordinary least squares difference-in-difference models, 

for which the dependent variable was log(R&D expenditures).  These models include time 

fixed effects to account for secular year-on-year variation in R&D that might be unrelated 

to Medicare Part D, firm fixed effects to account for time invariant differences in R&D 

levels across firms, and a firm-year operating income covariate. As discussed above, prior 

research indicates short-run deviations in pharmaceutical firms' net operating income 

(revenues less operating costs) are proportional to changes in contemporaneous R&D 
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expenditures.  Thus, the operating income covariate is important as a potential omitted 

variable; however, its inclusion may also cause us to underestimate slightly the impact of 

Medicare Part D on larger, established firms in 2006. Key independent variables for these 

analyses are the interaction of each firm’s baseline Medicare share with one or more 

dummy variables for the passage of Part D.  Finally, because prior research suggests policy 

changes may have a stronger effect on stock prices and R&D at higher-risk entrepreneurial 

firms, we estimate an additional model restricting our panel to the 86 firms with positive 

sales throughout the study period.   

Although the Poisson regression used with our first outcome variable is relatively 

robust to misspecification, over-dispersion in the data can create problems for estimating 

effect size. One measure of dispersion is the ratio of the deviance to the degrees of 

freedom, which for a good-fitting model should approach 1.  Some of our models 

evidenced modest over-dispersion (dispersion is reported for each model in Tables IV-1 

through IV-3), so we repeated our analyses using both zero-inflated Poisson and negative 

binomial regression (a generalization of Poisson), and obtained very similar results for our 

coefficients of interest.8  Finally, we report confidence intervals and p-values for the 

coefficients using robust standard errors, clustered on therapeutic class to allow for serial 

correlation. 
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3. STUDY FINDINGS 

First, we evaluated whether Part D differentially affected drug classes with higher 

Medicare market share. As shown in Table IV-1, we find significant positive correlation 

after passage of Part D between percent changes in the number of drugs entering Phase I 

(p<.10), Phase II (p<.10), and all clinical trials (p<.05), and therapeutic class Medicare 

market share.  That is, drug classes with higher Medicare share experienced significantly 

greater percentage growth in R&D post-2003 than classes with lower Medicare share, 

versus the classes' expected trends.  For the average Medicare share class (Medicare share 

= 42%), these results translate to an estimated 31% increase in Phase I trials, a 44% 

increase in Phase II trials, a 60% increase in Phase III trials, and a 40% increase in all 

clinical trials versus expected trends. 

Table IV-1: Changes in the number of drugs entering clinical-stage R&D after passage of 
Medicare Part D, as a function of Medicare market share 

 Phase I Phase II Phase III 
All 

Clinical Trials 

0.729* 1.035* 1.424 0.947** Medicare Share * 
Part D (Year > 2003) 

[-0.044 - 1.502] [-0.128 - 2.199] [-0.519 - 3.368] [0.063 - 1.832] 

Observations 270 270 270 270 

Dispersion 1.043 1.145 1.152 1.078 

AIC 5.046 5.093 4.147 6.007 

* significant at 10%; ** significant at 5%; *** significant at  1% 
Notes: Author's calculations based on Medical Expenditure Panel Survey (MEPS) 2004 and 
Pharmaprojects 1998-2007 trend data.  All models are Poisson difference-in-difference, and include 
separate linear time trends and fixed effects for each therapeutic class, as well as time fixed effects.  
Robust 95% confidence intervals for the Z-statistics are presented in square brackets below each 
coefficient estimate.  Standard errors are clustered on therapeutic class. 
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Prior to the passage of Medicare Part D, certain drugs (e.g., IV cancer drugs, insulin 

for patients using pumps, COPD medications for patients using nebulizers, etc.) were 

already covered under Medicare Part B.  For example, 12 of the top 20 medications 

covered by Part B, representing over 40% of Part B expenditures in 2001, were for cancer 

treatment, and 2 of the top 5 medications, representing over 12% of expenditures in 2001, 

were for COPD (Medicare Payment Advisory Commission, 2003).  Because a significant 

fraction of cancer and COPD drugs did not experience a change in insurance coverage with 

Part D, we would expect relatively lower effects of Part D on R&D for these classes.  We 

tested this hypothesis by interacting the Medicare share*Part D variable with indicator 

variables for cancer and COPD, and as expected, nearly all of the coefficient estimates are 

significant (p<.001) and negative (see Table IV-2). 

