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Abstract

The United Stateshasan extensive systemof government funding for basicresearch.

The traditional rationale for this policy is that due to the inappropriabilit y of research re-

sults, the private sectorprovidessuboptimal levelsof basicresearch, and government subsidy

will correct this underprovision. In addition, it is likely that higher levels of basic research

stimulate higher levelsof private applied research by increasingthe stock of scienti�c knowl-

edge. It is possible,however, that government-funded basic research \crowds out" private

basicresearch by reducing its private returns. This may mitigate or even reversethe former

e�ect, so that government funding of basic research may stimulate less,and in the extreme

casemay even reducethe level of private research relative to the alternative in which basic

research is privately funded.

This paper usesdata on public and private funding of biomedical research to study

the e�ect of government research funding on private-sectorresearch and development (R&D)

expendituresand new product development in the pharmaceuticalindustry. The main �nd-

ing is that increasesin government research funding appear to crowd out private R&D for

approximately the �rst four yearsand start to stimulate private research in the �fth year

after the increase.A reasonableinterpretation is that the direct e�ect of government funding

is to crowd out private basicresearch in the short run and stimulate private applied research

in the long run. The crowding out (substitution) is more pronouncedwhen expenditure lev-

elsare measuredin constant dollars accordingto the BiomedicalResearch and Development

Price Index (BRDPI), rather than in current dollars or constant dollars according to the

GDP de
ator. Numerousrobustnesschecks fail to support alternative interpretations, and

anecdotaldata from the development of a new classof drugs (COX-2 inhibitors) supports

this interpretation. In addition, empirical results fail to show any clear e�ect of government

funding on output in the pharmaceuticalindustry.
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1 In tro duction

It is widely, and quite reasonably, believed that the major sourceof economicgrowth in

advancedcountries is technological improvement and that such technological improvement

is largely duenot to chancediscoveries,but rather to organizedresearch e�ort (Romer 1990).

However, becauseof the uncertainty inherent in research activit y and the fact that the out-

put of research activit y may be inappropriable, it is possiblethat in equilibrium the private

sectormight provide suboptimal levelsof innovation, particularly in areasof \basic" research

(Arrow 1962;Nelson1959). One possiblesolution to this problem is for government to pro-

vide subsidiesfor basic research. However, it is then possiblethat government funding of

basicresearch might \crowd out" private basicresearch, thus mitigating its e�ectiv enessasa

solution to the underprovision problem. The goal of this paper is to study the e�ect of gov-

ernment research funding on private-sectorresearch and development (R&D) expenditures

and new product development.

This paper usesdata on public and private funding of biomedical research to study

the e�ect of government research funding on private-sectorresearch and development (R&D)

expendituresand new product development in the pharmaceuticalindustry. The main �nd-

ing is that increasesin government research funding appear to crowd out private R&D for

approximately the �rst four yearsand then stimulate private research starting in the �fth

year after the increase. One possibleinterpretation is that the direct e�ect of government

funding is to crowd out private basic research but stimulate private applied research.

The pharmaceuticalindustry is particularly well suited to a study of the relationship

betweenpublic and private R&D, sincethis industry is characterizedby substantial levelsof

both private and government funding. Research in most other R&D-in tensive industries is

typically funded either primarily by government (as in the caseof the aerospaceand other

defense-relatedindustries) or primarily by for-pro�t corporations(asin the caseof electronics
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and manufacturing industries). However, in the caseof the pharmaceutical industry, both

sectorshave substantial sharesof expenditures,with government accounting for about 40%

and the drug industry for about 60% of biomedical research spending in the U.S.(National

ScienceFoundation 1999). In addition, the division between\basic" and \applied" research

is much more clearly de�ned in this industry, comparedto other industries. Basic research

into diseaseprocesses,which is funded by government grants as well as private companies

and nonpro�t organizations,is an input into the (applied) development of pharmaceuticals,

which is funded primarily by the private sector. Unlike other government R&D e�orts,

such as research for defenseprojects that require secrecy, detailed project-level data are

available for government-funded biomedical research. Furthermore, virtually all products

in this industry are protected by patents (rather than, for example,as trade secrets)and

are subject to technical regulation by the Food and Drug Administration (FDA), 1 which

meansthat much more data on private R&D are available than in the caseof most other

research-intensive industries.

In addition, the pharmaceutical industry is a substantial sectorof the economy and

accounts for an even more substantial shareof both public and private R&D expenditures.

For example,in 1998total U.S. private-sectorpharmaceuticalR&D spending was$17.2bil-

lion, accounting for 20.1%of pharmaceuticalsales(PhRMA 2000). In addition, the federal

government spent over $11billion in medicaland biological research in 1998,accounting for

about one-sixthof federalR&D spending(NSF, 1999). The in
ation-adjusted level of federal

spending has tripled since1970(Shadid 2001)and continuesto rise; Congressincreasedthe

budgetof the National Institutes of Health (NIH) by 15%in both 1998and 1999. In the 2000

U.S.Presidential electioncampaign,both major-party candidatesproposeddoubling the NIH

budgetfrom its 1998level (12:9bill ion)by2003(Brainar d2000); andthiswasmorethanachievedwhenCongressappropriated27.3

billion to NIH for �scal year 2003.

1 A list of acronyms usedin this paper appearson pages99{101.
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Finally, biomedical research is important becausethe social gainsare huge: Murphy

and Topel (1999) and Nordhaus(1999) estimate that the total value of gainsin utilit y from

improved health and increasedlife expectancyin the U.S. sincethe year 1900is on the order

of the increasein traditional GrossDomesticProduct (GDP) over the sameperiod. In other

words, despite the fact that health-related R&D makes up only 13.8%of total R&D (and

only 0.3% of GDP), if improvements in health and increasedlife expectancy were included

in GDP, the growth rate of GDP would be doubled. Lichtenberg (1999b) estimatesthat a

large portion of the increasedlife expectancyis due to new drugs; in particular, the average

new drug introducedbetween1970and 1991is estimated to have saved 11,200life-yearsin

1991alone. In other words, a substantial portion of the bene�ts of this research accrueto

the generalpublic through the useof pharmaceuticalproducts, whoseU.S. salesaccount for

only about 0.94%| lessthan 1% | of total GDP.

Given the importanceof medicalresearch and the largerolesof both government and

private industry in conducting such research, it is surprising that so little work has focused

on the interaction betweenthe two. The study that comesclosestto the present one in in-

tent is that by Ward and Dranove (1995), who treat pharmaceuticalinnovation as a 
o w of

information through three stages:government-funded basicresearch, publication in medical

journals, and industry-funded drug development. Their measureof government funding is

the budget of the NIH, broken down into �v e categoriesbasedon the constituent institutes

of the NIH. For industry R&D, they use the annual survey of the PharmaceuticalManu-

facturers' Association (PMA, sincerenamedPharmaceuticalResearch and Manufacturersof

America, i.e., PhRMA), which reports industry R&D expenditures broken down into seven

therapeutic classescorresponding to �v e-digit StandardIndustrial Classi�cation (SIC) codes.

Ward and Dranove report results of regressionsof the logarithms of industry R&D expendi-

tures on the logarithms of NIH expenditures (lagged0-7 years) for the �v e PMA/PhRMA

categorieswhich canbe linked to NIH institutes. A 1%increasein own-categoryNIH spend-
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ing correspondsto a cumulative increasein PMA/PhRMA spendingof 0.57-0.76%over seven

years. Fiveof the seven lag coe�cien ts arepositive, and only the sixth-order lag is signi�cant

at the 5% level.

In this study, we use an updated version of the samedata for industry R&D, but

a much more detailed set of data for government-sponsoredR&D. Since we have data

at the project level rather than the NIH institute level, we are able to �nely categorize

projects and allocate them more preciselyto the corresponding industry R&D therapeutic

categories.This alsoallowsus to includeprojects in thosetherapeutic categories(respiratory

and dermatological) that do not have corresponding NIH institutes. While far from perfect,

these data also avoid the problem of classifying funding in the \wrong" category when

a project is funded in the \wrong" institute, as might happen for political or budgetary

reasons,or when a research program has subcomponents that cut acrosscategories.2 In

addition, we adjust expenditures to constant dollars using the Biomedical Research and

Development Price Index (BRDPI), a price index speci�cally designedfor biomedicalR&D

inputs, whereaspreviousstudiesadjust expenditureseither using the GDP de
ator or, more

commonly, not at all.3 We �nd morenegative regressioncoe�cien ts on federalR&D, mostly

in the lagsof the fourth order and lower, and thesenegative coe�cien ts aremorepronounced

for BRDPI-adjusted data than for current-dollar data. We interpret the negative coe�cien ts

in lower-orderlagsand positive coe�cien ts in higher-orderlagsasa substitution in the short

run but complementarit y in the long run. This is consistent with a model in which publicly-

sponsoredbasic research \crowds out" private basic research but stimulates private applied

research.

The plan of this paper is as follows. Section 2 discussesbasic issuesimportant to

2 Dranove mentions that he hasobserved this in his work with NIH committees(Ward and Dranove 1995,
p. 81n).

3 One of the few exceptions is Jensen's (1987) study of the relationship between �rm-lev el R&D ex-
penditures, �rm size, and research productivit y in the drug industry. She used an ad hoc index consisting
of a weighted average of the index of hourly labor compensation (49%) and the implicit de
ator in the
non-�nancial corporations sector (51%), as suggestedby S. Ja�e (1972).
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understanding the economicsof innovation. Section 3 reviews prior studies of innovation

in general, without speci�c referenceto the pharmaceuticalsindustry. Section 4 reviews

regulatory issuesin the drug-development processandprior studiesof the e�ects of regulation

on drug innovation. Section7 describesthe econometricmodel on which the analysisis based,

Section 6 describes the data used,Section 8 describes the results and their interpretation,

and Section9 concludes.

2 Basic Issues in the Economics of Inno vation

Technology is de�ned as the knowledgenecessaryto producegoods, and assuch constitutes

information. Information is traditionally viewed as a public good: once information (or

technology) is produced,perhapsat great cost, it can be transmitted to and usedby many

peopleand organizationsat relatively low marginal cost. In particular, unlike physical goods

or money, whentechnology is given by oneparty to another, the original party still possesses

it, and his or her abilit y to usethe technology to producegoods is not reducedby virtue of

having transmitted the technology.

While abilit y to make useof technology is una�ected by transmissionof information,

abilit y to pro�t from the technology may be greatly reduced. Indeed, an individual or �rm

may go to great lengthsand expend substantial resourcesin research to producetechnology,

only to �nd that it can no longer pro�t from the technology once others copy it. With-

out somemeansof protecting rights to information, there would be no way to pro�t from

producing information, thus very little would be produced.

Oneof the main incentiv esfor research in the private sectoris the existenceof patent

systems,which grant to innovators monopoly rights to their discoveriesfor substantial (but

limited) periods of time. Of course,the main problem with patents is that they are ex post

ine�cien t, due to monopoly pricing. On the other hand, eliminating patents might well be
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even worse: in exchangefor eliminating deadweight lossdue to monopoly, we might alsogive

up much of the gains,sincethe lack of ex ante pro�t opportunit y would result in fewer new

technologies.In short, we might eliminate the possibility of deadweight lossin somemarkets

by eliminating thosemarkets | and all their remaining surplus | in their entiret y.

There have beenmany attempts to balancethe countervailing forcesacting in favor

of and against patent protection. There is an extensive literature on optimal patent length

and scope, most of which �nds solutions that would be di�cult to implement in practice

due to the heterogeneity of new technologiesand ex ante uncertainty as to their value. For

example,Nordhaus(1969) notes that, \In generalit is not possibleto determine the exact

value of the optimal [patent] life without knowing the parameters" such as elasticities of

demand and invention productivit y and the social discount rate. More recently, Wright

(1999)notesthat, \[the] optimal patent designmay be broad and short-lived or narrow and

in�nitely-liv eddependingon the market structure assumedand the propertiesof the demand

function." Sincetheseproperties are di�eren t for every product and not usually known in

advance,it is virtually impossibleto usethese�ndings as a basisfor policy.

There have alsobeenattempts to stimulate innovation without any patent protection

by giving prizes for successfulinnovations known in advance to be useful to society (see

Sobel (1995) for an intriguing example and ?) for a theoretical model), or by providing

government subsidies,in the form of either tax credits or direct grants, to innovators. The

idea is that the government will pay the costs of innovation, the results of which will be

available to everyone at marginal cost. While this solves the problem of ex post monopoly

ine�ciency , it introducesother problems, the most seriousof which are how to determine

what typesof research the government shouldsubsidizeandhow subsidiesshouldbeallocated

amongpotential researchers. This type of systemmay be particularly useful in caseswhere

a speci�c innovation is desired,and in casesin which the innovation is a pure-information

public (i.e., non-appropriable) good. Even in this case, if prizes are available for some
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speci�ed innovations and patents available more generally, the results may not be what one

would expect, sinceinnovators will chooseto work on projects with prizesor projects with

patents, whichever they believe will be more pro�table in the long run.

In addition, many governments provide someform of subsidydirectly to private �rms

that conduct R&D. This can take the form of direct cashsubsidiesto favored businesses,as

in the caseof the U.S.Small BusinessInnovation Research Program(SBIR), or favored�elds

of innovation, asin the caseof the AdvancedTechnologyProgram (ATP) of the National In-

stitute of Standardsand Technology(NIST). It canalsotake the form of tax credits, such as

the Research and Experimentation (R&E) Tax Credit, which provides�rms with tax credits

for 6.5-13%of the amount by which a �rm's annual expenditure on certain R&D-related

items causesthe �rm's R&D-to-sales ratio to exceedthe averageratio in certain preceding

years.4 In the U.S., when research by for-pro�t �rms is subsidized,patent protection is gen-

erally still available, even in the caseof direct cashsubsidiesfor research. SeeTassey(1997)

for a comprehensive summary of current and recent U.S. government programsand Tassey

(1996) for a comparisonof the e�ects of tax incentiv eswith thoseof direct subsidies.

Furthermore, for numerous�elds in which innovative e�ort is thought to be under-

provided by the private sector | particularly in areasdesignatedas \basic" as opposedto

\applied" research | subsidiesare granted to academicand other not-for-pro�t researchers,

the results of which are to someextent publicly available at marginal cost. In most cases,

however, patent rights to derivative innovations may be available to the sameresearchers

who were given subsidies. This was not always the case;prior to 1980, there was no fed-

eral government-wide policy on derivative patent rights, and most funding agencieseither

retained rights to patents basedon discoveries by contractors and grantees or insisted on

receiving a shareof resulting revenue. The U.S. Patent and Trademark Amendments Act

4 Being a tax matter, of course,it is not quite that simple. For details, seeSections41 and 280C(c)(3) of
the Internal Revenue Code of 1986.
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of 1980(the \Ba yh-Dole Act") and subsequent amendments in 1984prohibited the federal

government from retaining such rights in most casesand explicitly permitted universities

the right to obtain patents basedon government-sponsoredresearch. The result wasa huge

increasein university patenting, documented and detailed by Henderson,Ja�e, and Tra-

jtenberg (1998), the economic-theoreticunderpinning of which has sincebeenexplainedby

Jensenand Thursby (2001). In �scal 1997,universities earnedover $446million in patent

royalties and wereawarded 2,239new patents (Basinger1999).

In addition to correcting the under-provision, another rationale for the policy of

providing government grants for basic research is the belief that more basic research not

only brings bene�ts of its own, but in addition stimulates private-sectorapplied research,

both of which produce economicgrowth. This rationale is often explicitly cited by policy

makers to justify government spending,5 and there is someempirical evidenceindicating

that government-funded scienti�c research is an important input into patentable applied

research.6

Of course,this policy is not without its costs either. With government funding of

basicresearch, the resultsof which are to be publicly available at marginal cost,7 the private

returns to basicresearch arereduced.Therearetwo reasonsfor this. First, if the government

is funding research and making the results available for free, there is little bene�t to a

5 For example,Rep. VernonEhlers, Ph.D. (R-MI), speakingon the House
o or on May 14, 1999,explicitly
invoked this rationale to advocate continued funding of basic research. After pointing out that he is the �rst
physicist ever electedto Congress,he cited the exampleof how the basicphysicsresearch aimed at measuring
the magnetic moment of the nucleuseventually lead to the development of the medical diagnostic tool known
asmagnetic resonanceimaging (MRI). He concluded,\Basic research drivesthe engineof medicine, it drives
the engineof our economy, and it is high time werecognizethat investing in basicscienceis a good investment
for the future, with a very good rate of return." He did not give any empirical estimatesof the rate of return.
(Ehlers 1999)

6 See,for example,Narin, Hamilton, and Olivastro (1997) and the discussionon page14.
7 Notwithstanding the provisions of the Bayh-Dole Act mentioned above, government research grants

generally result in publication of results. Bayh-Dole Act provisions have the e�ect of applying to inventions
derived from federal basic research, rather than basic research results themselves. For example, a math-
ematician with an National ScienceFoundation (NSF) grant for research on linear programming methods
would have to report his theorems and algorithms publicly, but the Bayh-Dole Act would permit him to
retain copyright and other rights to software implementing the algorithms. Likewise,a medical researcher
would have to report publicly on the nature of a diseaseprocessdiscovered using a federal grant, but would
be permitted to obtain a patent on a drug designedto block that diseaseprocess.
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private �rm's doing research in the same�eld that might produce similar results. Second,

and more important, sincegovernment-funded research is publicly available, there is little

opportunit y to appropriate the resultsof any research in that particular �eld, either by means

of secrecyor patents, sincea private �rm's research might well be replicated by publicly-

subsidizedresearchers working in the same �eld. Thus, the overall incentiv es to private

�rms for conducting basic research are substantially reduced. Government expenditures

undertaken to increasethe total quantit y of basic research (and thereby stimulate private

applied research) might in fact \crowd out" private basic research. This would, in turn,

reducethe stimulatory e�ect on applied research. Indeed, if the crowd-out e�ect is strong

enough,or if inappropriabilit y of basic research extends far enough, it might even be the

casethat increasedgovernment basic research decreasesprivate applied research.

The ideahereis asfollows: supposea government-subsidized\basic" researcher makes

a newdiscovery about a disease,which is likely to beusefulfor developinga drug to treat that

disease.The discovery is published,and it is commonknowledgethat by incurring a positive

cost, any of several �rms could do the research to develop a drug basedon this discovery.

It might be that a monopolist in this type of treatment could recover the cost and make

a pro�t, but if two or more �rms incur the cost, develop the drug, and compete, none will

recover their costs. In a sort of reverseprisoners' dilemma, the equilibrium outcomemight

be that no �rm developsthe drug. (This outcomewould not bea Nashequilibrium.) In most

cases,however, there will be enoughuncertainty in the rate and likelihood of successfully

developing the drug that this situation will not occur.

On the other hand, in caseswherethe the goal is well-de�ned and the probability of

successis su�cien tly high, socially wasteful \patent races" may occur. That is, many �rms

may engagein research attempting to meetthe sametechnical goalor consumerneed.This is

potentially wasteful to the extent that they duplicate each other's production of knowledge

and also partly to the extent that they �nd di�eren t solutions to the sameproblem. If

12



patent protections are su�cien tly narrow, both �rms may be able to sell their products as

monopolists in narrow sectors. In a related vein, Davidson and Segerstrom(1998) present

an endogenousgrowth model in which \imitativ e R&D" | that is, R&D by �rms for the

purposeof producingequivalent goodswithout infringing existing patents | actually retards

economicgrowth, even as non-imitativ e R&D leadsto faster growth.

The questionof whether government sponsorshipof basic research crowds out (sub-

stitutes) or stimulates (complements) private basic and applied research must be answered

empirically. There have beensurprisingly few attempts to do so, despite the fact that the

federalgovernment hasbeenfunding scienti�c research for over half a century, and that the

issuehasbeendiscussedby policy makers for even longer. This paper presents oneattempt

to addressthis question.

3 Prior Studies of Research and Inno vation

3.1 Basic Science and Pro duct Inno vation

According to Kealey (1995), the �rst in
uen tial person to advocate government funding

of sciencewas Francis Bacon (1561-1626). Kealey also claims that Bacon was the �rst to

proposea \linear" model of technologicalprogress,starting with (government-funded) basic

research producing pure scienti�c knowledge,which in turn becomesan input into applied

research to producetechnology and eventually economicgrowth.