Table IV-2: Percent changes in the number of drugs entering clinical-stage R&D after 
Medicare Part D, for classes previously covered under Part B 

 Phase I Phase II Phase III All Trials 

0.655* 1.006* 1.447 0.906** Medicare Share 
* Part D (Year > 2003) 

[-0.114 - 1.425] [-0.138 - 2.150] [-0.517 - 3.412] [0.028 - 1.784] 

0.058 -0.483*** -0.987*** -0.340*** Cancer 
* Medicare Share 
* Part D (Year > 2003) [-0.069 - 0.185] [-0.671 - -0.295] [-1.318 - -0.656] [-0.454 - -0.226] 

-1.769*** -0.533*** 0.840*** -0.905*** COPD 
* Medicare Share 
* Part D (Year > 2003) [-1.938 - -1.599] [-0.718 - -0.347] [0.496 - 1.184] [-1.005 - -0.805] 

Observations 270 270 270 270 

Dispersion 1.005 1.145 1.150 1.051 

* significant at 10%; ** significant at 5%; *** significant at  1% 

Notes: Authors' calculations based on Medical Expenditure Panel Survey (MEPS) 2004 and 
Pharmaprojects 1998-2007 trend data.  All models are Poisson difference-in-difference, and include 
separate linear time trends and fixed effects for each therapeutic class, as well as time fixed effects.  
Robust 95% confidence intervals for the Z-statistics are presented in square brackets below each 
coefficient estimate.  Standard errors are clustered on therapeutic class. 
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Finally, we looked for differential effects of Part D, over three different time 

periods: (1) anticipatory effects in 2003; (2) transitional effects in 2004-2005, after passage 

but before Part D was implemented; and (3) post-implementation effects in 2006-2007.  

We expected some ambiguity in 2003, due to two competing effects.  On the one hand, the 

pharmaceutical industry was well aware of the progress of the MMA through Congress, 

and could have anticipated its passage by ramping up R&D.  On the other hand, uncertainty 

about the bill’s passage, provisions, or implementation might have deterred investment.  

For Phase I, we see no significant relationship between Medicare share and the percentage 

change in clinical trials in 2003.  Thus, we cannot exclude the possibility that this year’s 

marked increase in Phase I trials (per Figure IV-1) was due either to secular changes in 

R&D or to improvement in the Pharmaprojects data collection process.  However, despite 

our observation that overall the number of drugs entering Phase III trials decreased in 2003, 

we do find strong positive correlation in 2003 between percent changes in the number of 

drugs entering Phase III trials and Medicare market share.  Thus, in the uncertain climate of 

2003, the pharmaceutical industry appears to have cut back the most expensive, late-stage 

trials, but predominantly for classes with lower Medicare share. 

We expected to see increased impact of Medicare Part D in 2006-2007 versus 

2004-2005 for two reasons.  First, over time there was more information available about 

the implementation and probable impact of Part D for the pharmaceutical industry.  

Second, the generally linear progression of drugs through the R&D phases seemed likely to 

yield lagged effects, especially for later-stage clinical trials. That is, while the number of 

drugs in preclinical development might respond rapidly, it would take time for those new 

drugs to proceed through the R&D pipeline.   
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Table IV-3: Dynamic changes in the number of drugs entering clinical-stage R&D after 
passage of Medicare Part D 

 Phase I Phase II Phase III All Clinical Trials 

0.161 -0.012 1.647** 0.383 Medicare Share 
* Pre-Part D 2003 [-1.238 - 1.559] [-0.990 - 0.966] [0.356 - 2.938] [-0.310 - 1.076] 

0.877** 1.044* 2.383** 1.236*** Medicare Share 
* Part D 2004-2005 [0.113 - 1.641] [-0.166 - 2.253] [0.157 - 4.610] [0.394 - 2.078] 

1.248** 1.421** 4.345*** 1.863*** Medicare Share 
* Part D 2006-2007 [0.296 - 2.200] [0.117 - 2.726] [1.963 - 6.726] [0.976 - 2.750] 

Observations 270 270 270 270 

Dispersion 1.048 1.151 1.111 1.057 

* significant at 10%; ** significant at 5%; *** significant at  1% 
Notes: Author's calculations based on Medical Expenditure Panel Survey (MEPS) 2004 and 
Pharmaprojects 1998-2007 trend data.  All models are Poisson difference-in-difference, and include 
separate linear time trends and fixed effects for each therapeutic class, as well as time fixed effects.  
Robust 95% confidence intervals for the Z-statistics are presented in square brackets below each 
coefficient estimate.  Standard errors are clustered on therapeutic class. 