In the United States,there was little public support of pure scienceuntil after World

War I I. In 1945,Vannevar Bush, who had headedthe wartime O�ce of Scienti�c Research

and Development, proposedan extensive program of government-sponsoredresearch (Bush

1945; reprinted 1960by NSF), which was eventually implemented with the establishment

of the National ScienceFoundation in 1950. By 1953, federal funding of basic sciencehad
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overtaken private funding (Kealey 1995).

The importance of technological innovation to economic progresshas been well-

establishedamongeconomistsfor decades.Nelson(1959)�rst raisedthe issueof the econom-

ically optimal level of basic research. Arrow (1962) applied the classicreasonsfor market

failure | \indivisibilities, inappropriabilit y, and uncertainty" | to explain why we should

expect under-provision of research, particularly basic research.

Nevertheless,the linkage between basic scienceand technological improvement has

been di�cult to establish empirically. First, there are \spillo ver" studies that attempt to

link research institutions, such as universitiesor government laboratories, to �rms that are

geographicallynearby and that appear to bene�t from having the scientists nearby (Ja�e,

Trajtenberg, and Henderson1993)or that can be shown to have somesort of link through

which information 
o ws. For example, Adams, Chiang, and Jensen(2000) study the Co-

operative Research and Development Agreements (CRADAs) betweennational laboratories

and private �rms, formal agreements one goal of which is the economicexploitation by the

�rm of knowledgedeveloped at the lab. Ja�e, Fogarty, and Banks (1998)measurespillovers

by examining patents issuedto federal labs and measuringtheir impact by the number of

citations of thosepatents in other patents issuedto private inventors.

Second,there are studies that link patents to basic sciencebasedon the scienti�c

articles cited on patent applications. The main legal requirements for a patent are (1) the

innovation must be new, (2) it must not be \obvious" to someoneskilled in the relevant

�eld, and (3) it must be potentially useful.8 To establish that an innovation meets these

requirements, applicants often refer to previouspatents and/or scienti�c publications in the

relevant �eld. In addition, asa patent examinerstudiesthe patent application and previous

work in the �eld to determine whether the proposedinnovation is \novel," \non-obvious"

8 The basic requirements are set forth in Title 35, United States Code, Part I I, Chapter 10. The patent
examiners in the U.S. Patent and Trademark O�ce have considerable latitude to exercise judgment in
deciding whether a proposedpatent meets the requirements.
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and \useful," he or sheoften adds relevant referencesto both patents and other literature.

If a patent is granted, these referencesare listed on the front page of the o�cial patent

document and are often usedin bibliometric studies.

In a study basedon citations of publishedscienti�c articles in U.S.patent applications,

Narin and Olivastro (1992)found that the averagenumber of sciencearticlescited morethan

tripled from 1975to 1989, from an averagelessof than one-third of a citation per patent

in 1975to more than one citation per patent in 1989. Pharmaceuticalpatents cited more

sciencearticles than did patents in any other �eld, averaging 4.5 articles per patent. In

a subsequent study, Narin, Hamilton, and Olivastro (1997) found that a signi�cant and

increasingfraction of patents cite government-funded scienti�c research, including research

conducted at both government and academiclaboratories. For example, of all scienti�c

papers cited in U.S. patent applications in 1993-1994,73% were authored at academicor

government institutions, and a substantial majorit y of the academicpapers acknowledged

a government funding source. Taking this a step further, Deng, Lev, and Narin (1999) use

several measuresof a �rm's \patent portfolio" to try to predict the �rm's stock performance.

They �nd that, within industries, the averagenumber of \non-patent references"(generally

presumedto be scienti�c articles) listed on the �rst pageof the �rm's patents was strongly

associated with the �rm's stock performance.9

There are, of course,someproblemswith bibliometric studiesbasedon patent cita-

tions. For one thing, it is not clear what a patent citation means. Patent applications are

drafted to meet legal requirements and designedto increasethe probability of successand

perhapsthe scope of the granted patent. Applications are often drafted by patent special-

ists (specialized\patent attorneys" and licensed\patent agents") rather than by inventors.

The goal of the application in generaland the citations in particular is to show how the

9 They alsofound that stock performanceis strongly associated with an index of how frequently the �rm's
patents are cited in later patents (the \paten t impact"), and weakly associated with the number of patents
received and the median ageof patents cited (the \technology cycle time"). Thesefactors are important but
outside the scope of the present study.
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proposedinvention is di�er ent from previouswork in the area(\prior art"), not to show how

the proposedinvention is derived from prior art. Furthermore, citations are often addedby

the patent examiner (in addition to the applicant) in the courseof his or her research to

determinewhether the proposedinnovation is \novel." In this case,the cited work is likely

completely irrelevant to the inventor's development process,rather than being an input into

it; the inventor may even have beenunawareof the prior work cited. Meyer (2000)addresses

many of theseissuesby interviewing patent attorneys,examiners,and inventors, and includes

detailed casestudiesof ten particular patents. In �v e of the ten casesstudied, the inventors

interviewed reported that, while scienti�c research was important for background informa-

tion about the subject, in only oneof ten caseswasa citation on the patent an antecedent to

the innovation patented. In many cases,the inventors wereunfamiliar with articles and even

authors in citations added by patent examiners; in other casesthe connectionwas rather

that the sameinventor was active in both academicpublishing and industrial research, and

his own paperswerecited in the application.

Indeed, allowing publication of internal research can itself be pro�table for �rms

for two main reasons. First, in order to make use of basic scienti�c research produced by

university and publicly-funded researchers, industrial researchersmust maintain active links

with academicand government researchers. Such relationshipsareoften easierto maintain if

the �rm allows publication, sincethere are opportunities for coauthoredresearch (Cockburn

and Henderson1998; Kealey 1995) and other forms of non-monetary exchange. Second,

many scientists prefer having the opportunit y to publish in the scienti�c literature; Stern

(1999) �nds that �rms that allow publication can command an averagewage discount of

about 25%in the scienti�c labor market.

Furthermore, science-based�rms often have closerelationshipswith academicscien-

tists, and �rms often provide funding for academicresearch in areasof interest to the �rm

or hire academicscientists asconsultants. Blumenthal et al. (1996) surveyed over 200�rms
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in the life sciencesand found that almost 90%of such �rms hire academicson a consulting

basis,almost 60%sponsoracademicresearch projects directly, and over a third support stu-

dents with grants, fellowships, or scholarships. Most pharmaceutical �rms conduct clinical

trials through academichospitals, but only 2% of �rms in the samplesponsor no research

other than clinical trials. All told, Blumenthal et al. estimate that �rms provided about

$1.5 billion, or about 11.7%,of the funds supporting academicresearch in the life sciences

in 1994. Furthermore, they estimate that �rm returns (measuredby patent counts, product

counts, or sales)per dollar investedin academicresearch are similar to returns on research

conductedelsewhere.It is thereforelikely that, consistent with traditional economictheory,

�rm-sp onsoredacademicresearch and �rm-conducted research are about equally productive

at the margin, and �rms have chosena pro�t-maximizing level of sponsorshipof academic

research. The authors also conclude,since the dollar amount of �rm-sp onsoredacademic

research is much lessthan the dollar amount of government-sponsoredresearch, that indus-

try could not make up the di�erence in the caseof federal cutbacks. However, there is no

evidencegiven for this except the levels of funding themselves. On the contrary, it is possi-

ble that if government-sponsoredresearch projects are infra-marginal from the point of view

of industry, then industry might well �nd it worthwhile to make up the entire amount. A

rational casefor government funding must be madeon the basisof the public-good nature of

research, excessive risk aversion,or someother economicfactor, rather than simply a desire

to maintain the current, possiblyarbitrary, level of funding.

David, Hall, and Toole (2000) speci�cally addressthe question of complementarit y

and substitution. They survey 30previousstudiesof the question,of which 21 found at least

someevidenceof complementarit y, seven found at least someevidenceof substitutabilit y,

but sevenof which found mixed or insigni�cant results. Still, of the 30studies,only �v edealt

with government research grants (as opposedto direct-to-�rm contracts or subsidies). Of

these,four found complementarit y and onehad mixed results. All of thesearecross-industry
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or cross-country studies;nonedeal speci�cally with biomedicalresearch or pharmaceuticals.

David and Hall (1999) construct a theoretical model of interaction between public

and private R&D which predicts that whenever the supply of inputs to the R&D processis

lessthan in�nitely elastic (which is probably always true in the short run), increasedpublic

spending on R&D, whether through grants, contracts, or subsidies,must necessarilyraise

pricesand \crowd out" private R&D spending| unlessthe public spendinghasstimulatory

e�ects that increasethe demand for private R&D inputs by enoughto compensate. This

is consistent with Goolsbee's(1998) �nding that a large portion of federal R&D spending

accruesto increasedsalariesfor scientists and engineersrather than to more research.

3.2 Direct Subsidies of R&D

Most previouswork relatedto the e�ect of government R&D spendingfocuses,not on govern-

ment research programsas such, but rather on the e�ect of government research contracts,

R&D subsidies,or tax credits awarded to for-pro�t �rms.

Joglekar and Hamburg (1983,1986)point out that the overall shareof basicresearch

performedby private industry has fallen substantially during a period when the amount of

government-funded basic research has been increasing. Therefore, e�ectiv enessof govern-

ment spending in stimulating private spending appearsto be limited at best. That is, the

elasticity of private research spendingwith respect to government basicresearch spending is

certainly lessthan one. It may even be lessthan zero(which would indicate crowding-out),

but we cannot concludethis merely from the fact that private research constitutes a smaller

shareof a larger total. Joglekar and Hamburg (1983) construct a theoretical model of an

industry with many risk-averse�rms that divide their resourcesbetweenappropriable (\ap-

plied") and inappropriable (\basic") research. They �nd that the unaided level of private

basic research is socially suboptimal, but government provision of additional basic research
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spending is counterproductive in the sensethat it causes�rms to reducetheir spending on

basic research and increasespending on (appropriable) applied research. They �nd that if

the government providesmatching funds for basicresearch, the �rms do spendmoreon basic

research, but only slightly more. Joglekar and Hamburg (1986)also�nd, consistent with the

\free-rider" problem associated with basicresearch, that deviation from the optimal level of

basic research increaseswith the number of �rms in the industry. Furthermore, they �nd

that, contrary to intuition, increasing�rms' risk aversion brings the industry closer to the

socially optimal level of basic research (thus decreasingthe needfor government support).

Levin and Reiss(1984) used National ScienceFoundation (NSF) data on R&D in

twenty manufacturing industries in three Censusof Manufacturessurvey years(1963,1967,

and 1972)to estimateboth the e�ect of the ratio of government R&D to salesin an industry

on the private R&D-to-salesratio and the elasticity of unit costwith respect to a �rm's R&D

expenditures. They �nd that an increasein the government-R&D-to-sales ratio is associated

with a small increasein the private-R&D-to-salesratio in the sameyearand a small decrease

in the elasticity of unit cost in the sameyear. In their data, \government R&D" includesnot

only government grants and subsidies,but alsoR&D doneby private �rms undergovernment

contract, in which R&D is essentially a good purchasedby the government or an essential

input to such a good. Also, sincethey usedata available only at three �v e-year intervals,

they do not include any lagged e�ects at all. This is an important issue, since it is not

unreasonableto expect that R&D expenditures in one year might not have an e�ect until

several yearsinto the future.

Mans�eld and Switzer (1984)surveyed \senior R and D o�cials" of twenty-�v e �rms

in the eastern United States and asked them how they would respond to a reduction in

the amount of government R&D funding going to their �rms. Speci�cally, the o�cials were

asked to estimate the changein their �rm's company-�nanced energy-relatedR&D in each

of two yearsfollowing a hypothetical 10%reduction and a hypothetical 10%increasein their
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�rm's receipts of energy-relatedgovernment R&D funding. Not surprisingly, the o�cials

reported an averagedecreasein their own R&D following a decreasein federal funding (of

25 cents per $1.00of federalcut) and an increasein company-�nanced R&D in the event of

an increasein federal funding (of 6 cents per $1.00of federal increase).

Leyden and Link (1991) consider the question of crowding-out to be a closedone.

They title their article, \Wh y are governmental R&D and private R&D complements?"

and proceedto develop a theoretical model to explain the complementarit y through some-

thing called \infratechnology" which \is usedto facilitate the R&D process. . . [It] may be

embodied in such things as structures usedfor R&D activities, equipment, or pre-existing

knowledgeusedto understand,characterize,or interpret the R&D process." In other words,

\infratechnology" is used to produce technology; the products of government-funded and

privately-funded R&D are complements in production in the sensethat \infratechnology"

usedfor onecan then be usedfor the other.

Irwin and Klenow (1996a,1996b)examinein somedetail an exampleof a U.S. gov-

ernment programspeci�cally designedto usepublic funds to increasethe level of R&D above

the (presumably suboptimal) equilibrium level and reduceduplication of research e�ort in

a speci�c industry. In 1987,fourteen U.S. semiconductor�rms and the federal government

formed an R&D consortium calledSematech, to conduct research to improve semiconductor

manufacturing technology. The idea was for the government to fund half the cost of the

consortium to increasethe level of R&D funding, and for �rms to share their knowledge

with each other in order to reduce wasteful duplication of e�ort. The authors �nd that

under this regime,member �rms did in fact reducetheir total R&D expenditures(including

contributions to the consortium) relative to thoseof non-member semiconductor�rms, con-

sistent with the hypothesis that �rms can sharecosts that would otherwise be duplicated

across�rms. Although three �rms left the consortium at various times, the fact that the

remaining �rms continued to fund Sematech after the U.S. government ended its subsidy
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in 1996 indicates that elimination of cost-duplication was believed su�cien t to justify the

consortium even without subsidization.

Wallsten(2000)investigatesthe e�ects of the U.S.SmallBusinessInnovation Research

Program (SBIR) program. The SBIR program is intended to fund research by small �rms

that may facecapital constraints that render them unable to exploit socially and privately

pro�table research opportunities, and thereby to increasetotal R&D e�ort by small �rms.

Wallsten �nds that there is a positivecorrelation betweenSBIR grants and �rm employment,

but his model cannot determinewhether �rms that receive grants have more researchersor

whether �rms that have more researchers receive more grants. Furthermore, he �nds that

both the number and magnitudeof SBIR grants arenegatively correlatedwith �rm-�nanced

R&D. In a regressionwith �rm-�nanced R&D expenditures as the dependent variable, his

estimateof the coe�cien t of SBIR research dollars is -0.82,indicating nearly dollar-for-dollar

crowding out of private expendituresby government grants. In fact, he �nds that we cannot

reject the hypothesisthat the true coe�cien t is -1.00,that is, that SBIR grants \crowd out"

�rm R&D expendituresdollar-for-dollar.

Gans and Stern (2000) also investigate the e�ects of the SBIR program. They �nd

that the performanceof projects funded by SBIR is highest in industries that also have

the highest level of venture capital �nancing. This may indicate that the SBIR program

is probably funding infra-marginal projects, perhapsbecauseprogram administrators have

incentiv esto fund projects that appear likely to producesuccessfulinnovations and therefore

fund projects that also happen to have higher expectedprivate returns. Theseprojects, of

course,are thosemost likely to be able to attract funding from the private sector,precisely

becausethey have higher expected private returns. Thus, the incentiv es faced by SBIR

programadministrators have the e�ect of minimizing the actual impact of the SBIR program

on R&D expenditures,sincethey inducefunding decisionsthat selectively crowd out, rather

than complement, private investment.
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On a more optimistic (for proponents of R&D subsidies,that is) note, Lach (2000)

studies the e�ects of an R&D matching-fund subsidy program in Israel and reports that

a marginal dollar of government R&D funding increasesprivate R&D expenditures by an

averageof 41cents. While this is lessthan half the \one-for-one" matching that is the nominal

requirement of the subsidyprogram, at least the subsidydoesappear to complement rather

than crowd out private funding.

3.3 Governmen t Research Gran ts

The studies cited above generally concentrate on e�ects of direct subsidiesto �rms or, in

somecases,R&D conductedby �rms undercontract to the federalgovernment. In this paper,

the primary concern is how private research is a�ected by research conducted directly by

government agenciesor fundedby the government and conductedby non-pro�t organizations

such as universities. There are far fewer previousstudieson this topic.

Levy and Terleckyj (1983) examinee�ects of both aggregatefederal contract R&D

spending and aggregatefederalbasic research grants through organizationssuch as the Na-

tional ScienceFoundation and the National Institutes of Health on the levels of aggregate

privately-funded R&D. They �nd that while contract spending hasa large and statistically

signi�cant complementarit y with privately-funded R&D (increasingcontract R&D by $1.00

increasesprivate R&D by 27cents), the e�ect of grant R&D on private R&D hasa regression

coe�cien t that is negative, small and statistically insigni�cant, indicating a lack of comple-

mentarit y and possibly a small substitutabilit y. While their data doesnot allow for precise

estimation of the lag structure, they did �nd a small positive e�ect of grant R&D after a lag

of three years.

Diamond (1999)�nds a positive relationship betweenaggregatefederalbasicresearch

spendingand aggregateprivate R&D spending in all subject areasreported by the National
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ScienceFoundation; however, he usesonly �rst di�erences, does not control for any other

variables,and (sincethe unit of observation is research in a subject area) doesnot consider

that di�eren t levelsof funding may lead to di�eren t outcomesin di�eren t �elds of research.

In oneof the few empirical attempts to measurethe e�ects of the government funding

on R&D markets, Goolsbee(1998) pointed out that about two-thirds of R&D expenditures

go to wagesfor scientists and engineers. Becauseof the long training period required to

enter the research labor market, he notesthat the supply of research scientists and engineers

is rather inelastic, so increasesin government R&D spending will increasethe salariesof

the researchers. This meansthat observed increasesin expenditures re
ect an increasenot

only in the quantit y but also in the price of innovation. Using wagedata from the Current

Population Survey, Goolsbee estimates that a 10% increasein R&D spending results in

about a 3% increasein income for researchers. Depending on the distribution of federal

subsidiesamongscienti�c �elds, asmuch as30-50%of federalR&D spendingmay accrueto

increasedsalariesfor scientists and engineersrather than to a higher quantit y of research.

In addition, sinceprivately- and publicly-funded researchers are hired in the samemarket,

federalresearch spendingincreasesthe price of R&D for private �rms, thusdirectly crowding

out private R&D.

4 Research and Regulation in the Drug Industry

Research in the biomedicaland pharmaceutical�elds di�ers from research in other �elds in

several important ways,First, pharmaceuticalinnovation in the U.S.is subject not only to the

regulationsof the patent system,but alsoto the much moredetailedandstringent regulations

of the Food and Drug Administration (FDA). In order to implement their regulations,

the FDA collects a lot of scienti�c data, which becomepublic once a drug is approved.

Furthermore, biomedical research is one of the few �elds in which private and government
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R&D expenditures are both large and of approximately the sameorder of magnitude, and

the government component consistsalmost exclusively of grants to researchersat non-pro�t

institutions (such as universities), as opposedto contract research or research aimed at a

product of which the government will bea consumer,asis the case,for example,in aerospace

and other defense-relatedindustries.10

4.1 Regulation of Drug Research in the U.S.

Prior to 1962,drug development was regulated by the FDA according to the Food, Drug,

and Cosmetic Act of 1938.11 A �rm wishing to market a new drug would submit a New

Drug Application (NDA) to the FDA. The FDA had a statutory maximum of 180 days to

evaluate the application and determinewhether the application demonstratedthat the drug

was safefor useaccordingto the proposedlabeling. If the FDA did not act to block a new

drug within 180days of application, the �rm could market the drug. The only requirement

was to demonstrate that, if usedas directed, the drug would not harm the patient; there

was no requirement to prove to the satisfaction of the FDA that the drug was e�ectiv e for

treating any particular ailment.12

In 1962 out of concernsregarding wasteful duplication of research e�ort, possible

collusion in violation of antitrust laws, and, �nally , the approval of thalidomide in Europe

and Canada,13 Congresspassedthe 1962Kefauver-Harris Amendments, which thoroughly

10 The R&E tax credit, described above (page10), can be applied to corporate pharmaceutical R&D with
the usual limitations. There is also a more advantageouscredit for so-called\Orphan Drugs" described in
Section 4.3 (p. 31) below.

11 This discussionis primarily basedon Peltzman (1973) and Grabowski, Vernon, and Thomas (1978).
12 This is still, more or less, the requirement for nutritional supplements. Companies may market nu-

tritional supplements without proving e�cacy as long as they do not claim in their marketing that the
supplements actually \treat, cure or prevent any disease." Still, Dranove (1998) has noted that even the
requirement to prove safety, if too strictly enforced,can lead to an underinvestment in R&D of preventativ e
medicine,sinceit increasesthe liabilit y risk and decreasesthe return involved in treating healthy individuals.

13 The role of thalidomide in the passageof the \pro of-of-e�cacy" requirement is somewhat ironic. As
Peltzman (1973) points out, the FDA did block intro duction of thalidomide into the U.S. under the existing
\pro of-of-safety" requirement. This would have made the \pro of-of-e�cacy" requirement irrelevant, even
though thalidomide was e�ectiv e for some of its intended uses. Even more ironically, the story has now
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overhauledthe 1938Act and greatly increasedthe role of the FDA. The time limit for FDA

approval was removed, and manufacturers would thenceforth be required not only to prove

their new products safefor use,but alsoto prove that new drugs weree�ectiv e in providing

treatment for the diseasesfor which they were marketed, accordingto a testing procedure

that itself had to be approved in advanceby the FDA.

New drug development is now a thoroughly sequential process,which makesit partic-

ularly amenableto study.14 A pharmaceutical�rm will often develop and screenthousands

of compounds in search of one with desiredbiochemical properties, for example,one that

inhibits a chemical processcritical to somedisease. When a particular compound shows

promise, it is tested for biochemical e�cacy and possibletoxicit y �rst in vitro and then in

animals. Generally a patent is applied for at this stage,so the �rm can establishexclusive

rights to the compound. Next, the �rms �les an InvestigationalNewDrug Application (IND)

with the FDA. Unlessthe FDA acts to block the IND within 30 days, the �rm may begin

human (clinical) testing.

Clinical trials are generallydivided into three phases.15 During PhaseI, the drug is

usually tested in a small number of healthy individuals (without the target disease)in order

to determine safedosing levels, measureabsorption rates, and rule out toxicit y and severe

sidee�ects. PhaseI may last only a few weeksbut is critical to rule out toxicit y in humans

(Wiggins 1981a).The FDA may stop a PhaseI trial at any time for reasonsof safety (Center

comefull circle: The FDA approved thalidomide in July 1998for treatment of erythema nodosum leprosum
(leprosy), and promulgated extremely strict regulations governing its distribution, intended to make sure the
drug is not taken by pregnant women.

14 The drug development process, particularly once the FDA Approval process is started, is well-
documented in numeroussources,particularly The CDER Handbook published by the FDA Center for Drug
Evaluation and Research. The FDA also maintains a web page with information on how to �le applica-
tions, at http://www.fda.gov/cder/regulatory/applications/default.htm . There is also an excellent
summary of the processin DiMasi, Hansen,Grabowski, and Lasagna(1991).

15 Actually , there is alsoa PhaseVI, \p ost-marketing surveillance." After a drug is approved by the FDA,
the manufacturer is required both to track \adv erse drug reactions" (ADRs) and to report them to the
FDA. Occasionally, the FDA will force a �rm to withdraw a drug from the market if ADRs are too frequent
and/or too severe. Sometimes,the decision to withdraw a previously approved drug may be in
uenced by
the subsequent approval of a drug that is equally (or more) e�ectiv e but has fewer or lesssevere known side
e�ects or reported ADRs.
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for Drug Evaluation and Research, (1998), p. 8).

During PhaseII, the drug is tested for e�cacy and short-term sidee�ects in several

hundred patients with the target disease.Thesetestscan run several yearsand cost millions

of dollars (Wiggins 1981a;DiMasi et al. 1991). If PhaseII is successful,the drug enters

PhaseII I, in which it is tested in a large number of patients (generally a few thousand) to

obtain more detailed e�cacy results, to determinethe frequencyand severity of sidee�ects,

and in particular to detect more unusual side e�ects that would not likely be detected in

the smaller samplesusedfor PhasesI and II. Concurrent with PhasesI I and II I, the �rm

generally conducts long-term animal toxicit y tests at several times the equivalent human

dosageto rule out sidee�ects that might occur asa result of long-term useof the drug. This

is obviously particularly important for drugs intended to treat chronic illnesses.

After the completion of PhaseII I, the company �les a New Drug Application (NDA)

with the FDA, formally requestingapproval to market the drug for a particular use. The

FDA then either requestsmore tests or approves or denies the application. If the FDA

decidesto approve the application, there is generallyan extensive negotiation betweenthe

�rm and the FDA over the precisecontent and wording of the packaging, the \lab el" (i.e.,

the information sheetinsertedinto the box that the drug is sold in), and the information that

the company will provide to physiciansand patients when marketing the drug. Every single

pieceof information and every health claim madein the courseof marketing the drug must

be approved in advanceby the FDA. Furthermore, if the �rm wishesto market the drug for

another \indication" (i.e., another usefor the drug, e.g.,to treat a di�eren t disease),it must

submit a new NDA. While it is perfectly legal for a physician to prescribe an approved drug

for any use,the manufacturer may market the drug only for the FDA-approved use.
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4.2 E�ects of the 1962 Drug Amendmen ts

Needlessto say, the post-1962drug approval processturned out to be extremely costly

both in time and money. DiMasi, Hansen,Grabowski, and Lasagna(1991) surveyed twelve

U.S.-owned pharmaceutical �rms and estimated that the entire processtook an average

of 68.6 months from the beginning of PhaseI clinical testing to submissionof the NDA,

and a total 98.9 months until approval of the NDA. That is, a typical drug spends over

eight yearsin the testing-and-approval process,including over two and a half yearswaiting

for FDA approval after testing is complete. In addition, DiMasi et al. estimate that the

discounted present value of the expected cost to drug companiesof the entire testing-and-

approval processis over $17.3billion (constant 1987dollars16). Note that this is the cost of

the clinical testing and regulatory processonly, and doesnot include the costsof R&D to

develop the compound in the �rst place| and it is the averagecost per drug approved, not

per drug tested, consideringan estimate that only 23%of drugs that enter human trials are

eventually approved. In fact, Dranove (1991) conjecturesthat, including both direct costs

incurred by drug companiesand the costs of basic research performed at universities and

funded by the government, the \full cost" of developing a new drug is probably double the

estimate of DiMasi et al., which includesonly direct costs.

There is no disputing that the costsof bringing a drug to market are high, and in-

creasedsigni�cantly after the passageof the 1962Amendments. Basedon only the �rst seven

yearsof post-Amendments data, Baily (1972)estimatedthat the expected(steady-state)an-

nual development costshad increasedby 136%,and the number of new drug introductions

had decreasedto about a third of its previouslevel. His �gures correspond to an increaseof

over 500%in the cost per new drug.

In a much moredetailed study, Peltzman (1973) found that the increasedcompliance

16 Constant dollars according to the GDP implicit price de
ator, not the BRDPI usedfor calculations in
this paper.
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costswere associated with a signi�cant reduction in the rate of innovation, as measuredby

new drug introductions. For example, in the twelve years ending in 1962, there were an

averageof 41.5 new chemical entities (NCEs)17 introduced per year, and that number was

trending slightly upwards. In the eight years after 1963, the averagewas 16.1 NCEs per

year, and trending downwards. This may not necessarilybe a bad thing | recall that the

purposeof the amendments was to prevent ine�ectiv e drugs from reaching the market, so

we would expect that the number of drugs reaching the market would drop. The questionis

whether there is any evidencethat the reduction is causedby the elimination of ine�ectiv e

drugs, rather than by the increasedcostof bringing e�ectiv e drugs to market. Peltzman also

demonstratesthat there is no signi�cant di�erence in the demandfor drugsbasedon whether

they are introduced before or after 1962, either for individual buyers or for (presumably

better-informed) hospital buyers; in fact, hospitals even increasetheir demandfor pre-1962

drugs as those drugs stay on the market longer and more information about their e�cacy

becomesavailable. This seemsto imply that average e�cacy of drugs did not increase

after the proof-of-e�cacy requirement was imposed. Even with generousassumptionsused

to calculate the social savings from reducing wasteful spending on ine�ectiv e drugs, the

foregonebene�ts due to reducedinnovation are several times higher than an upper bound

on wasteavoided.

Grabowski, Vernon, and Thomas (1978) also try to measurethe e�ect of the 1962

Amendments on the rate of new drug introductions, but instead of comparing the periods

beforeand after 1962,they comparedrug introductions in the U.S. in 1960-1974to thosein

the U.K. in the sameperiod. The reasonfor this is to allow for the possibility that perhaps

someother factor besidesthe 1962regulations was responsible for the decline in U.S. drug

introductions, one that might have similarly a�ected U.K. drug introductions. The authors

17 \New chemical entities" (NCEs) are chemical compounds being intro duced for the �rst time as drugs.
There areother newdrug intro ductions (i.e., NDA approvals), including combinations of existing compounds,
and existing compounds approved for treating additional diseases.
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mention several possiblealternativeexplanations,including a \depletion of research opportu-

nities" due to rapid drug development in the recent past, the thalidomide episode's possible

e�ect on the public's demandfor new drugs and �rms' willingnessto supply in the faceof

liabilit y risk, and non-regulatory reasonsfor higher development costs. The authors do not

mention any reasonthey have to believe that any of thesefactorssuddenlyappearedin 1962,

though they seemto believe thesefactors might explain the suddendrop in U.S. drug intro-

ductions the following year. Their data, however, show that U.S. drug introductions slowed

considerably relative to U.K. introductions, a fact which they concludecan be explained

only by a changein the U.S. regulatory regime. This explanation is further supported by

the existenceof strong complementarities in production of drugs in both countries.

Wiggins (1981b)movesbeyond the 1962Amendments to try to examinethe e�ects of

regulation on drug innovation in a moregeneralway. He notesthat the FDA hassix di�eren t

divisions,each of which evaluatesdrugs in di�eren t therapeutic categories,and the divisions

have di�eren t standardsfor judging e�cacy . Thus, it would be reasonableto expect that we

could �nd measuresof \regulatory stringency" that would show di�eren t e�ects for di�eren t

typesof drugs. For each therapeutic category, he usesthe averageNDA approval time as a

\regulatory stringency" variable. He then combinesthis with data from the Pharmaceutical

Manufacturers' Association (PMA, sincerenamedPharmaceutical Research and Manufac-

turers of America, i.e., PhRMA) on R&D expenditure by therapeutic category. There is,

of course,not a perfect correspondencebetweenthe PMA/PhRMA categories(which corre-

spond to �v e-digit SIC codes) and the FDA drug divisions, but FDA data are available at

the level of individual drugs and PMA/PhRMA data are not. Wiggins sorts the drugs into

PMA/PhRMA categoriesand relies on their being roughly correlated with FDA divisions.

He then estimatesthe number of NCEs per categoryper year as a function of laggedR&D

expenditure and laggedregulatory stringency in that category. He �nds that a reduction in

averagedelay time (and other stringenciesassociated with delay time) of six months would
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result in the long run in the introduction of about oneadditional drug per therapeutic class

per year. Furthermore, his �ndings are robust to the speci�cation of the lag structure, and

the sixth lag of regulatory stringencyand the �fth lag of �rm R&D expenditures fully char-

acterize the lag structure. In fact, his �nal estimatesare basedonly on these particular

laggedvalues.

In a subsequent paper, Wiggins (1983)estimatesthe impact of regulatory stringency

on �rm R&D expenditures. Hepoints out that sincethe 1962Amendments hadan immediate

negative e�ect on drug approvals, onemight expect them to have had an immediatenegative

e�ect on �rms' research expenditures as well. He �nds, however, that the e�ect on R&D

expenditureswasexperiencedover several years,and he attributes this to the di�cult y �rms

facedin predicting how the FDA would implement the newlegislation. For example,prior to

1962a �rm might have relied on the judgment of a panelof \expert" physiciansto determine

whether a drug was su�cien tly e�ectiv e to market. When the amendments were passed,

there was no way to anticipate that the FDA would not merely examinethe testimony of

the applicant �rm's experts or appoint their own panel of experts to provide independent

testimony. The elaborate clinical testing procedurethe FDA adopted to determinee�cacy

was not necessarilyforeseeable.Furthermore, it was clearly impossibleto tell how strict

the FDA would be in evaluating claims of e�cacy , regardlessof what procedurethey used

for evaluation. Wiggins estimatesa regressionequation for research expenditures basedon

current salesand laggedregulatory stringency. He usesa Chow test to reject the hypothesis

that the coe�cien ts for regulatory stringencyarethe samefor both the 1960sand 1970s;then

he estimateseach set of coe�cien ts separately. He �nds that the coe�cien ts for regulatory

stringency are both small and insigni�cant for the 1960s(i.e., the �rst seven years post-

Amendments), but large, signi�cant, and negative for lags two through �v e in the 1970s.

In particular, he �nds that a one-month increasein averagedelay in NDA approval for a

therapeutic category inducesno reduction in R&D expenditures in the following year but
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doesinducea reduction of $486,000in the secondyear,$733,000in the third year,and soon,

for a total reduction of over $2.6million by the �fth year (standard error of $0.47million).

It is estimated that eliminating the increasein regulatory stringency from pre-1962levels

would increasetotal R&D expendituresby 24%from its actual level.

Thomas (1990) �nds that almost all the reduction in NCE introductions after 1962

is accounted for by elimination of small �rms from the new drug market. This is attributed

to the increasein the cost of obtaining NDA approval. Although U.S. �rms su�ered a severe

productivit y reduction, elimination of competition from small �rms allowed surviving �rms

to increaseprices, and possibly even pro�ts, above what they would have been otherwise

able to achieve.

4.3 The Orphan Drug Act of 1983

There have beensomesigni�cant changesto drug regulationssince1962,though nothing on

the scaleof the Kefauver-Harris Amendments. One of the problemswith the high cost of

bringing drugs to market is the often insu�cien t incentiv e to invest in research to cure rare

diseases,sinceit would be di�cult to recover the cost of such research by selling a drug to

only a few people. One attempt to mitigate this problem is the Orphan Drug Act (ODA),

which becamelaw in 1983.18 This act de�nes asan \orphan drug" any drug intendedto treat

a diseasethat a�icts fewer than 200,000personsin the U.S., or that otherwisea�icts sofew

people that expected U.S. saleswill not cover expected R&D costs. The FDA designates

drugs asmeeting theserequirements upon application from a �rm that wisheseventually to

introducethe drug.

The ODA provides two major incentiv es for development of orphan drugs. First, it

establishesa seven-yearperiod of exclusivemarketing of the designateddrug for the \orphan"

18 This discussionis primarily basedon Reaves(1995).
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indication, independent of the patent status of the drug. This increasesthe likelihood that

a �rm will �nd it pro�table to �le an NDA for an additional \indication" (i.e., an additional

use) of an already-existing compound even if the compound is in the public domain or

there is little time left until the patent expires.19 The marketing exclusivity pertains to a

particular substancefor a particular use| that is, if a drug designatedan \orphan drug"

is later approved for use, the manufacturer will have the exclusive right to market that

particular drug for the particular approved indication for seven years, even if that period

extends beyond the expiration date of the �rm's patent on that drug or if the drug was

in the public domain (i.e., not patentable) to start with. Second,the ODA provides �rms

developing orphan drugs with a 50%tax credit for expensesincurred for clinical trials after

a drug receives the orphan drug designation. Since �rms generally apply for and receive

orphan drug status near the beginningof PhaseI, this amounts to the federalgovernment's

paying a substantial portion of the cost of clinical trials. Firms may alsoapply to the FDA

for grants from a limited budget to conduct clinical trials for already-designatedorphan

drugs.

Reaves (1995) reports that in the decadeprior to enactment of the ODA, only ten

drugs that would have quali�ed as orphan drugs under ODA were approved for marketing

by the FDA. In the �rst decadeafter ODA, over 400 substancesreceived the orphan drug

designation,and over 100 designatedorphan drugs were approved. Reaves also �nds that

smaller �rms weremore likely to increaseorphan drug e�orts than large �rms.

19 If a �rm has received an \orphan drug designation" for a substance, it is illegal for other �rms to
market that substancefor that speci�c use. In other words, if a �rm �nds that aspirin or table salt cures
somerare disease,it can �le an NDA. If approved, the �rm cannot prevent others from selling aspirin or
table salt, but it can prevent them from advertising that their aspirin or table salt curesthe rare diseasefor
the seven-year \exclusive marketing" period. In addition, the sameor a di�eren t �rm may apply for orphan
drug designation and the exclusive marketing that goes with it for the samesubstanceto treat a di�eren t
disease,not to mention a di�eren t drug to treat the samedisease.Originally , the ODA applied only to these
non-patentable drugs; in 1985it was amendedto apply to patented drugs as well.
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4.4 The 1984 Waxman-Hatc h Act

One of the main drawbacks of the 1962Amendments was the increasein the length of time

from development of a new drug to its introduction to the marketplaceafter FDA approval.

This is a drawback from two points of view. On the \demand" side,consumersare deprived

of potentially useful drugs for an extendedperiods, as noted by Peltzman (1973). On the

\supply" side, this reducesthe incentiv e for innovation, as producers are deprived of a

signi�cant amount of patent protection. Firms apply for patents after the compound is �rst

synthesizedbut before beginning clinical (or even animal) trials. When patents are valid

for a �xed term of 17 years,20 adding time to the FDA review processreducesthe period

of exclusive marketing by an equal amount. This in turn reducesthe e�ectiv e length of the

patent and thus the value of the innovation to the producer. According to Grabowski and

Vernon (1986), the averagee�ectiv e patent term for new drugs in 1984was about half the

statutory term of 17 years. A decadelater, Ward and Dranove (1995) reported that the

delay betweenpatent to NDA approval in their samplerangesfrom four to twelve years.

A countervailing problem is that oncethe patent expires, in principle anyone ought

to be able to make and sell the drug. (These post-patent drugs made by di�eren t �rms

are called \generic" drugs.) Indeed, the implied contract of the patent systemis the grant

of a limited-time monopoly in exchangefor full disclosureof the innovation to enablelow-

cost imitation after the monopoly expires. However, unlike the information contained in

patents, evidenceof safety and e�cacy submitted in support of an NDA is, under the 1962

Amendments, considereda trade secretand may not be legally revealedby the FDA to the

public. Furthermore, since approval of an NDA is approval for a speci�c �rm to market

a speci�c drug, the samechemical compound marketed by a di�eren t �rm is, for purposes

20 This is the casefor all patents granted between 1861 and 1995. In 1995, to meet the requirements of
the GeneralAgreement on Tari�s and Trade (GATT), Congresschangedthe patent term from 17 yearsfrom
the date of issuanceto 20 years from the date of �ling (i.e., application). In 1999, Congressprovided for
adjustments to the expiration date to compensateinventors for delays in the application procedure.
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of regulation, a di�eren t drug. The result is that, not only would a subsequent producer

have to submit a new NDA, but that producerwould have to duplicate the testing, possibly

including the entire clinical trials process(if the results had not beenpublished) in order to

establishthe safety and e�cacy of drug chemically identical to one already on the market.

This replication is clearly socially wasteful, both in time and resources.

The secondmajor change since 1962 was the Drug Price Competition and Patent

Term RestorationAct of 1984,alsoknown asthe Waxman-Hatch Act, which addressedboth

theseissues.First, the Act increasedthe e�ectiv epatent life of approveddrugsby an amount

equal to the time spent by the FDA in reviewing the application plus half the time spent

in clinical trials, up to a maximum of �v e yearsbeyond the normal patent expiration date

and a maximum of 14 yearsof e�ectiv e patent life.21 Second,the Act eliminated the need

for duplicate testing by requiring imitators (after patent expiration) to prove only that a

\generic" drug was bioequivalent to the previously approved drug. Grabowski and Vernon

(1986,1996)found that most brand-namedrugslost half to two-thirds of their market within

two years of patent expiration and estimated that, while the Act substantially increased

patent protection and loweredpost-patent entry barriers, the net e�ect on the Net Present

Value (NPV) of innovators was about even, with consumersbene�ting from lower prices

resulting from the introduction of more genericdrugs.

4.5 Biomedical Research: Governmen t Gran ts and Priv ate R&D

Despite the obvious importance of research to the pharmaceutical industry, the signi�cant

roles of both the federal government and private �rms in conducting this research and the

abundant treatment of research issuesin generaland of the pharmaceuticalindustry in par-

ticular, it is surprising how little work has been done on the interaction between federal

21 Note that the maximum \guaranteed" e�ectiv e patent life is lessthan the statutory patent term.
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and private research in this �eld. Fewer of thesestudiesaddressthe main issuein this pa-

per: whether publicly-funded research stimulates (complements) or crowds out (substitutes)

private research.22

Lichtenberg (1999a)examinesfederalbiomedicalresearch grants at the project level.