 

In Table IV-3, we observe evidence of one or both of these effects.  First, we 

observe a significant positive relationship (p<.10) between Medicare share and the number 

of clinical trials, for all phases of R&D in both 2004-2005 and 2006-2007. Furthermore, 

this relationship becomes more pronounced over time: for all models except Phase II, the 

coefficient on Medicare Share * Part D is significantly larger (p<.02) in 2006-2007 versus 

2004-2005.  Thus, after controlling for anticipatory changes in 2003, we find that for the 

average drug class (with Medicare share 42%), Medicare Part D is associated with 37% 

more drugs entering Phase I trials in 2004-2005 (p=.02), and 52% more entering in 2006-

2007 (p=.01) than would have been expected based on prior trends.  Phase II clinical trials 

for the average drug class also appear to have increased versus expectation, by 44% in 
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2004-2005 (p=.09) and 60% in 2006-2007 (p=.03), though as noted above this apparent 

increase over time is not significant (p>.10).  Finally, Medicare Part D is associated with 

almost doubling the number of Phase III clinical trials for drug classes with average 

Medicare share in 2004-2005 (p=.04), and with a two-fold increase in Phase III trials 

(p<.001) in 2006-2007 versus expected trends. 

 These apparently dramatic effects in Phase III can be explained, in part, by two 

observations: first, the median number of drugs entering Phase III trials in any given class 

and year is 3, with range 0 to 20 (i.e., these large percentage increases are occurring over a 

small denominator--for example, doubling may simply reflect an increase from 3 to 6 drugs 

entering Phase III trials); and second, the confidence intervals of the point estimates are 

fairly wide and not statistically different from the Phase I and Phase II results.  As such, 

these coefficients should not be interpreted to indicate that all classes experienced positive 

R&D growth after 2003.  In particular, in a separate analysis we found that after 2003, 

Phase III clinical trials significantly decreased versus prior year trends for drug classes with 

Medicare share of 20% and lower. 

 

Finally, given our results above, we expected that firms with more exposure to the 

Medicare market would have greater percentage increases in R&D expenditures after the 

passage of Part D. To test this, we investigated whether firms that had higher average 

Medicare market share R&D portfolios prior to Medicare Part D also had greater 

percentage changes in R&D investment after passage of the Part D legislation. As shown in 

Table IV-4, consistent with our results above, even after controlling for year-to-year 

variations in overall R&D expenditures (for example, there was essentially no growth in 

real R&D expenditures from 2003-2005, but growth resumed in 2006), we find that 
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changes in firms' R&D expenditures after passage of Part D were not only positively 

correlated with their portfolio Medicare share (p<.05), but also that Medicare share became 

more important (p<.08) as a determinant of R&D expenditures over time.  These results 

were robust to alternative specifications, including log-transformation of the net operating 

income variable and inclusion of shareholder equity as a covariate.9  Interestingly, in Model 

3 we find that the influence of baseline Medicare share on R&D expenditures appears 

stronger for firms that had positive sales throughout the study period, whereas no 

significant impact of Part D was found on R&D expenditures at the 23 other firms.  This 

suggests Part D had little short-run impact on R&D at start-up firms.  