His is one of the few studies that do not take government funding to be exogenous;on the

contrary, the goal of the study is to predict government funding as a function of disease

prevalenceand severity. He �nds that federal expenditures on research related to speci�c

diseasesis strongly positively correlated with the total number of life-years lost to those

diseasesbefore age 65, and federal expenditures on research related to chronic conditions

is strongly positively correlated with the number of peoplewhoseactivities are limited by

thoseconditions.

Cockburn and Henderson(forthcoming) survey a number of studies of the e�ects

of public research on the pharmaceutical industry. They delineateseveral plausible routes

by which publicly funded basic medical research can help drug companiesand increasethe

productivit y of the pharmaceutical industry. They concludethat the overall rate of return

from public funding of biomedical research is very high, perhapsas high as 30%. This not

out of line with other estimates,though it is lower than estimatesderived by Murphy and

Topel (1999).

Carre�on-Rodr��guez (1998) applies distributed-lag regressionsto estimate the e�ect

of total expenditures of the NIH on total expenditures of U.S. drug companiesas reported

by PhRMA. Using no other variables and only aggregatespending �gures, he �nds that

22 It is worth noting that pharmaceutical and biotech executives and their trade groups generally view
public funding of biomedical research as a good thing, and Pharmaceutical Research and Manufacturers of
America (PhRMA) actively lobbies for more of it (Pien 1999; Mullen 2000; PhRMA 2000). This would
seemto imply that it is implicitly a subsidy of costs that would otherwise have to be incurred by drug and
biotech �rms. However, such a subsidy is potentially consistent with either substitution or complementarit y.
If publicly-funded research reducesthe needfor the private sector to do its own basic research, then public
research will crowd out private research, and we will observe substitution. On the other hand, if public
funding of basic research provides new opportunities for applied research, then public research will stimulate
private research and we will observe complementarit y. To further complicate matters, it is possiblefor both
e�ects to occur simultaneously.
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coe�cien ts are signi�cant at the 5% level up to the 14th -order lag for the raw data, the

12th -order lag for the de-trendedseries,and the fourth-order lag for the �rst di�erences.

The study that comesclosest in intent to the present one is Ward and Dranove

(1995). They treat pharmaceuticalinnovation asa 
o w of information through three stages:

government-funded basicresearch, publication in medicaljournals, and industry-funded drug

development. Their measureof government funding is the budget of the NIH, broken down

into �v e categoriesbasedon the constituent institutes of the NIH. For publication, the

measureis the number of articles listed in the MEDLINE databasethat referencedrug

therapy and can be categorizedby disease.For industry R&D, they usethe annual survey

of the Pharmaceutical Manufacturers' Association (PMA) (since renamedPharmaceutical

Research and Manufacturers of America, i.e., PhRMA), which reports industry R&D ex-

pendituresbroken down into seven therapeutic classescorresponding to �v e-digit SIC codes.

This is the samedata set usedby Wiggins (1981b) and by the present author (though, of

course,more recent papers usemore recent data). Ward and Dranove �nd that NIH fund-

ing for a diseasecategory is a positive predictor of medical publication in that category

with near-unit elasticity: the estimated total e�ect of a 1% increasein NIH funding is a

0.95%increasein publications in the samecategory. In turn, industry R&D expenditures

respond strongly to the number of journal articles; a 1% increasein articles corresponds to

a 0.22-0.36%increasein expenditures in the samecategory. In addition, and more relevant

to our interest here, Ward and Dranove report results of regressionsof the logarithms of

industry R&D expenditures on the logarithms of NIH expenditures (lagged 0-7 years) for

the �v e PMA/PhRMA categoriesthat can be linked to NIH institutes. A 1% increasein

own-categoryNIH spending corresponds to a cumulative increasein PMA/PhRMA spend-

ing of 0.57-0.76%over seven years. Five of the seven lag coe�cien ts are positive, but only

the sixth-order lag is signi�cant at the 5% level. When logarithms of NIH expenditures on

other categoriesare included (also lagged0-7 years), nine of the sixteen lag coe�cien ts are
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signi�cant at the 10%level or better, and coe�cien ts on four of the coe�cien ts are negative

(lags 2 and 3 of NIH own-category expenditures and lags 1 and 6 of NIH other-category

expenditures).

5 From Research to Mark etplace

Although the empirical resultsdiscussedin Section8 show that therearecorrelationsbetween

private-sectorand laggedgovernment biomedical R&D expenditures, it would be useful to

have a better picture of the pathway through which government-funded research might lead

to private R&D spendingand eventually to introduction of newproducts. In this chapter, we

will review someexisting qualitativ e studies linking public research spending to the private

R&D process,as well as present as a casestudy the discovery of the cyclooxygenase-2

(\CO X-2") enzymeand the subsequent development of COX-2 inhibitors for the treatment

of rheumatoid arthritis and other in
ammatory and COX-2-mediateddiseases.

5.1 Previous Studies

It is well establishedthat private-sectorscience-based�rms sponsor academicresearch, in-

cluding basic research in areasof interest to the �rm. Blumenthal et al. (1996) surveyed

over 200 �rms in the life sciencesand found that almost 90% of such �rms hire academics

on a consulting basis,almost 60% sponsor academicresearch projects directly, and over a

third support students with grants, fellowships,or scholarships. In the caseof pharmaceuti-

cal �rms, someof this support includesclinical trials conductedby researchers in academic

hospitalson behalfof those�rms, but 98%of such �rms in the samplesponsorother research

as well. Blumenthal et al. estimate that �rms provided about $1.5 billion, or about 11.7%

of the funds supporting academicresearch in the life sciencesin 1994.
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As noted earlier, there are several studiesthat link patents to basicsciencebasedon

the scienti�c articles cited on patent applications. For example,Narin and Olivastro (1992)

found that pharmaceutical patents cited more sciencearticles than patents in any other

�eld, averaging4.5 articles per patent. In a subsequent study, Narin, Hamilton, and Olivas-

tro (1997) found that a signi�cant and increasingfraction of patents cite government-funded

scienti�c research, including research conductedat both government and academiclaborato-

ries. For example,of all scienti�c paperscited in U.S. patent applications in 1993-1994,73%

wereauthoredat academicor government institutions, and a substantial majorit y of the aca-

demic papers acknowledgeda government funding source. More recently, McMillan, Narin,

and Deeds(2000) found that the connectionbetweenpublic scienceand the biotechnology

industry was even stronger than for the traditional pharmaceuticalindustry.23

Although \basic science"projects are, by de�nition, undertaken without a speci�c

commercial product in mind, sponsorsof basic research often have as a general goal the

development of speci�c types of knowledgeand possibly speci�c social and economicout-

comes.Managersof government agenciesoften have speci�c guidelines,missionstatements,

and goals,not to mention incentiv esto demonstratethat their programsare worthwhile and

should be funded in the future.

This seemsto have beenthe motivation for a study doneby the sta� of the NIH itself,

entitled \NIH Contributions to PharmaceuticalDevelopment: Casestudy analysisof the top-

sellingdrugs" (National Institutes of Health 2000). This report points out that NIH funding

plays a signi�cant role in the training of biomedicalscientists who later work in industry (as

well asin academia),sinceresearch grants areoften usedby professorsto fund the tuition and

23 The distinction between the biotechnology industry and the pharmaceutical industry is arbitrary and
imprecise. Firms regardedas\biotech �rms" are typically small, new �rms pursuing cutting-edge treatments,
often with genetically-engineereddrugs. Firms regardedas \traditional" pharmaceutical �rms are typically
large, older, and pursue treatments basedon biochemically-derived drugs. Somepeopledistinguish between
the two basedon research techniques,but many �rms useboth techniques. Someprefer to distinguish based
on �rm size,but there are large biotech �rms (Amgen) and small pharmaceutical �rms (Purdue Pharma LP).
One of the more commonpractices is to distinguish basedon the molecular weight of the �rm's product. Of
course,some�rms produce products with both high and low molecular weights.
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stipendsof graduatestudents who aretheir research assistants. It then goeson to summarize

the major events in the development of the \top �v e" drugs,asmeasuredby worldwide sales

in 1994. The �v e drugsare: Vasotec(for treatment of hypertension),Capoten (for treatment

of hypertension), Zovirax (an antiviral agent), Prozac (an antidepressant), and Zantac (an

anti-ulcer drug). In each case, early discoveries were made predominantly by academic

researchers (who are mostly but not exclusively government-funded) and later discoveries

were made predominantly by industry researchers. This pattern is again re
ected in the

development of COX-2 inhibitors.

5.2 Dev elopmen t of COX-2 Inhibitors

In this section,we will trace the development of an important new classof drugs developed

over a decadeor so and introduced to the market in 1999,with an emphasison reviewing

the sourcesof funding for critical piecesof research. These drugs represent a major ad-

vance in the treatment of rheumatoid arthritis and other in
ammatory ailments, as they

reducepain and fever as well as in
ammation, and may also reducethe likelihood of colo-

rectal cancer. Essentially , thesedrugs have almost all the therapeutic e�ects of traditional

\non-steroidal anti-in
ammatory drugs" (NSAIDs) such asaspirin, ibuprofen,naproxen,and

indomethacin, but with out the gastrointestinal side e�ects often experiencedby long-term

usersof traditional NSAIDs.24

The term \non-steroidal anti-in
ammatory drugs" refers to a long-establishedclass

of medicationsthat reducein
ammation, pain, and fever. The term \non-steroidal" distin-

guishesthesedrugs from anti-in
ammatory corticosteroids,which are much more powerful

anti-in
ammatory agents but have much moreserioussidee�ects. CommonNSAIDs include

aspirin and related salicylates,ibuprofen (sold, for exampleunder trade namessuch asAdvil

24 In addition to speci�c referencescited herein, this section is basedon Simmons,Wagner, and Westover
(2000), Vaneand Botting (1998), DeWitt (1999) and conversationswith Mr. SumeetSud, formerly of Merck
& Co. and Mr. Reuben Ehrlich, formerly of G. D. Searle& Co.
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and Motrin), naproxen (sold as Naprelan and Aleve), and indomethacin (sold as Indocin).

SomecommonNSAIDs and COX-2 inhibitors are illustrated in Figure 1.

This classof drugs has beenwell-known for centuries. The �rst published \clinical

trial" of an NSAID wasin 1763,whenRev. Edward Stonereada report to the Royal Society

on the use of willow bark extract to treat fever (Stone 1763). In the nineteenth century,

it was discovered that the active ingredient in willow bark was salicylic acid, which was

chemically synthesized in 1860 and subsequently commercializedas a treatment for fever

and rheumatism (Vane and Botting 1998). Salicylic acid was e�ectiv e, but had the side

e�ect of upsetting the stomach and causingulcers. In 1898, believing that the acidity of

the compound was responsible for its ulcerative e�ect, Felix Ho�man of Bayer synthesized

a compound in which the \acid" portion of the moleculewasreplacedwith an acetyl group.

This compound,acetylsalicylate,wasintroducedby Bayer in 1899asaspirin (Dreser1899). It

turned out to have the sameulcerative sidee�ects assalicylic acid, though to a substantially

lesserdegree.

By the 1960s,several new drugswith similar therapeutic e�ects had beendiscovered,

including indomethacin, ibuprofen, and naproxen. However, despite the fact that these

kinds of drugshad beenin usefor over two centuries, and not only had the sametherapeutic

e�ects but alsothe samesidee�ects, the mechanismby which thesedrugs worked remained

unknown until 1971, when the British researchers John R. Vane, J. B. Smith, and A. L.

Willis discoveredthat aspirin and other NSAIDs block prostaglandinsynthesisby inhibiting

the enzymeCyclooxygenase(COX), also known as Prostaglandin G/H Synthase (PGHS)

(Vane1971;Smith and Willis 1971),a discovery for which Vanesharedthe 1982Nobel Prize

in Medicine and was knighted in 1984.25

The initial discovery took placewhenVane,Smith, and Willis wereall in the Depart-

25 Vane's paper and Smith and Willis' paper appeared back-to-back in the journal Nature New Biology.
They were, respectively, the fourth and twentieth most-cited 1971 papers in the Institute for Scienti�c
Information's Science Citation Index (Gar�eld 1973).
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Figure 1: Chemical diagramsof important COX inhibitors and related drugs. Rofecoxib and Cele-
coxib are selective COX-2 inhibitors developed by Merck and Searle, respectively. Indomethacin,
Ibuprofen, and Diclofenac are common non-selective COX inhibitors, known as Non-Steroidal
Anti-In
amatory Drugs (NSAIDs). Acetominophen has minimal anti-in
ammatory properties, but
is otherwise clinically similar to NSAIDs. Aspirin was the �rst large-scalecommercially-produced
NSAID.

Graphic from Figure 1 of Simmons, Daniel L; Wagner, David; and Westover, Kenneth,
\Nonsteroidal Anti-In
ammatory Drugs, Acetaminophen, Cyclooxygenase2, and Fever," Clinical
Infectious Disease 31(Suppl 5):S211{8 (2000). ( c
 2000 by the Infectious DiseasesSociety of
America. All rights reserved. Published by The University of ChicagoPress. Usedwith permission.)
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ment of Pharmacologyat the Royal Collegeof Surgeonsof England. Their work wasfunded

by the MedicalResearch Council, and British Government organizationroughly equivalent to

the National Institutes of Health in the U.S. Vanealsoreceived funding from The Wellcome

Trust, a private charitable foundation.26 In 1973,shortly after making the critical discovery

and in the midst of further work to re�ne the understanding of the relevant mechanisms,

Vane left the Royal Collegeof Surgeonsand, taking a core group of colleagueswith him,

becameGroup Research and Development Director at The WellcomeFoundation,27 where

he continuedhis work in the private sector. It wasat Wellcome,for example,that he and his

group discovered prostacyclin, a prostaglandin produced in the walls of blood vesselsthat

acts as a vasodilator and inhibits platelet aggregation. In 1986,Sir John left Wellcomeand

formed the William Harvey Research Institute, which is part of St Bartholomew'sSchool of

Medicine of the University of London. The University is funded by the British government,

and the Institute also takeson contract research from clients through its a�liate, William

Harvey Research Limited.

Vane'sdiscovery helped explain why the samedrugs both reducein
ammation and

upsetthe gastro-intestinal system,sinceprostaglandinsynthesisis involvedin both processes.

However, it gave no basisfor �nding a drug that would have the therapeutic e�ects without

the adverseside e�ects. This research \log-jam" was not broken for almost two decades,

until three university labs independently | and approximately simultaneously| discovered

that there are actually two forms of cyclooxygenase(DeWitt 1999). The previously-known

(\constitutiv e") form is involved in the workings of the digestive tract, and is now known as

26 According to the Trust's web page, at http://www.wellcome.ac.uk/en/1/awt.html , it is \an inde-
pendent research-funding charit y, establishedunder the will of Sir Henry Wellcomein 1936. . . funded from
a private endowment." The Trust appears to have been, at the time of Vane's work, the sole shareholder
in The WellcomeFoundation, the successorcorporation to the company founded by Henry Wellcome. The
Trust diversi�ed its holdings in the 1980sand 1990s,eventually selling the company to Glaxo to form Glaxo
Wellcome, which merged with SmithKline Beecham in 2000 to becomeGlaxoSmithKline. The Wellcome
Trust claims to have no continuing special relationship with that or any other pharmaceutical company.

27 Despite its name, The Wellcome Foundation was a private pharmaceutical company | the corporate
successorto Burroughs Wellcome & Co. | not a charitable \foundation." The \foundation" bearing the
founder's name was and is known as The WellcomeTrust (seeabove).

42



cyclooxygenase-1,or COX-1. The second,(\inducible") form is involved in the in
ammatory

process,and is known as cyclooxygenase-2,or COX-2.28

The three labs that discoveredwhat is now known asCOX-2 wereall university labs

fundedby U.S. government grants and private foundations. The �rst group, led by Daniel L.

Simmonsof Brigham Young University, discovered a genethat producedCOX-2 in murine

�broblasts (Xie et al. 1991). This work was funded by grant from the National Institutes of

Health (NIH Grant CA42580)and a grant from the Bireley Foundation. (Simmonsactually

made the initial breakthrough while a post-doctoral fellow at Harvard, supported �rst by

an NIH fellowship and subsequently by a fellowship from the Leukemia Society of America

(Simmonset al. 1989).)

The secondgroup, led by ProfessorDonald A. Young at the University of Rochester,

was funded by two NIH Grants (DK16177 and CA47650)and the team included M. Kerry

O'Banion, a recipient of a cancer research fellowship from the J. P. Wilmot Foundation,

and Virginia Winn, a medicalstudent at the University of Rochester(O'Banion et al. 1991;

O'Banion et al. 1992). The University of Rochester applied for and was granted a patent

on this discovery, which has becomethe basisfor a lawsuit against the maker of the COX-

2 inhibitor drug Celebrex. The university's patent speci�cally states that the work was

conductedwith government support, lists one of the grant numbers, and states that, \The

government hascertain rights in the invention." 29

28 Recently , someresearchers has speculated that there may be a third form of cyclooxygenase,which has
role in producing fever, and Simmon's group at BYU has isolated a third form. See,for example, Botting
(2000), Simmonset al. (1999), and Willoughby et al. (2000) and ?).

29

The initial application for this patent was �led in 1992. This initial application and four subsequent
applications were abandonedand replaced, with the �nal application being submitted June 7, 1995. This
wasprior to the grant dates,but after the �ling dates,of the patents Searleand Merck received for Celebrex
and Vioxx, respectively (seepage 44). The Rochester patent (number 6,048,850)was �nally approved on
April 11, 2000 | over a year after Celebrex was intro duced the the market, and almost a year after Vioxx
was intro duced. The Celebrex and Vioxx patents claim only the invention of speci�c drugs; the Rochester
patent claims to cover the conceptof selectively inhibiting COX-2. Within hours of receiving the patent, the
University of Rochester �led a patent infringement suit against both Searle,which developed Celebrex and
P�zer, which was marketing it, claiming that the Celebrexpatents were invalid and that Celebrex infringed
the University of Rochester's patent on COX-2 inhibition. A federal court invalidated the patent, and as of
this writing (Nov. 2003), the appeal is still pending. In an amicus brief in support of Rochester, two other
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The third group, led by ProfessorHarvey R. Herschman at the University of Califor-

nia, Los Angeles,wasfunded by a Department of Energy research contract (DE FC03 87ER

60615)and three separateNIH grants: a traditional research grant to ProfessorHerschman

(GM24797), an \NIH Health Physician Scientist Award" to Dean A. Kujubu, and an NIH

predoctoral \T raining Grant" to Brian C. Varnum, who received his Ph.D. in 1989and went

on to usehis NIH-funded training in an industry job at Amgen, a biotechnology �rm and

member of PhRMA (Kujubu et al. 1991).

After thesediscoveriesweremade,at least �v e major pharmaceutical�rms | Merck

& Co., G. D. Searle& Co., Bristol-Myers Squibb, Novartis, and Johnson & Johnson |

beganprivately-fundede�orts to developdrugsthat would selectively inhibit COX-2 without

a�ecting the bene�cial activit y of COX-1. By 1994,both G. D. Searle& Co. and Merck &

Co. had started to �le for patents to protect compoundsthat werecandidatedrugs.

Searle'sdrug, now known as celecoxib (or by its brand nameCelebrex), is protected

by U.S. Patents 5,563,165(issuedOctober 8, 1996),5,466,823(issuedNovember 14, 1995),

and 5,760,068(issued June 2, 1998), and was introduced to the research community by

(Penning et al. 1997). The drug was approved by the FDA on December 31, 1998,and is

currently marketed by P�zer under an agreement with Pharmacia,which acquiredSearlein

2000.

Merck's drug, now known asrofecoxib (or by its brand nameVioxx), wasapprovedless

than six months later on May 20, 1999. It is protected by U.S. Patents 5,474,995(December

12, 1995)and 5,691,374(November 25, 1997)and wasintroducedto the research community

by (Prasit and Riendeau 1997). The Merck Vioxx team later published an explanation

of their research process(Prasit et al. 1999), which described the designof the rofecoxib

molecule as a derivative of DuP 697 (see below), with changesaimed at improving oral

universities claimed that \without basic research from the universities, the private sector will be unable to
develop pharmaceutical compounds for the public."
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absorption while preservingCOX-2 selectivity, especially as comparedwith indomethacin.

Ironically, it turns out that beforeCOX-2 was discovered, two other companieshad

NSAIDs already in development, which are now known to be selective COX-2 inhibitors

(DeWitt 1999). E. I. du Pont de Nemours & Co. had a compound known as DuP 697,

which the developers noted was e�ectiv e against in
ammation but produced no intestinal

or gastric ulcers in animal studies (Gans et al. 1990). Likewise,Taisho Pharmaceuticals

Co. in Japan developed a compound known as NS-398, which they claimed was potent

againstin
ammation, pain, and fever, but produced\minimal stomach lesions"(Futaki et al.

1993). For somereason,development of both thesecompoundswas discontinued, although

the structure of DuP 697 becamethe starting point for the development of celecoxib and

rofecoxib, which wereeventually brought to market.

The funding of major stepsin the development of COX-2 inhibitors, as indicated by

landmark publications, is summarizedin Table 1.

Despitethe many valid criticismsof the so-called\linear model," in which government-

fundedbasicresearch leadsto privately-fundedappliedresearch andprivately-fundedproduct

development, the linear model more or lessdescribeswhat actually happenedin the caseof

COX-2 inhibitors. COX-2 and its role in in
ammation was discovered in academiclabora-

tories funded by government grants and private foundations; as soon as the results became

public, private �rms funded further research, followed by development of products that took

advantage of the publicly-funded research.

It should be noted that the successof the linear model in this casedoes not carry

an unambiguous public-policy message.On the one hand, it might be argued that in this

casepublic funding led to important products that will vastly improve public health, and

thus created a net social bene�t. However, it would be just as valid to argue that since

private �rms make substantial pro�ts from theseproducts despitepaying only a portion of
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Year Author(s), A�liation Type Organization(s) Summary & Publication

1971
John R. Vane
Royal Collegeof Surgeons

Govt./
Fndn.

Medical Research Council,
WellcomeTrust

NSAIDs work by inhibiting COX.

Nature New Biology 231:232{235

1971
J. B. Smith & A. L. Willis
Royal Collegeof Surgeons

Govt. Medical Research Council
Aspirin inhibits COX.

Nature New Biology 231:235{237

1989
Simmons,et al.
Harvard University

Govt./
Fndn.

Natl. Institutes of Health,
American Business
Cancer Res. Foundation

Discovery of a secondCOX-producing
geneinduced in chicken �broblasts.

Proc. Natl. Acad. Sci. USA 86:1178{1182

1990 Gans, et al.
DuPont Pharm. R&D Div.

Corp. E.I. du Pont
de Nemours & Co.

Powerful NSAID with no GI lesions
(Predecessorto Vioxx and Celebrex)

Journal of Pharmacology and Experimental
Therapeutics 254:180{187

1991
Kujubu, Herschman, et al.
University of California,
Los Angeles

Govt.
Natl. Institutes of Health,
U.S. Dept. of Energy

Discovery of a secondCOX-producing
geneinduced in murine �broblasts.

J. Biological Chemistry 266:12866{12872

1991
Xie, Simmons,et al.
Brigham Young University

Govt./
Fndn.

Natl. Institutes of Health,
Bireley Foundation

Breakthrough: Two forms of COX exist.

Proc. Natl. Acad. Sci. USA 88:2692{2696

1991-
1992

O'Banion, Young, et al.
University of Rochester

Govt./
Fndn.

Natl. Institutes of Health,
J.P. Wilmot Foundation

Breakthrough: Two forms of COX exist.

J. Biological Chemistry 266:23261{23267
Proc. Natl. Acad. Sci. USA 89:4888{4892

1997 Penning, et al.
G. D. Searle& Co.

Corp. G. D. Searle& Co.
Description of celecoxib (Celebrex)

J. Medicinal Chemistry 40:1347{1265

1997 Prasit, et al.
Merck & Co.

Corp. Merck & Co.
Description of rofecoxib (Vioxx)

Ann. Rep. Medicinal Chemistry 32:211{220

1998 Searle'sCelebrexapproved by FDA, Dec. 31, 1998

1999 Merck's Vioxx approved by FDA, May 20, 1999
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the development costs, public funding of the research that led to the discovery of COX-2

represents a signi�cant subsidy to the pharmaceuticalindustry.

In a high-risk endeavor such as medical research, wherehundredsor even thousands

of projects must be funded for every one that eventually producesa noticeable impact on

public health, it is impossibleto evaluate the systemof funding and pro�t incentiv essimply

by examining instancesof the relatively few research projects that are known ex post to

have led to successfulproducts. This is why statistical analysesof the e�ects of aggregate

spending is an essential line of inquiry.

6 Data

6.1 Drug Industry Research

Data on private-sectorresearch are collectedby PhRMA, an industry group whosemembers

include virtually all major U.S. �rms conducting pharmaceuticalresearch. PhRMA surveys

its membersannually30 and publishesdata on R&D spendingby therapeutic category. These

therapeutic categoriescorrespond to the �v e-digit SIC codesusedby the CensusBureau for

reporting drug shipments (sales)in the Current Industrial Reports for the pharmaceuticalin-

dustry. The relevant therapeutic categories,togetherwith private and federalR&D spending

and drug salesfor the most recent year available, are listed in Table 2.

30 Except 1984. Available data for 1984 include total budgeted R&D but not total actual R&D or
breakdown by therapeutic category. Apparently , PhRMA did not conduct the survey for 1984,and current
PhRMA sta� (as of early 2000) said they do not know why. In order to avoid losing too many degrees
of freedom in distributed-lag regressions,the 1984 values for each category are estimated here by linearly
interpolating the share of R&D devoted to that category based on the 1983 and 1985 shares and then
multiplying the estimated shareby the total budgeted R&D.
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Table 2: Therapeutic Categoriesfor reporting PharmaceuticalR&D and Sales

1996($mil)
SIC Description Private Federal Drug

Code R&D Grants Sales
28341 A�ecting neoplasms,endocrine system, and metabolic diseases 2,988.2 1,465.1 4,788.0
28342 Acting on the central nervous system and senseorgans 3,071.3 1,669.0 10,123.1
28343 Acting on the cardiovascular system 1,937.7 1,062.0 6,911.9
28344 Acting on the respiratory system 908.4 430.2 4,993.9
28345 Acting on the digestive or genito-urinary system 417.0 859.3 8,494.4
28346 Acting on the skin 203.8 163.5 2,184.8
28348 Acting on infective and parasitic diseases 1,959.9 972.1 7,304.1

Sources: Pharmaceutical Research and Manufacturers of America;
U.S. Department of Commerce, Bureau of the Census.

6.2 Governmen t-sp onsored Research

Data on publicly-funded biomedical research were obtained from the NIH, which has pub-

lished on CD-ROM project-level data on virtually every biomedicalresearch project funded

by the federalgovernment (through the U.S. Public Health Service)from 1972to 1996. This

database,calledCRISP (Computer Retrieval of Information on Scienti�c Projects), includes

both \in tramural" projects of government organizations,such asthe NIH and the FDA, and

\extram ural" projects, funded by grants to researchers at outside organizations,primarily

universities and teaching hospitals. The bulk of the funding (82% in �scal 1999) goes to

extramural projects.

Each record in the CRISP databasecorresponds to a single project during a single

�scal year. (Multi-y ear projects appear in the databaseseparately for each year.) Each

recordincludesthe grant number, principal investigator,project title, sometimesan abstract,

amount of funding for that �scal year, various other items, and a list of \thesaurus terms,"

someof which describe the diseaseor diseasesto which the particular project is related.

These \thesaurus terms" come from a controlled vocabulary organized in a hierarchical

structure (much like a library's subject index), in which lower-level entries correspond to
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more speci�c diseases.Using this \tree-structure" of diseases,31 the thesaurusterms can be

aggregatedinto thirt y-�v e \top-lev el" diseasecategories,and then those diseasecategories

can be further aggregatedinto the seven therapeutic categoriescorresponding to the seven

(�v e-digit) SIC codesusedby PhRMA to report private R&D and by the CensusBureau to

report drug shipments.

This aggregationprocessunfortunately cannot perfectly match research grants on

diseasesto SIC codes of drugs used to treat those diseases.The most obvious problem is

that the SIC codesare extremely broad-based,and it is often di�cult to determinewhich of

the detailed diseasecategoriesmatch which SIC therapeutic categories.However, the more

seriousproblem is that the SIC codeseach correspond, not to a classof diseases,but to a

particular organ system or diseaseprocesson which the drug acts (seeTable 2). In some

cases,a drug can act on one organ system to treat a diseasethat is primarily associated

with another organ system. For example,a grant for research on the e�ects of cholesterol

on heart diseasemight be classi�ed as\cardiovascular" research, sincethe research concerns

diseasesof the cardiovascular system. However, development and salesof a cholesterol-

reducing drug would be classi�ed in the \digestive" SIC category becausethe drug itself

\acts on the digestive system." PhRMA reports all private-sector data, including both

research expenditures and sales,using the SIC \drug acting on organ system" therapeutic

categories,and the CensusBureau reports saleson this basisas well.

After assigningeach thesaurusterm to a therapeutic category, each of the 1,137,498

projects funded between1972and 1996was assignedto oneor more therapeutic categories

31 This \tree-structure" was not publicly available from NIH until recently . While one could look up each
project and �nd the thesaurus terms assignedto it, the list of terms and the hierarchical structure used
by NIH to assign them was published only once, in book form in 1989. It was not published again, or in
machine-readableform at all, until 1997. In addition, many terms were changedfrom one year to the next,
but a year-by-year historical concordancewas never published. NIH did not releasethe concordanceand
the updated thesaurusuntil Prof. Frank Lichtenberg of Columbia University �led a Freedomof Information
Act request to obtain the thesaurus tree and the coding system usedto link terms which changedfrom one
year to the next. In 1997and 1998,NIH included a list of thesaurusterms on the CD-ROMs for thoseyears,
but not the coding systemor the historical concordance| and also did not include the funding levels. I am
grateful to Prof. Lichtenberg for providing me with the thesaurus he obtained, complete with the coding
system and the year-by-year historical concordance.
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basedon its thesaurusterms. Following Lichtenberg (1999a), the full funding level of each

project is counted in each category for which it has a thesaurusterm listed. Although this

results in multiple counting of research dollars, this is appropriate whenconsideringresearch

spending at the category level sincea project that impacts multiple therapeutic categories

will a�ect private research decisionsin all thosecategories.

6.3 Summary of Data

Figure 2 displays the level of public (\Gran ts") and private (\PhRMA") funding for each of

the seven therapeutic categoriesfor the period 1972-1996.Figure 3 shows log-changesfor

the samedata.

One problem with analyzing spending data covering such a long period of time is

that priceschange.Fortunately, there is a price index speci�cally tailored to pricesof inputs

to medical research. The Biomedical Research and Development Price Index (BRDPI),

developed by the Bureau of Economic Analysis (BEA) of the Department of Commerce

primarily for NIH budgeting purposes,measuresthe averageprice of all inputs (including

salariesof scientists) to biomedical research purchasedwith the NIH budget. Theseinputs

are likely to be similar to thosepurchasedfor anyoneperforming biomedicalresearch, sothis

price index is usedto adjust both public and private expenditure data to constant dollars.

The BRDPI, along with grants awarded in current and constant 1972dollars, is illustrated

in Figure 4.
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Figure 2: Federal Research Grants (\Gran ts") and Private R&D of
PhRMA members (\PhRMA"), by Therapeutic Category.
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7 Mo dels of Scienti�c Research

7.1 Mo dels of the Research Pro cess

The simplest | and surely the earliest | \mo del" of the scienti�c research processis the

so-called \linear model" proposed by Francis Bacon (1561-1626)and still the dominant

assumption in sciencepolicy discoursetoday. According this model, technology evolves

accordingto a simple three-stepprocess:

Basic Research � ! Applied Research � ! Development

The �rst step is \basic research," which is scienti�c inquiry oriented toward understanding

natural processesrather than toward producing marketable products or making pro�ts. 32

Basic research produces\scienti�c knowledge," which is a non-rival public good. That is, it

can be usedby anyonewithout reducing the stock available to others. Scienti�c knowledge

is an input into the secondstep, \applied research," which is scienti�c inquiry oriented

toward solvingspeci�c problemswith somepractical aim in mind. Applied research produces

\technology," which in this context meanssomenew processthat might be economically

useful. The third step, \development" consists of taking the technology and producing

a potentially marketable product or servicethat makes (potentially) pro�table use of the

technology. The processis imagined to look somethinglike this:

Scientist
(Labor)

-
Basic

Research Knowledge -
Applied
Research Technology -Development

Product

Like all models, this is somewhatof an oversimpli�cation. Applied research aimed

at producing a technology often generatesquestionsthat needto be answered, but whose
32 Some practitioners of basic research are quite explicit about their intent not to aim for discoveries

with �nancial value and use the term \pure research" to describe research with scienti�c but not �nancial
value. Needlessto say, many discoveries of pure research are later found to have great �nancial value. For
example, research into abstract algebra and number theory, arguably the purest of \pure mathematics" has
produced the main input into cryptography, which is now a multi-billion-dollar industry protecting �nancial
transactions and trade secrets.
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answers consistof basic scienti�c knowledge. Technology is usedto develop products (e.g.,

scienti�c instruments) that make new typesof basicresearch possibleor new lines of inquiry

interesting. And, sometimes,basicresearch results in new technology without any interven-

ing \applied research" step (seefootnote 32, for example). Nevertheless,the linear model

is a reasonablerepresentation of the pharmaceutical industry, in which basic research into

the nature of diseasesproducesknowledgeof their mechanismsor causes.Applied research

is aimed at blocking those mechanismsand causes,often by characterizing a hypothetical

moleculethat could interfere with a biochemical mechanism. Development consistsof con-

structing such a moleculethat is e�ectiv e and non-toxic to humans,developing a form and

and determining a level of dosage,and verifying safety and e�cacy of the �nal drug.

7.2 Economic Mo dels of Research

Weareconcernedprimarily with incentiv esthat encourage�rms to undertakecostly research

and development (R&D). Clearly, a �rm's decisionsmust be basedon an attempt to equate

the �rm's (expected) marginal cost of R&D with its (expected) marginal return (appropri-

ately adjusting for risk). The main sourcesof risk are uncertainty as to whether and when

the research will producea marketable product and what the demandfor that product will

be. In the caseof pharmaceuticals,demandfor a product is a fairly predictable function of

the prevalenceof relevant diseasesand availabilit y, cost, and e�cacy of other drugs usedto

treat those diseases.From the standpoint of the pharmaceutical �rm, the main sourceof

risk is uncertainty as to the successof the applied research program, which may producea

marketable drug quickly or slowly, at low cost, high cost, or not at all even after incurring

large costs.

Basicresearch is inherently morerisky than applied research, sincethere is additional

uncertainty as to whether the knowledgeproduced will be useful in developing products.
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Furthermore, sincebasic scienti�c knowledgecannot be protected by patents and is often

di�cult to keepsecret,there is alsothe risk that the research output will becomeinappropri-

able,allowing competing �rms to take advantageof the knowledgeand producea competing

product without incurring the samecosts. The possibility of \free riding" can reducethe ex

ante expectedreturn to the �rm to well below the social return, thus causingthe �rm to un-

derinvest in basicresearch relative to the social optimum. This is the fundamental problem

with obtaining the optimal level of basic research through ordinary market processes,�rst

explicitly identi�ed by Nelson(1959) and Arrow (1962), and also the basic justi�cation for

government subsidiesof basic research.

A �rm's optimal expenditure on basicresearch is somefunction of the following form:

BR = f (C; R(A))

where

BR = Basic Research expenditure

C = Unit Cost of Research (including wagesof researchers)

R = Firm's (utilit y) of return, i.e., risk-adjusted expectedreturn

A = A measureof the degreeand likelihood of appropriabilit y of discoveries

Clearly, f 0(C) < 0, f 0(R) > 0, and R0(A) > 0. However, the �rm's return R(A) may

be greateror lessthan the social return, and R(A) may increaseor decreasewith an increase

in government funding of basic research.

It is possiblethat a �rm's private return may be greater than the social return in a

casewherethe �rm's innovation is appropriableand represents an unambiguousimprovement

over an existing technology. For example,Firm A may have a drug to treat a certain disease,

and Firm B might develop a drug that treats the samediseasemore e�ectiv ely but at the

sameor lower cost. Once Firm B's drug is available, there will be very little demand for
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Firm A's drug. In this case,the social return is determinedby the value of the improvement

in e�ectiv eness| i.e., the marginal value | of the new drug over the old one. However,

Firm B's return is determinedby the total value of the bene�t of the new drug rather than

the marginal value,sinceconsumers'willingnessto pay is basedon the total bene�t received.

More commonly, however, a �rm's private return will be lessthan the social return.

Even asa monopolist, the �rm generallycannot perfectly price-discriminate,and the utilit y

to someconsumerswill be very large. Furthermore, the existenceof alternative technologies

(e.g., drugs) may prevent the �rm from charging the full monopoly price, even if at the

price actually chargedthe �rm hasalmost all the market share. More importantly, in many

casesthe �rm will not be able to appropriate fully the value of the underlying innovation.

For example,a Firm A might perform basic research and discover how a particular disease

works, then develop a drug to block the diseaseprocess. In the courseof obtaining FDA

approval and marketing the drug to potential consumers,Firm A will have to reveal what

it discoveredabout the diseaseprocess(its \basic research" results). Unlike the drug itself,

this information cannot be protected by patents. Firm B could then use that information

to develop a superior (\next-generation") drug, which might eliminate the demandfor Firm

A's drug.

Public spending on basic research can have two e�ects on the returns to private

research. First, when the government undertakesa research program, the results of which

will be publicly available, it is lesslikely that an individual �rm's private research program

on the sametopic will produce appropriable results, since similar results are likely to be

publishedand thus available to the �rm's competitors asa result of the government research

program. Furthermore, the �rm itself will alsobeableto accessthe resultsof the government

research program at a much lower cost than that of conducting its own research, therefore

the marginal e�ect of a private research program on the �rm's stock of knowledgewill be

much lower in the presenceof a similar public research program. Both of thesefactors will
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producea \crowding-out" (substitution) e�ect, in which each additional dollar of government

research reducesthe returns to, and thus the level of, private research.

On the other hand, when the government undertakesa research program and makes

the resultspublicly available, the stock of scienti�c knowledgeavailable to all �rms increases,

and this results in an increasein the opportunities for applied research. Although the infor-

mation is available to all �rms, the marginal cost to each �rm of producing applied results

is lower sincethe �rm doesnot have to incur the cost of basic research. This will produce

a \stim ulation" (complementarit y) e�ect, in which each additional dollar of government

research increasesthe returns to and thus the level of private research.

In theory, either or both of thesee�ects may be present; if both are present, which

e�ect will dominate is an empirical question.

The goal of this paper is to examinethe relationship betweenpublic funding of basic

biomedical research and private R&D funding and output in the pharmaceutical industry;

in particular, to determine whether, on the whole, public research funding \crowds out"

(substitutes for) or \stim ulates" (complements) private R&D expenditures in this industry.

Since research does not take place instantaneously, it is reasonableto believe that

any e�ect of federal research grants on private R&D will be felt only after someperiod of

time. However, it is not obvious how long the lag will be. If, for example,pharmaceutical

research �rms regularly monitor grants madeby the NIH and take care to complement (or

alternatively, takecarenot to replicate) research fundedby the government, then the lag may

be quite short, and the e�ect on private R&D would be positive (alternatively, negative).

On the other hand, if not enoughinformation is available at the time the grant is madefor

�rms to usethis as as basisfor decision-making,then the �rms would instead have to base

decisionson research results(e.g.,publications), and the lag would be longer.33 Furthermore,

33 Pharmaceutical �rms de�nitely monitor academicresearch (Pien 1999; Mullen 2000), which is mostly
federally funded (Blumenthal et al. 1996). The question here is not whether �rms make use of this infor-
mation, but at what stage of the processthe information becomesuseful. It is often the casethat as an
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if the main interaction betweenfederally funded research and private research is that �rms

apply knowledgeobtained through federally funded research directly to development of new

drugs, then we would expect a substantially longer lag and a positive e�ect.

It is possible, of course, for more than one of these e�ects to be important. For

example,therecouldbeshort-run substitution or complementarit y dueto the e�ect of federal

grant announcements on �rms' R&D planning, and long-run complementarit y due to the

e�ect of academicresearch resultson �rms' applied research and product development. It is

di�cult, however, to imagine a scenarioin which the long-run e�ect would be substitution.