 

Table IV-4: Changes in firm R&D expenditures after passage of Medicare Part D, by 
firm baseline portfolio Medicare market share 

 (1) (2) (3) 

1.081**   Medicare Share 
* Part D (Year > 2003) 

[0.095 - 2.067]   

 0.425 1.122* Medicare Share 
* Pre-Part D 2003 

 [-0.745 - 1.595] [-0.131 -  2.377] 

 1.190* 2.198*** Medicare Share 
* Part D 2004-2005 

 [-0.044 - 2.425] [0.875 - 3.521] 

 2.175*** 2.941*** Medicare Share 
* Part D 2006 

 [0.561 - 3.788] [1.211 - 4.670] 

Observations 1090 1090 860 

Adjusted R2 0.950 0.950 0.957 

* significant at 10%; ** significant at 5%; *** significant at 1% 
Notes: Author's calculations based on BRDPI-inflated Compustat R&D expenditure data, 
1997-2006, Pharmaprojects 1998-2002 firm pipeline data, and Medical Expenditure Panel 
Survey (MEPS) 2004 pharmaceutical expenditure data.  All models are ordinary least 
squares, with outcome variable log(R&D expenditures), and include an operating income 
covariate, separate linear time trends and fixed effects for each firm, and year fixed effects.  
Model 3 restricts the panel to firms with positive sales throughout the period.  Robust 95% 
confidence intervals for the coefficient t-statistics are presented in square brackets below 
each coefficient estimate.  Standard errors are clustered by firm. 
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4. DISCUSSION 

Our results indicate that the increased outpatient prescription drug coverage 

provided through Medicare Part D has had substantial short-run impact on pharmaceutical 

R&D.  We observe clear evidence of a break in established R&D trends beginning in 2004, 

just months after the Medicare Part D legislation was enacted, with greater percentage 

increases in R&D versus prior trends for drug classes that are most used by Medicare 

beneficiaries, and were not previously covered under Medicare Part B.  Although we 

cannot completely rule out exogenous changes in R&D trends both coincident with 

Medicare Part D and correlated with Medicare market share, these findings, coupled with 

our inclusion of separate time trends for each therapeutic class (taking into account 

predictable changes in market size over time, e.g., due to population aging), seem to 

suggest a causal relationship. 

As Finkelstein (2004) suggests, the relatively rapid response we observe may be 

due to “a substantial reservoir of technologically feasible products on the shelf for whom 

the decision to begin clinical trials is responsive, on the margin, to increases in the expected 

economic return to the clinical trial.” These changes not only persist for the three years 

following the change in policy, but in fact become more pronounced over time.  However, 

given that the total number of drugs entering clinical trials post-2003 did not significantly 

increase versus prior trends, this pronounced post-2003 shift towards clinical trials for 

drugs with higher Medicare market share may have come at the expense of new drugs for 

diseases which predominantly affect younger people.  So, while Medicare Part D is 

associated with dramatic increases in R&D for high-Medicare-share classes, this effect is 
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being tempered either by contemporaneous decreases in overall R&D, or by targeted 

substitution away from low-Medicare-share classes. 

The magnitude of our estimates appears reasonable, given the prior literature.  

Acemoglu and Linn (2004) found that the elasticity of innovation with respect to market 

size ranged from 3.5 for new molecular entities to 6 for all brand-name drug approvals.10 

Duggan and Scott Morton (forthcoming) predict that Medicare Part D increased 

pharmaceutical revenues by roughly 33% for drugs with Medicare market share of 100%. 

For a drug class with average Medicare market share (42%, in 2004), Duggan and Scott 

Morton's result translates to a 14% increase in revenues following Medicare Part D.  

Combining these results, we would expect an increase of between 49% and 83% in new 

drug development for the average drug class.  Our estimates are generally on the 

conservative end of this range, and in some cases are slightly lower. 

One surprising finding, however, is the relatively rapid increase in number of Phase 

III clinical trails following Part D.  Given the relatively short time elapsed since passage of 

Part D, we suspect that much of the observed increase in Phase III trials may be for drugs 

that were 'on the shelf' and responsive at the margin to the increase in net present value 

presented by Part D, or were already marketed, and/or combination therapies that had 

already been tested in humans.  These drugs could simply bypass preclinical and Phase I 

development.  Anecdotally, this phenomenon appears to be exactly what we're seeing in the 

market for cholesterol drugs—a significant increase in the number of Phase III trials, 

mainly driven by new trials for combinations of drugs already on market.11 

These results should be viewed in light of our study’s limitations.  First, analysis of 

the overall effect of Part D on innovation is limited both by the relatively short time-series 
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available post-2003, and by the fact that R&D is an imperfect predictor of the number and 

quality of new drugs ultimately developed.  Given the long lag between drug discovery and 

development and new drug approvals, we cannot yet determine whether Medicare Part D 

will result in more (or better) drugs entering the market.  For example, the drugs added to 

the pipeline in response to Part D could be riskier investments, with potentially lower 

expected benefits.  These relatively short-run effects on R&D also may not result in 

increased innovation if the government implements aggressive price negotiations. 