That is, for a unit increasein federal spending at a particular point in time, it would be

reasonableto expect either an increaseor a decreasein private spending in the short run,

but in the long run we should expect an increasein private spending, ceteris paribus.

A �rm's optimal expenditure on applied research is also a function of the above

variables as well as variables that might indicate demand for the type of product that is

the ultimate goal of the research program. A reasonablecharacterization of the research

expendituresof the pharmaceuticalindustry is

PhRMAt = f (X t ; : : : ; X t � j ) + g(X t � j � 1; : : : ; X t � j � k) + h(other variables) (1)

where

PhRMAt is private research spending by the pharmaceutical
industry in year t;

X t ; : : : ; X t � j are government biomedical research spending in year
t and yearsprecedingt (short-run lags);

X t � j � 1; : : : ; X t � j � k are government biomedicalresearch spendingin years
precedingyear (t � j ) (long-run lags).

The functions f and g will have negative �rst derivativeswherethe \crowd-out" e�ect dom-

inates, and positive �rst derivativeswhere the \stim ulant" e�ect dominates. In particular,

academic research program progresses,it becomes\to o applied" to qualify for continued federal funding.
At that point, sometimesa private �rm will fund further applied research by the academiclab (Pien 1999).
Indeed, Blumenthal et al. estimated that more than 11% of academicresearch in the life sciencesis funded
by corporations. This counts as private R&D in our data.
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if the short-run e�ect is the opposite of the long-run e�ect, then j is the lag at which the

e�ect reverses.

8 Empirical Results and In terpretation

Lag structure canbe investigatedby running distributed lag regressionsof the log-changesof

private R&D on the log-changesof federalresearch funding, for each of the seven therapeutic

categoriesfor which we have data and for the total funding levels (for all categoriesput

together, netting out the \double-counted" research discussedon page50). The functional

form for theseregressionsis

Yt = a +
kX

i =0

bi X t � i + h(other variables) (2)

where

Yt = log

 
yt

yt � 1

!

; yt = Private R&D in year t

X t = log

 
x t

x t � 1

!

; x t = Federalresearch grants in year t

k = the number of lags, ranging from 0 to 7

For each of the seven therapeutic categoriesand for the total funding levels, regressionsof

the above form were run for each possiblenumber of lags k = 0: : : 7. Regressionsusing

log-changesinstead of �rst di�erences are reported, sincelog-changescan be interpreted as

relative (percentage) changesand are not sensitive to the scaleof the variables, and thus

are more useful for comparisons. (In any case,results of regressionsusing �rst di�erences

are qualitativ ely similar.) In addition, regressionswere run with data for all categories

combined, with dummy variables for each category, as well as year dummy variables and

various combinations of other variables. The \other variables" are used as controls, to

increasethe chancethat the e�ects observedareactually from changesin government funding
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rather than from other factors. In particular, we control for autocorrelation (using lagged

values of the dependent variable), GDP growth, lagged salesgrowth (by drug category),

current and laggednon-medicalfederalR&D spending(replacingthe independent variables),

and categoryand year dummy variables.

Each regressioncoe�cien t bi may be interpreted asthe e�ect on private R&D in year

t of an increasein federal funding in the sametherapeutic category in year t � i . For any

particular regression,the sumof the coe�cien ts
P k

i=0 bi may be interpreted asthe cumulative

e�ect on private R&D over k years,of a 1% increasein in federal funding in a singleyear.

8.1 Basic Results

Table3 shows the resultsof the distributed-lag regressions(2), and Table4 shows the results

of the samedistributed-lag regressions,but with grants and PhRMA expendituresadjusted

to constant (1972) dollars using the BRDPI. Each cell in the table contains the sum of

coe�cien ts for the regressionwith the given number of lags,which represents the cumulative

impact on private R&D in the given therapeutic categoryof a 1% changein federalgrants in

that categoryin a singleyear. Numbersin parenthesisare t-statistics for the hypothesistest

that the sum of the coe�cien ts is zerofor the corresponding regression.34 Figure 5 displays,

34 Note that each number in parenthesis in Tables3 and 4 is the t-statistic of the sum of the coe�cien ts
bi ; i = 0: : : k. This is of coursedi�eren t from the standard error of any particular coe�cien t, and is not
calculated as part of the usual regressionprocedure. To calculate this t-statistic, consider the regression
equation (2) above. Add and subtract

P k
i =1 bi X t to both sides(note that this summation is of the current

(non-lagged) value X t multiplied by the coe�cien ts of the laggedvalues). Then, collect like terms in X t as
follows:

Yt = a +
kX

i =0

bi X t � i +

 
kX

i =1

bi X t �
kX

i =1

bi X t

!

+ h(other variables)

Yt = a + b0X t +
kX

i =1

bi X t � i +
kX

i =1

bi X t �
kX

i =1

bi X t + h(other variables)

Yt = a +

 

b0X t +
kX

i =1

bi X t

!

+

 
kX

i =1

bi X t � i �
kX

i =1

bi X t

!

+ h(other variables)
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for each category (and for total research), a plot of the cumulative predicted percentage

changein private R&D spending for each subsequent year, corresponding to a +1% change

in an initial year, for �gures in both current and constant dollars.

Note that although the results are di�eren t for each category, there is a discernible

pattern: over a small number of lags, the cumulative e�ect is negative in �v e of the seven

categories,and small but generally increasingin the other two. For longer lags, the cumu-

lative e�ect is more likely to be positive, and by the seventh lag is positive for all but one

category. The �nal column shows the average,over all therapeutic categories,of the sum

of coe�cien ts for a particular number of lags k. Here the samepattern is discernible; the

averagecumulative e�ect is negative for lagszerothrough four, and positive (and increasing)

for lags �v e through seven.

It is apparent from the graphs in Figure 5 that for all categories,the cumulative

e�ect on private R&D spending shows a de�nite negative responseat least at somepoint

within the �rst two years,and the e�ect increasesat somepoint thereafter. For all but two

categoriesthe cumulative responseafter seven yearsis higher than the initial response,and

the ultimate responseis usually positive. Note also that the responsesfor constant (i.e.,

BRDPI-adjusted) dollars are more pronouncedand usually more negative than those for

current dollars.

In other words, due to the fact that both prices and quantities are increasingover

time, the crowd-out (substitution) e�ect is more pronouncedwhen the expenditures are

adjusted for in
ation. This may account for the fact that this study �nds more crowding-

Yt = a +

 
kX

i =0

bi

!

X t +
kX

i =1

bi (X t � i � X t ) + h(other variables)

This producesan alternate regressionin X t and the transformed variables (X t � i � X t ), i = 1: : : k. The
coe�cien ts (both true and estimated) of the transformed variables are exactly the same as those of the
corresponding original variables X t � i , i = 1: : : k in (2), but the coe�cien t of X t in the alternate regression
is the sum of the coe�cien ts of the original variables X t � i , i = 0: : : k in the original regression. Thus, I
estimate the alternate regressionabove, and report the t-statistic of the coe�cien t of X t in the alternate
regressionin parenthesis in Tables3 and 4.
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Dependent Variable: Y = PhRMA Corporate R&D, by diseasecategory (log changes)
Independent Variable: X = Federal Grants, by diseasecategory (log changes)

Each cell contains the sum of coe�cien ts for the regressionwith the given number of lags.
(The number in parenthesis is the t-statistic of the sum of coe�cien ts.)

Lags
of X

Neoplasm Nervous Cardio Respir Digest Skin Infective Totalsa Lag
Avg.b

0 -0.0159 -0.1915 0.2647 0.0348 -0.1899 -0.2924 -0.0253 -0.0973 -0.0594
(-0.1394) (-2.1584) (1.6423) (0.2807) (-1.3985) (-1.4829) (-0.2702) (-0.4049)

1 -0.1159 0.0382 0.1488 -0.1115 -0.3124 -0.7446 -0.2466 -0.0173 -0.1920
(-0.8069) (0.3066) (0.6739) (-0.6333) (-1.5246) (-2.9890) (-1.5509) (-0.0465)

2 -0.1289 0.1928 0.0226 -0.3971 -0.0492 -0.3022 -0.4336 -0.1377 -0.1565
(-0.6909) (1.0392) (0.0759) (-1.7191) (-0.1726) (-0.8885) (-1.6425) (-0.2405)

3 -0.3401 0.3143 0.3515 -0.8935 0.0441 -0.3380 -0.5872 -0.1047 -0.2070
(-1.2797) (1.7301) (1.0365) (-3.2771) (0.0885) (-0.7440) (-1.8109) (-0.1313)

4 -0.5950 0.4081 0.8797 -0.4774 -0.7930 -0.1845 -0.6576 -0.1628 -0.2028
(-1.6073) (2.4012) (2.5388) (-1.6264) (-1.3322) (-0.3063) (-1.6259) (-0.1487)

5 -0.9408 0.4398 0.9860 -0.2841 0.5596 0.6177 -0.4997 0.6178 0.1255
(-1.7646) (2.3932) (2.2650) (-0.7496) (0.7361) (0.8187) (-0.5171) (0.4756)

6 -0.6430 0.5186 1.2114 -0.2622 0.0949 0.2112 -0.5271 0.5746 0.0863
(-0.8489) (2.4830) (2.3944) (-0.5393) (0.0788) (0.2250) (-0.3500) (0.3683)

7 -1.6358 0.3805 2.0122 0.4550 0.7895 -1.0401 1.8610 -0.3931 0.4032
(-1.3254) (1.5449) (3.3869) (0.6375) (0.3621) (-0.6944) (1.5839) (-0.1943)

Sum -4.4155 2.1007 5.8769 -1.9358 0.1434 -2.0729 -1.1162 0.2795 -0.2028
Wtd.
Avg.c -0.1227 0.0584 0.1633 -0.0538 0.0040 -0.0576 -0.0310 -0.00563
Avg.d -0.5519 0.2626 0.7346 -0.2420 0.0179 -0.2591 -0.1395

aTotal Grants includes grants not in any diseasecategory.
bThe average is tak en over category regressions only.
cThe average cumulativ e response, weighted by number of coe�cien ts; or equivalently , the average coe�cien t.
dThe average cumulativ e response over the eight regressions; i.e., each regression has equal weight.

63



T
able

4:
C

um
ulativ

e
E

�ect
of

a
C

hange
in

G
rants

on
P

rivate
R

&
D

(C
onstant

dollars,
according

to
the

B
iom

edicalR
esearch

and
D

evelopm
ent

P
rice

Index
(B

R
D

P
I))

Dependent Variable: Y = PhRMA Corporate R&D, by diseasecategory (log changes)
Independent Variable: X = Federal Grants, by diseasecategory (log changes)

Each cell contains the sum of coe�cien ts for the regressionwith the given number of lags.
(The number in parenthesis is the t-statistic of the sum of coe�cien ts.)

Lags
of X

Neoplasm Nervous Cardio Respir Digest Skin Infective Totalsa Lag
Avg.b

0 -0.0535 -0.1164 0.1861 0.0211 -0.2192 -0.3045 -0.0390 -0.0241 -0.0751
(-0.4688) (-1.1386) (1.2181) (0.1691) (-1.5808) (-1.4975) (-0.4285) (-0.1090)

1 -0.1774 0.1400 -0.0118 -0.1382 -0.3630 -0.7816 -0.2536 -0.0062 -0.2265
(-1.2542) (0.9796) (-0.0576) (-0.7888) (-1.7596) (-3.0807) (-1.6133) (-0.0185)

2 -0.2187 0.3223 -0.3306 -0.4360 -0.1227 -0.3447 -0.3410 -0.1627 -0.2102
(-1.1909) (1.5741) (-1.2568) (-1.9253) (-0.4287) (-0.9883) (-1.2983) (-0.3324)

3 -0.4223 0.4384 -0.0796 -0.9203 0.0282 -0.4141 -0.4837 -0.1995 -0.2648
(-1.5813) (2.3096) (-0.2346) (-3.2325) (0.0581) (-0.8745) (-1.4086) (-0.3039)

4 -0.7133 0.5599 0.3978 -0.5734 -0.7115 -0.2896 -0.5094 -0.2267 -0.2628
(-2.0113) (3.0214) (1.0401) (-2.0989) (-1.2524) (-0.4350) (-1.2213) (-0.2738)

5 -1.0396 0.5952 0.3309 -0.4662 0.2824 0.5479 0.1050 0.0131 0.0508
(-2.1779) (3.0319) (0.6625) (-1.3259) (0.4241) (0.6357) (0.1542) (0.0148)

6 -0.8694 0.6549 0.3831 -0.6437 -0.5910 -0.0855 0.2303 -0.3217 -0.1316
(-1.1584) (2.8679) (0.5850) (-1.2984) (-0.6612) (-0.0803) (0.2562) (-0.3324)

7 -1.2730 0.5220 1.0320 -0.3441 -0.6463 -2.3354 1.2068 -0.9100 -0.2626
(-0.9083) (1.9032) (0.9596) (-0.4105) (-0.4665) (-1.3852) (1.5759) (-0.8227)

Sum -4.7672 3.1162 1.9079 -3.5009 -2.3431 -4.0075 -0.0846 -1.8379 -1.3827
Wtd.
Avg.c -0.1324 0.0866 0.0530 -0.0973 -0.0651 -0.1113 -0.0024 -0.0384
Avg.d -0.5959 0.3895 0.2385 -0.4376 -0.2929 -0.5009 -0.0106

aTotal Grants includes grants not in any diseasecategory.
bThe average is tak en over category regressions only.
cThe average cumulativ e response, weighted by number of coe�cien ts; or equivalently , the average coe�cien t.
dThe average cumulativ e response over the eight regressions; i.e., each regression has equal weight.
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Figure 5: Cumulativ e predicted percent change in Private (PhRMA) R&D cor-
responding to a one-time +1% changein Federal Research Grants, by Therapeutic
Category. In each plot, the solid line represents the response in current dollars;
and the dashedline in constant dollars according to the Biomedical Research and
Development Price Index (BRDPI).
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out than do previousstudies,sincepreviousstudieseither usedonly current-dollar data or

adjusted pricesusing the more generalGDP implicit price de
ator rather than the BRDPI,

a price index that is speci�c to biomedicalR&D inputs.

8.2 In terpretation

To interpret theseresults, �rst note that for regressionswith \Gran ts" as the independent

variable and \PhRMA spending" as the dependent variable, the sums of coe�cien ts are

generallynegative when zerothrough four lagsare in the regression(5 negative, 2 positive),

split (3 negative, 4 positive) when5 or 6 lagsare included, and generallypositive (6 positive,

1 negative) with 7 lags. (The results are similar for a \p ooled" regression,i.e., a single

regressionthat includesobservations for all categories.)

There is one very obvious story that would explain the existenceof positive sums

only in the higher lags | speci�cally, that government grants stimulate private research,

but only 5 or more years into the future | but the combination of negative and positive

results requiresa more complicated explanation. One possibility is the following scenario:

government grants are primarily intended for so-calledbasic research. Thesegrants crowd

out private basic research, becauseprivate �rms are not willing to spend their resources

doing basic research in a particular �eld if the government is doing it anyway and will

publish the results for all to see. On the other hand, when basic research resultsbecome

known to a private �rm (either through reading results of public research, as in this story,

or by doing their own research, asin the counterfactual caseof no government funding), this

increasedknowledgeleadsto an increasein applied research by �rms in the future. So,what

we observe in thesedata is the e�ect of government (basic) research crowding out private

basicresearch but stimulating private applied research. Sincethe lag for stimulating applied

research is longer (�rms can respond only after the research is completed and the results
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becomeknown), this shows up in the data ascrowding-out in the short run but stimulation

in the long run.

This story hasthe advantagethat it is consistent with the prediction of any reasonable

theoretical model that distinguishesbetweenbasic and applied research (a distinction that

is somewhatproblematic, but lessso in biomedical research than in other �elds) and allows

that the government specializesin basic research. It also implies that in this case,we can

rule out the extremecrowd-out e�ect described on page12.

8.3 Robustness Checks

Numerousrobustnesschecks were performedto verify that the results obtained above were

not spurious, or the result of other factors. For example,vector autoregressions(VAR) of

the form

Yt = a +
kX

i =0

bi X t � i +
k� 1X

i =1

ai Yt � i + blog

 
yt � 1

x t � 1

!

(3)

canbeusedto determinewhether the observedlag e�ects aredueto actual laggedcorrelation

betweenfederaland private research, asopposedto mereautocorrelation in private research

combined with the fact that both types of spending are generally increasing. An an F -

test can then be applied to test this form against the corresponding regressionwithout the

autocorrelation terms.

Table 5 lists the results of running regressions(3) and using the F -test to decide

whether the additional coe�cien ts included in (3) but not (2) are signi�cantly di�eren t

from zero. For six of the seven therapeutic categories,the hypothesis that autoregressive

terms should be excludedcannot be rejected at signi�cance level � = :05. Thus, we might

reasonablyconcludethat changesin the level of grants are better predictors of changesin

private R&D than previous (\momentum") changesin private R&D. However, this result

is rather weak, since for four of the seven categories,the complementary hypothesis(that
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all but the autoregressive terms should be excluded)also cannot be rejectedat signi�cance

level � = :05.

In addition to the F -tests, the coe�cien ts of the vector autoregressions(VAR) can

be usedto calculate the cumulative averagee�ect of a singleunit changein federal research

spendingon private spendingin subsequent years,consideringdirect aswell asautoregressive

e�ects. Resultsof thesecalculationsappear in Table6 and areplotted in Figure 6. Note that

there is no consistent pattern of cumulativee�ects whenautoregressive terms areincluded; in

particular, the \
S

-shaped" pattern of short-run substitution and long-run complementarit y

observed for grants is not observed for laggedprivate R&D. Therefore, it is reasonableto

concludethat this e�ect is not due to spuriousautocorrelation in private R&D.

Having ruled out autoregressive e�ects, it is necessaryto control for other factors that

might a�ect private R&D spending. Clearly, private pharmaceuticalR&D spendingis driven

by demand for pharmaceuticals. Firms may allocate funds to di�eren t diseasecategories

basedon estimatesof demand for drugs used to treat those diseases.To control for this

e�ect, we uselaggeddrug sales(dollar volume) in each categoryto represent demandin that

category. Firms may also respond to a generalincreasein demandcausedby an increasein

overall income. To control for this e�ect, we useGDP asthe measureof income. In addition,

we can increasethe e�ectiv e samplesizeby including data for all categoriesin the sample,

in somecaseswith dummy variablesto examinecategory�xed e�ects. The functional form

is

Yj t = a +
kX

i =0

bi X j ;t � i + h(other variables) (4)

where

Yj t = log

 
yj t

yj ;t � 1

!

; yj t = Private R&D for category j in year t

X j t = log

 
x j t

x j ;t � 1

!

; x j t = Federalgrants for category j in year t

Tables 7 and 8 shows the results of the distributed-lag regression(4) with various
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Table 5: HypothesisTest of Vector Autoregressionvs. Distributed Lag Regression

VAR Regression:Yt = a +
kX

i =0

bi X t � i +
k � 1X

i =1

ai Yt � i + blog
�

yt � 1

x t � 1

�

HypothesisTest: H 0 : ai = 0 for all i = 1: : : k = 1 and b = 0

HA : ai 6= 0 for at least one i

At Signi�cance Level � = :05; Reject H 0 if F > F:05

(In the table below, \Accept" is shorthand for \F ail to Reject.")

Test Critical Test Critical
Lags Lags Statistic Value Lags Lags Statistic Value
of X of Y F F:05 Decision of X of Y F F:05 Decision
Neoplasm Digest

2 1 0.9648 3.6337 Accept 2 1 2.2875 3.6337 Accept
3 2 0.2675 3.4105 Accept 3 2 1.0788 3.4105 Accept
4 3 0.3828 3.4781 Accept 4 3 1.4012 3.4781 Accept
5 4 0.4933 3.9715 Accept 5 4 1.0504 3.9715 Accept
6 5 0.1839 6.1631 Accept 6 5 1.9518 6.1631 Accept
7 6 0.1835 236.77 Accept 7 6 5.0164 236.77 Accept

Nervous Skin
2 1 2.7405 3.6337 Accept 2 1 0.8903 3.6337 Accept
3 2 2.1960 3.4105 Accept 3 2 2.3541 3.4105 Accept
4 3 1.4429 3.4781 Accept 4 3 2.0954 3.4781 Accept
5 4 1.8754 3.9715 Accept 5 4 1.8744 3.9715 Accept
6 5 1.8284 6.1631 Accept 6 5 1.2102 6.1631 Accept
7 6 4.2841 236.77 Accept 7 6 14.430 236.77 Accept

Cardio Infective
2 1 12.834 3.6337 Reject 2 1 1.7332 3.6337 Accept
3 2 4.9248 3.4105 Reject 3 2 0.6028 3.4105 Accept
4 3 7.4959 3.4781 Reject 4 3 1.1164 3.4781 Accept
5 4 7.5147 3.9715 Reject 5 4 0.6563 3.9715 Accept
6 5 8.6870 6.1631 Reject 6 5 1.0409 6.1631 Accept
7 6 1.5835 236.77 Accept 7 6 2.0116 236.77 Accept

Respir
2 1 0.4672 3.6337 Accept
3 2 2.0460 3.4105 Accept
4 3 1.9413 3.4781 Accept
5 4 1.8909 3.9715 Accept
6 5 0.7872 6.1631 Accept
7 6 12.122 236.77 Accept
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Table 6: Cumulative Direct and VAR E�ects of Log of Annual Changesin FederalGrants
on Private R&D.
(Each cell contains the change in Yt , t periods after a unit log-change in X , implied by the regressionwith
k lags of X and k � 1 lags of Y .)

t
k 0 1 2 3 4 5 6 7 8

N
eo

pl
as

m

2 0.0820 -0.1264 -0.0952 0.0535
3 -0.0686 -0.1488 -0.0840 0.0688 0.0145
4 -0.0731 -0.1680 -0.1643 0.1951 -0.1568 0.1005
5 -0.0325 -0.1661 -0.2430 0.1458 -0.0378 -0.0732 0.1588
6 -0.0842 -0.0277 -0.2945 -0.1024 0.0632 0.1464 0.0432 0.1687
7 -0.1449 -0.4939 -0.6464 -0.3053 -0.0949 0.1539 -0.4056 0.2742 -0.4388

N
er

vo
us

2 0.1993 0.1249 0.0066 -0.0508
3 0.2451 0.1633 0.1604 0.0620 -0.0647
4 -0.2162 -0.0153 0.1742 0.1486 0.0201 -0.2657
5 -0.2848 0.0371 0.2170 0.2871 -0.0045 -0.2708 -0.2845
6 -0.2817 -0.0141 0.3821 0.2406 0.0340 -0.3343 -0.1236 -0.0683
7 -0.4545 -0.3835 -0.3726 -0.5444 -0.8403 -1.5810 -2.0704 -2.9100 -3.9472

C
ar

di
o

2 -0.0100 -0.1734 -0.1376 0.1248
3 -0.0002 -0.1656 -0.1691 0.2175 0.1361
4 0.0798 -0.0173 -0.0460 0.1776 0.0694 0.1041
5 0.0019 0.0507 -0.1204 0.1929 -0.0075 -0.0414 0.1165
6 0.0669 0.0790 -0.1726 0.1489 -0.0189 -0.0855 0.1239 0.1228
7 0.0478 0.2919 -0.5498 0.6146 -0.5902 0.3795 -0.2737 0.5444 -0.2306

R
es

pi
r

2 -0.0755 -0.0463 -0.1646 0.0753
3 -0.2908 -0.0999 -0.0267 -0.1356 0.1684
4 -0.2154 0.0979 -0.0734 -0.1606 0.0049 0.1991
5 -0.1814 0.1621 -0.1135 -0.0247 -0.1007 0.1233 0.1254
6 -0.3011 0.2987 -0.1910 -0.0469 -0.0848 0.0193 0.3140 -0.0500
7 0.5446 -1.2545 2.3197 -4.8543 8.8840 -12.7975 21.9974 -39.332 71.547

D
ig

es
t

2 -0.0551 0.2117 0.1161 0.1137
3 -0.1091 0.2205 0.1150 0.1616 0.0551
4 -0.1716 -0.3202 0.3934 0.0934 0.1370 0.0341
5 0.2144 -0.4541 0.8081 -0.2726 0.2440 -0.0605 -0.1054
6 0.5413 -0.1750 0.7790 -0.3744 -0.2197 -0.5083 0.1391 0.0136
7 0.9519 -0.2507 1.0648 -0.7386 0.6054 -2.7973 3.2996 -5.0791 8.5674

S
ki

n

2 0.0471 -0.0571 0.4519 0.0206
3 0.1728 0.1168 0.1228 -0.1468 0.2507
4 0.3328 0.0503 0.1193 -0.3386 0.6572 -0.0976
5 0.1936 0.2742 0.0687 -0.2924 0.3033 0.3883 -0.2598
6 0.3286 0.2666 -0.2056 0.1589 -0.0599 0.6005 -0.4069 0.6669
7 12.637 -305.45 -7145.1 -1.67E5 -3.91E6 -9.15E7 -2.14E9 -5.0E10 -1.2E12

In
fe

ct
iv

e

2 -0.1897 -0.1879 -0.1333 -0.0258
3 -0.0914 -0.0571 -0.0503 -0.0812 0.0577
4 -0.0827 -0.1746 -0.1014 -0.1737 0.0152 0.0112
5 -0.1759 -0.0614 -0.0607 -0.1163 -0.1939 -0.2660 0.2560
6 -0.2465 0.2277 -0.0791 -0.0229 -0.6192 -0.6317 0.3781 1.6364
7 -0.2106 0.2351 -0.0991 0.1660 -0.5445 -0.4615 0.3083 0.9368 0.9755
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Figure 6: Cumulativ e Direct and Autoregressive E�ects of Log of Annual Changes
in FederalGrants, on Private R&D of PhRMA members, by Therapeutic Category.
(Each line shows the cumulativ e changeat each stage in a regressionwith a given
number of lags; the number of lags is shown by the extent of the line. Thus, each
chart has a line with three lags, a line with four lags, and so on.)
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combinations of other variables,including GDP, drug sales(by category), and categoryand

year dummy variables to control for �xed e�ects. Theseresults show the samepattern in

the coe�cien ts as thosewithout the control variables,indicating that the pro�le of negative

short-run e�ects and positive long-run e�ects is not driven by theseother variables. In fact,

estimates of the regressioncoe�cien ts are only slightly a�ected by including these other

variables. This may be seenclearly in the plots shown in Figure 7.

In order to quantify the signi�cance of the `
S

-shaped" pattern of coe�cien ts, Table 9

shows the t-statistics for test of the null hypothesisthat the cumulative e�ect of a change

in PhRMA spending is linear over time, against the alternative that the cumulative e�ect is

lower in the short run than the long-run linear trend. The idea here is that in the absence

of crowding-out in the short run, the sum of the �rst k lag coe�cien ts in a regressionwith

n lags, will be about k=n of the sum of all n lag coe�cien ts. Relative crowding-out in the

shorter lags is indicated by negative t-statistics for the corresponding coe�cien t sums.

The pattern of e�ects of grants on private spending is not present in the pattern of

e�ects of drug saleson private spending, as one can seeimmediately from the results in

Table 10 and Figure 8. Indeed, in the early years(short lags), the e�ect of saleson private

research is the opposite of the e�ect of grants. The e�ect of salesis positive in the �rst

three yearsand negative in the fourth year. This pattern holds whether or not we control

for grants, GDP, and category and year �xed e�ects. From this, we may conclude that

the `
S

-shaped" pattern of short-run substitution and long-run complementarit y is driven by

federalgrants and not drug sales.

Next, we wish to rule out the possibility that the \
S

-shaped" pattern of coe�cien ts

is the result of someomitted variable driving all sorts of federalsupport for research (rather

than just in-category medical research) and perhapsprivate research as well. To do this,

non-medical federal R&D spending was obtained by subtracting total federal spending on

medical research from total federal R&D spending, as reported by the National Science
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Table 7: RegressionResults: Determinants of PhRMA R&D Spending

Dependent Variable: PhRMA it = PhRMA R&D in diseasecategory j in year t (log changes)
Independent
Variable Coef. (t-stat.) Coef. (t-stat.) Coef. (t-stat.)
Intercept 0.1875 (2.41E-7) 0.0946 (1.6002) 0.0727 (1.4207)
log GD P t

GD P t � 1
-0.3226 (-3.04E-8) 0.1676 (0.5104) 0.2100 (0.6435)

GRAN TSt -0.0155 (-0.1001) -0.1030 (-1.1195) -0.1359 (-1.6777)
GRAN TSt � 1 -0.2698 (-1.7907) -0.2380 (-2.8934) -0.2617 (-3.4070)
GRAN TSt � 2 0.1569 (1.0240) 0.1999 (2.1082) 0.1639 (2.0469)
GRAN TSt � 3 0.0321 (0.2019) 0.0862 (0.8925) 0.0624 (0.7021)
GRAN TSt � 4 0.1569 (0.9551) 0.1242 (1.1568) 0.0923 (1.0083)
GRAN TSt � 5 0.1334 (1.2367) 0.1208 (1.4286) 0.0818 (1.0409)
GRAN TSt � 6 0.0159 (0.1486) -0.0748 (-0.9271) -0.0836 (-1.0442)
GRAN TSt � 7 -0.0119 (-0.1166) -0.0338 (-0.4104) -0.0559 (-0.7057)
SALE St -0.1501 (-0.7219) -0.0609 (-0.3444) -0.1069 (-0.6149)
SALE St � 1 0.1173 (0.5572) 0.0034 (0.0181) -0.0055 (-0.0299)
SALE St � 2 0.2340 (1.1226) 0.2866 (1.5895) 0.2694 (1.5073)
SALE St � 3 0.2120 (1.0193) 0.2693 (1.5005) 0.2593 (1.4658)
SALE St � 4 -0.2108 (-0.9876) -0.2094 (-1.1321) -0.1945 (-1.0670)
SALE St � 5 0.0059 (0.0275) 0.0464 (0.2399) 0.0611 (0.3310)
SALE St � 6 -0.4706 (-2.1543) -0.4779 (-2.4466) -0.4804 (-2.5706)
SALE St � 7 -0.0197 (-0.0896) 0.0622 (0.3219) 0.0830 (0.4617)

Category Dummy Variables:
Nervous -0.0016 (-0.0336) -0.0055 (-0.1241)
Cardio -0.0068 (-0.1270) -0.0215 (-0.4321)
Respir 0.0137 (0.2931) 0.0076 (0.1719)
Digest -0.0588 (-1.2396) -0.0654 (-1.4538)
Skin -0.0630 (-1.3174) -0.0603 (-1.3487)
Infective -0.0540 (-0.9137) -0.0565 (-1.0916)

Year Dummy Variables:
1979 -0.0188 (-1.44E-8)
1980 -0.0576 (-5.66E-8)
1981 0.0448 (3.20E-8)
1982 -0.0259 (-5.18E-8)
1983 -0.0427 (-1.19E-7)
1984 -0.0447 (-5.65E-8)
1985 0.0605 (1.75E-7)
1986 -0.0568 (-5.16E-7)
1987 -0.0125 (-1.26E-7)
1988 0.0280 (7.90E-8)
1989 -0.0318 (-7.58E-8)
1990 -0.0568 (-2.27E-7)
1991 -0.0170 (-3.54E-7)
1992 -0.0538 (-2.45E-6)
1993 -0.1353 (-2.66E-6)
1994 -0.0888 (-1.22E-6)
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Table 8: Cumulative E�ect of a Change in Federal Grants on Private R&D,
(Controlling for drug sales,GDP, and categoryand year �xed e�ects)

Dependent Variable: PhRMA it = PhRMA R&D in diseasecategory j in year t (log changes)

Independent
Variables

Cumulativ e e�ect of GRANTS

(Each cell contains the log-changein PhRMA j t , k periods after a unit
log-changein GRANTS j ;t � k , implied by a regressionwith the checked
independent variables, calculated by summing the regressioncoe�cien ts
of GRANTS j t ; : : : ; GRANTS j ;t � k .)

S
A

LE
S

a

G
D

P
b

C
at

eg
or

yc

Y
ea

rd

0 1 2 3 4 5 6 7p p p p
-0.0155 -0.2853 -0.1283 -0.0963 0.0607 0.1941 0.2100 0.1981p p p
-0.1030 -0.3410 -0.1411 -0.0549 0.0694 0.1901 0.1153 0.0815p p
-0.1359 -0.3975 -0.2337 -0.1713 -0.0791 0.0028 -0.0808 -0.1367p p
-0.1074 -0.3444 -0.1430 -0.0525 0.0698 0.1949 0.1333 0.1117p
-0.1428 -0.4042 -0.2400 -0.1734 -0.0850 0.0010 -0.0662 -0.1075p p
-0.1069 -0.3541 -0.1934 -0.1395 -0.0949 0.0165 -0.0803 -0.1325p
-0.1120 -0.3602 -0.2015 -0.1448 -0.1030 0.0107 -0.0734 -0.1141p
-0.1189 -0.3741 -0.2233 -0.1757 -0.1405 -0.0468 -0.1481 -0.2075

aEach regressionchecked includes log changesof current and 7 lagged values of drug salesfor
each category.

bEach regressionchecked includes log changesof GDP.
cEach regressionchecked includes category dummy variables.
dEach regressionchecked includes year dummy variables.
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Figure 7: Upper plot: Cumulativ e predicted percent changein Private (PhRMA)
R&D in a category, corresponding to a one-time +1% change in Federal Research
Grants in that samecategory, controlling for the variables indicated.
Lower plot: Regressioncoe�cien ts of Federal Research Grants used to generate
cumulativ e predicted percent changein the upper plot. SeeEquation 4 on page68
for the functional form of the regressions.
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Table 9: HypothesisTestsof Cumulative E�ects of Changesin FederalGrants

Yj t = a +
kX

i =0

bi X j ;t � i + h(other variables)

\Other variables" include category drug sales(lagged 0 through 7 periods), category dummy variables, and
year dummy variables where noted.

This is a test of the null hypothesis that e�ect of federal grants propogates linearly, against the
alternativ e that the cumulativ e e�ect after k years is lessthan k =8 of the e�ect over 8 years.

H0 :
kX

i =0

bi X j ;t � i =
1
k

7X

i =0

bi X j ;t � i

HA :
kX

i =0

bi X j ;t � i <
1
k

7X

i =0

bi X j ;t � i

RegressionsIncluding Year dummy variables:

Sum of Standard Avg. Growth
k k Coef's. Error of Coef. Sum t-stat
0 -0.0155 0.1547 0.0248 -0.2602
1 -0.2853 0.2110 0.0495 -1.5865
2 -0.1283 0.2737 0.0743 -0.7403
3 -0.0963 0.3286 0.0991 -0.5944
4 0.0607 0.4131 0.1238 -0.1529
5 0.1941 0.4527 0.1486 0.1005
6 0.2100 0.4573 0.1734 0.0802

RegressionsWithout Year dummy variables:

Sum of Standard Avg. Growth
k k Coef's. Error of Coef. Sum t-stat
0 -0.1030 0.0920 0.0102 -1.2302
1 -0.3410 0.1336 0.0204 -2.7044
2 -0.1411 0.1973 0.0306 -0.8698
3 -0.0549 0.2437 0.0408 -0.3924
4 0.0694 0.3061 0.0509 0.0602
5 0.1901 0.3437 0.0611 0.3753
6 0.1153 0.3466 0.0713 0.1270
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Table 10: Cumulative E�ect of a Changein Drug Saleson Private R&D,
(Controlling for Grants, GDP, and categoryand year �xed e�ects)

Dependent Variable: PhRMA it = PhRMA R&D in diseasecategory i in year t (log changes)

Independent
Variables

Cumulativ e e�ect of SALES

(Each cell contains the log-changein PhRMA it , k periods after a unit
log-changein SALES i;t � k , implied by a regressionwith the checked
independent variables, calculated by summing the regressioncoe�cien ts
of SALES t ; : : : ; SALES t � k .)

S
A

LE
S

a

G
D

P
b

C
at

eg
or

yc

Y
ea

rd

0 1 2 3 4 5 6 7p p p p
-0.1501 -0.0327 0.2013 0.4133 0.2025 0.2084 -0.2622 -0.2820p p p
-0.0609 -0.0575 0.2291 0.4984 0.2890 0.3353 -0.1426 -0.0803p p
-0.1069 -0.1123 0.1571 0.4163 0.2218 0.2829 -0.1975 -0.1144p p
-0.0433 -0.0293 0.2523 0.5204 0.3034 0.3524 -0.1260 -0.0751p
-0.0848 -0.0765 0.1864 0.4444 0.2414 0.3078 -0.1716 -0.1002

aEach regressionincludes log changesof current and 7 lagged values of drug salesfor each
category.

bEach regressionchecked includes log changesof GDP.
cEach regressionchecked includes category dummy variables.
dEach regressionchecked includes year dummy variables.
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Figure 8: Upper plot: Cumulativ e predicted percent changein Private (PhRMA)
R&D in a category, corresponding to a one-time +1% change in Pharmaceutical
Salesin that samecategory, controlling for the variables indicated.
Lower plot: Regressioncoe�cien ts of Pharmaceutical Salesusedto generatecumu-
lativ e predicted percent change in the upper plot. SeeEquation 4 on page 68 for
the functional form of the regressions.
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Table 11: Cumulative E�ect of a Change in Federal Grants on Private R&D,
(Controlling for drug sales,GDP, and categoryand year �xed e�ects)

Dependent Variable: PhRMA it = PhRMA R&D in diseasecategory i in year t (log changes)

Independent
Variables

Cumulativ e e�ect of NonMed

(Each cell contains the log-changein PhRMA it , k periods after a unit
log-changein NonMed t � k , implied by a regressionwith the checked
independent variables, calculated by summing the regressioncoe�cien ts
of NonMed t ; : : : ; NonMed t � k .)

N
on

M
ed

a

S
A

LE
S

b

C
at

eg
or

yc

0 1 2 3 4 5 6 7p p p
-0.8607 -0.0321 1.6718 0.8551 -0.1601 0.0732 0.4733 0.5999p
-1.0576 -0.0990 1.7048 0.6208 -0.3377 -0.0331 0.3779 0.6885

aEach regressionincludes log changes of current and 7 lagged values of federal non-
medical R&D spending.

bEach regressionchecked includeslog changesof current and 7 laggedvaluesof drug sales
for each category.

cEach regressioncheckedincludescategorydummies. Eventhough there areno categories
for NonMed, there are categoriesfor SALES and for the dependent variable PhRMA.

Foundation (NSF, 2000). Then, total non-medical federal research expenditures replaced

the federalgrants for medical research as the independent variable in regression(4).

The results are shown in Table 11 and Figure 9. The obvious absenceof the same

\
S

-shaped" pattern of coe�cien ts of non-medical federal research spending indicates that

the pattern is not the result of someother factor driving all research spending.

Attempting to useinstrumental variablesto check for serialcorrelation in the residuals

wasimpractical due to the lack of suitable instruments. All reasonablecandidatesproved to

be uncorrelatedwith the independent variables.

8.4 Medical Research and Drug Sales

Of course,research expenditure, whether by a private or public entit y, bene�ts consumers

only when it results in production of useful new goods or services. While the connection
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Figure 9: Upper plot: Cumulativ e predicted percent changein Private (PhRMA)
R&D in a category, corresponding to a one-time+1% changein Non-Medical Federal
R&D, controlling for the variables indicated.
Lower plot: Regressioncoe�cien ts of Federal Non-Medical R&D used to generate
cumulativ e predicted percent changein the upper plot. SeeEquation 4 on page68
for the functional form of the regressions.
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betweenspeci�c research projectsand speci�c newproducts is often di�cult to discern(espe-

cially for basicresearch), it shouldbe the casethat increasesin overall research e�ort should

eventually leadto increasedconsumptionof relatedgoods. Research by pharmaceuticalcom-

paniesshould lead to new drugs, an outcome that may well be observable as increasesin

total drug salesin a particular therapeutic category.35 In addition, if government-sponsored

research is of ultimate economicbene�t, increasesin government research funding in a par-

ticular categorymay eventually show up as an increasein drug salesin that category.36

Running distributed-lag and VAR regressionswith the dollar valueof drug salesasthe

dependent variableand federaland private research spending(separately)asthe independent

variablesallows examination of this e�ect. The forms of theseregressionsare the sameas in

(2) and (3), but with yt as the dollar value of drug salesin year t, and x t as the amount of

public grants or private R&D expenditures, respectively.