Medicare Part D not only reduces financial risk for elderly individuals today, but 

also has the potential to benefit the future elderly through increased flows of new drugs.  If 

the flow of new and more expensive brand-name drugs increases, the federal cost of the 

Medicare Part D program may be higher than anticipated.  On the other hand, these 

relatively short-run effects on R&D may not result in increased innovation if federal price 

negotiation is introduced, curtailing expected revenues.  Future research will be needed to 

determine whether these observed increases in R&D have any effect on new drug 

introductions and ultimately on health outcomes. 
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NOTES FOR CHAPTER IV

 

1 Some exceptions to this rule included oral cancer drugs with IV equivalents, oral anti-
emetics used within 48 hours of chemotherapy, immunosuppressants for recipients of 
Medicare-covered organ transplants, erythropoietin (EPO) for end-stage renal failure, and 
drugs administered via covered durable medical equipment, such as albuterol sulfate or 
ipratropium bromide used with a nebulizer or insulin used with an insulin pump. 

2 See also M. Freudenheim, "A Windfall from Shifts to Medicare," New York Times, July 
18 2006, and A. Berenson, "Big Drug Makers Post Profits That Beat Forecasts," New 
York Times, July 25 2006. 

3 NAICS codes 325412-325414 include manufacturing of pharmaceutical preparations, 
diagnostic substances, and non-diagnostic biological products.  Standard Industrial 
Classification (SIC) codes 283X include manufacturers of medicinal chemicals and 
botanical products, pharmaceutical preparations, diagnostic substances, and other non-
diagnostic biological substances under the header category “Drugs”. 

4 We exclude from this calculation any drugs not in one of the 27 therapeutic categories 
matched in MEPS and Pharmaprojects. 

5 The BRDPI is generated by the Bureau of Economic Analysis, Department of Commerce, 
and was downloaded from: 

  http://officeofbudget.od.nih.gov/UI/GDP_FromGenBudget.htm 
6 We also tested quadratic therapeutic-class time trends, but found little qualitative 

difference in the coefficient estimates, and model fit was not sufficiently improved by 
addition of these parameters to justify their inclusion. 

7 Beginning in June 2004, discount cards were issued to Medicare beneficiaries, providing 
a 15-20% discount on out-of-pocket costs for prescription drugs. 

8 Zero-inflated Poisson regression results available upon request to the authors.  Negative 
binomial results were identical to those reported here, because when the overdispersion 
parameter in a negative binomial regression is not statistically different from zero, the 
negative binomial distribution is equivalent to a Poisson distribution. 

9 Log transformation of these covariates required adding a constant to all observations, to 
ensure positive values. 

10 As discussed in our Methods section, Scherer (2001) estimates the short-run elasticity of 
R&D expenditures with respect to revenues at about 1. However, this estimate reflects 
the relationship between transient, short-run deviations in profit margins (revenues less 
operating costs) and short-run deviations in R&D expenditures.  This supply-side effect is 
most likely driven by imperfections in credit markets, but it is important, and for this 
reason, we include firm-year data on operating income as a covariate in our analysis of 
post-Part D changes in R&D expenditures.  However, the impact of short-run deviations 
is fundamentally different from the impact of long-run, non-transient, demand-side 

http://officeofbudget.od.nih.gov/UI/GDP_FromGenBudget.htm


 

 
changes in expected future revenues, as indicated by the persistence of the coefficients on 
our explanatory variable. 

11For example, in 2007, a record six cholesterol drugs entered Phase III trials compared to 
an average of 2 to 3 drugs in prior years. Several of these drugs were combinations of 
already marketed drugs: fenofibrate + simvastatin combination (both components already 
on the market); a new micronized formulation of fenofibrate; niacin + simvastatin (both 
on the market); niacin alone (again already on the market); ezetimibe + atorvastatin (both 
on the market); and finally JTT-705, the only novel compound entering Phase III that 
year.  Thus, the total number of cholesterol drugs entering Phase III trials increased 2- to 
3-fold in 2007 versus prior years, and this growth was led mainly by new combination 
drugs. 
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