Figure 10shows log-changesof drug salesand federalresearch spendingfor each ther-

apeutic category, and Figure 11 shows log-changesof drug salesand private R&D spending

for each therapeutic category. Table 12 shows results of the distributed lag regressionswith

yt asthe dollar valueof drug salesin year t and x t asfederalresearch spending,and Table13

shows comparableresults with x t as PhRMA research spending. Figure 12 illustrates the

cumulative responseof drug salesin each category to a unit change in federal grants and

(separately) a unit changein PhRMA spending in that category. Note that, as we would

expect, the magnitude of the apparent e�ect for both types of R&D spending is small in

the short run, and large in the long run. However, for somecategoriesthe long-run e�ects

are large and negative rather than large and positive. This is the casefor both grants and

PhRMA spending in two categoriesand for PhRMA spending in a third category as well.

35 But not necessarily, sincenew drugs may simply replaceolder drugs they render obsolete.
36 Unfortunately, for reasonsdescribed on p. 49, there is not perfect correlation between the disease

category in which research is classi�ed and the therapeutic category in which salesof the resulting drug is
classi�ed.
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Figure 10: Log of Annual Changesin Federal Grants, and
Pharmaceutical Sales,by Therapeutic Category.
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members, and Pharmaceutical Sales,by Therapeutic Category.
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Table 12: Distributed Lag Regressionsof Saleson Grants, Sum of Coe�cien ts

Dependent Variable: Y = Shipments of Pharmaceuticals (log changes)
Independent Variable: X = Federal Grants, by diseasecategory (log changes)

(Each cell contains the sum of coe�cien ts for the regressionwith the given number of lags.)
Lags
of X

Neoplasm Nervous Cardio Respir Digest Skin Infective Lag Avg.

0 -0.0151 -0.0876 0.1586 -0.0467 -0.0133 -0.0335 0.0347 -0.0004
1 -0.0826 -0.1103 0.2283 -0.0148 -0.0775 -0.0480 0.1982 0.0133
2 -0.0921 -0.0220 0.2686 -0.0745 -0.1885 -0.0768 0.2983 0.0161
3 -0.2806 -0.0695 0.3000 -0.0618 -0.2594 -0.1030 0.4147 -0.0085
4 -0.3314 -0.2872 0.3025 -0.2752 -0.5096 -0.0994 0.4367 -0.1091
5 -0.2005 -0.3959 0.7243 -0.1225 -0.8496 0.0578 0.6751 -0.0159
6 -0.1168 -0.5538 0.8984 0.2123 -0.0419 0.1558 0.0594 0.0876
7 -0.7604 -0.6579 1.5935 0.2462 2.4307 -0.0366 1.2542 0.5814

Sum -1.8796 -2.1841 4.4743 -0.1369 0.4909 -0.1837 3.3713 0.5646
Wt. Avg.a -0.0522 -0.0607 0.1243 -0.0038 0.0136 -0.0051 0.0936 0.0157

Avg.b -0.2349 -0.2730 0.5593 -0.0171 0.0614 -0.0230 0.4214

aThe average cumulativ e response, weighted by number of coe�cien ts; or equivalently , the average coe�cien t.
bThe average cumulativ e response over the eight regressions; i.e., each regression has equal weight.

Table 13: Distributed Lag Regressionsof Saleson Private R&D, Sum of Coe�cien ts

Dependent Variable: Y = Shipments of Pharmaceuticals (log changes)
Independent Variable: X = PhRMA Corporate R&D, by diseasecategory (log changes)

(Each cell contains the sum of coe�cien ts for the regressionwith the given number of lags.)
Lags
of X

Neoplasm Nervous Cardio Respir Digest Skin Infective Lag Avg.

0 0.0141 0.0055 0.3598 -0.0250 -0.0980 0.0288 0.1693 0.06493
1 -0.1550 0.0100 0.6439 0.1648 0.1049 0.0804 0.2537 0.15752
2 -0.0612 -0.1942 0.8156 0.2128 0.1756 -0.0584 0.4354 0.18937
3 -0.2125 -0.2371 0.7815 0.3658 0.0795 -0.0347 0.4427 0.16933
4 -0.4701 -0.2705 0.7529 0.3567 0.2290 0.3125 0.6641 0.22494
5 -1.1708 -0.4663 0.6550 0.3161 1.2158 -0.0416 0.2515 0.10852
6 -1.6135 -0.6936 0.4646 0.9625 1.1020 0.5136 -2.1847 -0.20703
7 -2.4096 -0.8243 0.4366 2.2342 2.0070 0.2051 -2.5360 -0.12671

Sum -6.0786 -2.6706 4.9099 4.5879 4.8159 1.0055 -2.5040 0.58086
Wt. Avg.a -0.1689 -0.0742 0.1364 0.1274 0.1338 0.0279 -0.0696 0.01614

Avg.b -0.7598 -0.3338 0.6137 0.5735 0.6020 0.1257 -0.3130

aThe average cumulativ e response, weighted by number of coe�cien ts; or equivalently , the average coe�cien t.
bThe average cumulativ e response over the eight regressions; i.e., each regression has equal weight.
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Figure 12: Cumulativ e predicted percent changein drug salescorresponding to a
one-time +1% changein R&D, by therapeutic category. In each plot, the solid line
represents the responseto a changein federal research grants, and the dashedline
the responseto a changein private (PhRMA) R&D.
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The presenceof negative e�ects of R&D spending on salesbearsfurther investigation. It is

quite likely, given the length of time it takesto do research and the lengthy regulatory pro-

cessrequired to bring a drug to market, that the true e�ect of R&D spending on drug sales

is not seenin the �rst seven yearsafter the research dollars are spent. Unfortunately, with

only 25 years'worth of data, it is not possibleto study such long-term e�ects adequately. It

is possibleto drop early lag terms from the regression,but extending the lag structure back

much farther would result in the lossof too many degreesof freedom.

Table 14 shows the results of VAR simulations and F -tests for the samedata, and

Figure 13 displays plots of the direct and VAR e�ects of an increasein federal research

spending in one year on drug salesin subsequent years. Likewise,Table 15 lists the results

of VAR simulations and F -testsfor the samedata, and Figure 14contains plots of the average

e�ect of an increasein private R&D spending in oneyear on drug salesin subsequent years.

Comparedwith regressionsin which private R&D is the dependent variable, regres-

sionswith pharmaceuticalsalesasthe dependent variable are lessconclusive, but still some-

what interesting. The distributed lag regressionsshow a negative e�ect of grants on salesfor

�v e of the seven categoriesfor zerothrough four lags,but three of these�v e turn positive by

the seven-lagregressions.The other two are positive for all (zero through seven) lags. With

private rather than government research as the independent variable, more coe�cien ts are

positive, but there is no clear pattern. (The proportion of negativesand positivesis roughly

the reverseof that with government research as the independent variable.) As noted above,

onepossiblereasonfor this is that the e�ect of research on salesprobably has much longer

lags.
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Table14: Simulation of Direct and VAR E�ects of Log of Annual Changesin FederalGrants
on PharmaceuticalSales.
(Each cell contains the change in Yt , t periods after a unit log-change in X , implied by the regressionwith
k lags of X and k � 1 lags of Y .)

t
k 0 1 2 3 4 5 6 7 8

N
eo

pl
as

m

2 0.0340 0.1250 0.1298 0.1053
3 -0.0604 0.1189 0.2083 0.0669 0.0644
4 0.1953 0.4510 0.1254 -0.0492 0.2123 0.2163
5 0.2516 0.2526 0.0924 0.1385 0.0873 -0.0208 0.0442
6 0.3893 0.4197 0.1465 0.3568 0.3965 -0.1860 -0.5788 -0.1161
7 0.9249 0.6957 0.7526 1.0263 1.8112 0.5771 -1.0959 0.0865 0.7371

N
er

vo
us

2 -0.1099 -0.1151 -0.0140 -0.0629
3 -0.1017 -0.1183 -0.0178 -0.1029 -0.0970
4 -0.1511 -0.1735 -0.0892 -0.1040 -0.2153 -0.1566
5 -0.2053 -0.2589 -0.2097 -0.1553 -0.2327 -0.1448 -0.1970
6 -0.1454 -0.2970 -0.1805 -0.2413 -0.2562 -0.1590 -0.1386 -0.1991
7 0.2918 -0.2602 -0.0251 0.0046 -0.5939 -0.2023 -0.5246 0.6894 -0.1323

C
ar

di
o

2 -0.0038 0.0521 -0.0182 0.0578
3 -0.0038 0.0511 -0.0172 -0.0938 0.0907
4 0.0090 0.1287 -0.0997 -0.0927 -0.0983 0.1733
5 0.0365 0.2961 0.0736 0.0980 -0.2123 -0.1729 0.1790
6 0.2006 0.2212 0.1317 0.1131 -0.0565 -0.2127 -0.1327 0.1319
7 0.0335 0.1257 0.1047 -0.4162 -0.0014 0.5199 -0.5513 0.1740 1.2105

R
es

pi
r

2 0.0153 0.2746 0.0138 0.1056
3 -0.0769 0.2382 0.0248 0.1836 0.1114
4 -0.0848 0.1864 -0.1085 0.2478 0.0227 0.1599
5 -0.0466 0.2873 -0.1536 0.2122 -0.0975 -0.0337 0.1162
6 0.0143 0.2366 -0.1182 0.2261 -0.0085 0.0197 0.1854 -0.0153
7 -0.3165 0.1710 -0.0624 2.2143 -2.6741 -5.6777 10.867 11.9494 -35.532

D
ig

es
t

2 -0.0342 0.0161 -0.0346 0.0310
3 -0.0417 0.00043 -0.0426 0.0022 0.0383
4 -0.0597 -0.1776 -0.1048 -0.0058 0.0281 0.0503
5 -0.0363 -0.0634 -0.0600 0.0183 0.0799 0.0111 0.1166
6 0.4548 0.2948 0.1151 0.1673 0.2209 0.3419 0.1271 0.0710
7 0.7910 0.2417 0.8631 0.7027 0.9661 -0.3133 -0.6185 0.4951 -0.1931

S
ki

n

2 -0.0988 -0.1596 -0.0991 -0.0973
3 -0.1060 -0.2322 -0.1104 -0.0955 -0.1396
4 -0.1028 -0.2337 -0.1040 -0.0741 -0.1339 -0.1380
5 -0.0916 -0.1899 -0.1337 -0.0571 -0.1109 0.0500 -0.1088
6 -0.0731 -0.2186 -0.1256 -0.0636 -0.1369 0.0588 -0.0167 -0.1746
7 -0.0852 -0.5632 -0.2924 -0.2770 -0.0766 0.1352 0.0648 -0.4410 -0.6472

In
fe

ct
iv

e

2 0.0767 0.1256 0.0412 0.0072
3 0.0412 0.0813 0.0138 0.0444 -0.0084
4 0.0720 0.1133 0.0311 0.0384 -0.0195 -0.0299
5 0.1321 0.2531 0.1629 0.1652 0.0451 0.1149 -0.0636
6 0.0840 0.1431 0.1638 0.0508 -0.0456 -1.6E-4 -0.0639 -0.1600
7 0.1455 0.4090 0.5087 0.3058 0.1463 0.2340 0.3967 -0.6934 -0.4365

87



Year Index

V
A

R
.s

hi
p.

gr
an

t.n
eo

pl
as

m

0 2 4 6 8

-0
.6

-0
.2

0.
0

0.
2

0.
4

Neoplasm VAR:
Change in Shipments per Change in Grants

Year Index

V
A

R
.s

hi
p.

gr
an

t.n
er

vo
us

0 2 4 6 8

-0
.3

-0
.2

-0
.1

0.
0

0.
1

Nervous VAR:
Change in Shipments per Change in Grants

Year Index

V
A

R
.s

hi
p.

gr
an

t.c
ar

di
o

0 2 4 6 8

-0
.3

-0
.1

0.
1

0.
2

0.
3

Cardio VAR:
Change in Shipments per Change in Grants

Year Index

V
A

R
.s

hi
p.

gr
an

t.r
es

pi
r

0 2 4 6 8

-0
.2

-0
.1

0.
0

0.
1

0.
2

0.
3

Respir VAR:
Change in Shipments per Change in Grants

Year Index

V
A

R
.s

hi
p.

gr
an

t.d
ig

es
t

0 2 4 6 8

-0
.2

0.
0

0.
2

0.
4

Digest VAR:
Change in Shipments per Change in Grants

Year Index

V
A

R
.s

hi
p.

gr
an

t.s
ki

n

0 2 4 6 8

-0
.3

-0
.2

-0
.1

0.
0

0.
1

Skin VAR:
Change in Shipments per Change in Grants

Year Index

V
A

R
.s

hi
p.

gr
an

t.i
nf

ec
tiv

e

0 2 4 6 8

-0
.2

-0
.1

0.
0

0.
1

0.
2

0.
3

Infective VAR:
Change in Shipments per Change in Grants

Figure 13: Simulation of Direct and VAR E�ects of Log of Annual Changesin
Federal Grants, on Drug Sales,by Therapeutic Category.
(Each line shows the cumulativ e changeat each stage in a regressionwith a given
number of lags; the number of lags is shown by the extent of the line. Thus, each
chart has a line with three lags, a line with four lags, and so on.)
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Table 15: Simulation of Direct and VAR E�ects of Log of Annual Changesin Private R&D
on PharmaceuticalSales.
(Each cell contains the change in Yt , t periods after a unit log-change in X , implied by the regressionwith
k lags of X and k � 1 lags of Y .)

t
k 0 1 2 3 4 5 6 7 8

N
eo

pl
as

m

2 -0.0914 -0.1560 0.0019 0.0177
3 -0.0105 -0.0103 0.0736 -0.1014 -0.0645
4 -0.1262 -0.2123 -0.2198 -0.3070 -0.1406 -0.0009
5 -0.1285 -0.1955 -0.1058 -0.1990 -0.1634 -0.2805 -0.1433
6 0.0019 -0.0327 -0.0395 -0.0844 -0.0340 -0.3474 -0.2431 0.1092
7 0.2744 -0.0064 0.2404 -0.7645 0.9587 -2.2381 2.6067 -5.1732 9.7175

N
er

vo
us

2 0.0175 0.0812 -0.1975 -0.0767
3 0.0391 0.0728 -0.1621 -0.0981 -0.0378
4 0.0062 0.0057 -0.1923 -0.1522 0.0696 0.0331
5 0.1282 0.0840 -0.0902 -0.1433 -0.1708 -0.5156 -0.0730
6 -0.0557 -0.2495 -0.4054 0.1123 0.1853 -0.4582 0.0907 0.1227
7 -0.5103 -0.6220 -0.1842 -0.0343 0.6602 -0.1409 0.0514 0.0444 -0.6569

C
ar

di
o

2 0.0934 0.4794 0.3042 0.0274
3 0.1563 0.4458 0.3395 -0.0928 0.0388
4 0.3141 0.4522 0.3919 -0.1634 0.0110 -0.1440
5 0.2765 0.6192 0.4091 -0.2089 0.0550 -0.3582 0.0718
6 0.2399 0.5946 1.0801 -1.1658 0.8753 -1.4580 1.2736 -1.7544
7 1.0276 -2.4204 11.8703 -43.486 164.20 -624.02 2366.1 -8972.5 3.40E4

R
es

pi
r

2 0.0122 0.0753 -0.0297 -0.0631
3 -0.0132 0.0984 -9.0968 0.1335 -0.0209
4 -0.0391 0.0960 -0.0222 0.1139 -0.0744 -0.0710
5 -0.1769 -0.2387 -0.0267 0.2287 0.2034 0.0607 -0.2660
6 -0.2898 -0.3827 -0.2066 -0.1134 -0.3095 -0.8534 -1.2032 -1.4934
7 -13.818 -210.41 -3005.6 -4.30E4 -6.16E5 -8.81E6 -1.26E8 -1.81E9 -2.6E10

D
ig

es
t

2 -0.0434 0.3184 0.0450 0.1375
3 -0.0578 0.3767 -0.0654 -0.0530 0.1853
4 -0.1101 0.4826 -0.1827 -0.1341 0.1212 0.2396
5 -0.1315 0.6564 -0.4576 0.1157 0.1679 0.7307 -0.3429
6 0.1327 0.5955 -0.3748 -0.1707 0.6426 0.7012 0.0205 -0.4967
7 0.2777 0.5359 1.0629 1.3391 3.4229 4.9002 5.6947 8.3283 11.331

S
ki

n

2 -0.0148 0.0226 -0.1018 -0.0018
3 -0.0509 0.0031 -0.1281 -0.0349 0.0041
4 0.1381 0.3593 0.3100 0.6857 0.9744 0.7715
5 -0.0435 0.0058 -0.3637 -0.2427 -0.1014 -0.4277 0.2192
6 -0.0418 0.0770 -0.3073 -0.1141 0.0446 -0.3929 0.2330 -0.0028
7 0.0213 -0.4530 -1.0431 -1.0053 -1.5809 -1.7191 -0.0341 2.7344 6.9342

In
fe

ct
iv

e

2 0.1988 -0.0469 0.0900 -0.0028
3 0.2399 -0.0186 0.0281 -0.0819 -0.0928
4 0.2447 0.0216 0.1012 -0.1646 0.0800 -0.0622
5 0.0698 -0.2208 0.1008 -0.2327 -0.1811 -0.2700 -0.3432
6 -0.2370 -0.8207 -0.3540 -0.0761 -0.7344 -0.5896 -0.9846 -0.9006
7 -0.1579 -0.9906 -0.2746 -0.0596 -0.6801 -0.5073 -0.6778 -1.0273 -0.9447
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Figure 14: Simulation of Direct and VAR E�ects of Log of Annual Changesin
Private R&D, on Drug Sales,by Therapeutic Category.
(Each line shows the cumulativ e changeat each stage in a regressionwith a given
number of lags; the number of lags is shown by the extent of the line. Thus, each
chart has a line with three lags, a line with four lags, and so on.)
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9 Conclusion

Due to the uncertainty inherent in research activit y and the fact that the research output

may be imperfectly appropriable,the private sectormight in equilibrium provide suboptimal

levels of innovative e�ort, particularly in areasof basic research. One possiblesolution to

this problem is for government to provide subsidiesfor basic research, in the hope that the

increasedstock of basicscienti�c knowledgethat results will stimulate the private sector to

increaseits investment in more-appropriableapplied research, and thus ultimately stimulate

private-sectorinnovation. However, sincebasic research is at least partly appropriable and

becauseresearch inputs are inelastically supplied,government funding of basicresearch may

in fact crowd out private research.

Basedon an analysisof data on public funding of biomedical research and private-

sectorfunding of R&D in the pharmaceuticalindustry, one�nds that increasesin government

research funding appear to crowd out private R&D in the short run, but stimulate private

R&D in the long run. Becausethere is a time lag between funding of basic research and

utilizing the results, this �nding is consistent with a theory that government funding crowds

out private basic research but stimulates private applied research.

The crowd-out e�ect is more pronouncedwhen expendituresare de
ated to constant

dollars using the Biomedical Research and Development Price Index (BRDPI), relative to

the e�ect observed when using current dollars, or constant dollars according to the GDP

de
ator. This is consistent with the observation that R&D inputs, particularly the services

of scienti�c personnel,are inelastically supplied; therefore, research subsidiesincreasethe

price of research for private �rms and thus directly crowd out private R&D.
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Acron yms

ADR AdverseDrug Reaction.

ATP Advanced Technology Program. Operated by NIST, this program provides federal
grants for development of certain technologiesby private for-pro�t �rms.

BRDPI Biomedical Research and Development Price Index. A price index for inputs into
biomedical research, including personnel,laboratory equipment, and other inputs, de-
veloped by the Bureau of EconomicAnalysis of the Department of Commercein co-
operation with the NIH and usedby the NIH for budgeting purposes.

CDER Center for Drug Evaluation and Research. The unit of the FDA that evaluates
applications for drug approval (INDs and NDAs).

CRAD A CooperativeResearch and Development Agreement. A formal agreement between
a national laboratory and a private �rm, onepurposeof which is commercializationby
the �rm of discoveriesmadeby the lab.

CRISP Computer Retrieval of Information on Scienti�c Projects, a databasecontaining in-
formation on all biomedicalresearch projects fundedby the U.S.Public Health Service,
which includesthe NIH and other federalagencieswhich sponsoror conductbiomedical
research.

COO Chief Operating O�cer.

COX Cyclooxygenase,an enzyme, also called Prostaglandin G/H Synthase (PGHS). At
least two forms of COX are known to exist: the \constitutiv e" form, COX-1, which
has an important role in the digestive system,and the \inducible" for, COX-2, which
hasa critical role in the in
ammatory process.Someresearchersthink there may be a
third form (COX-3) that hassomerole in producing fever.

FD A Food and Drug Administration.

GA TT GeneralAgreement on Tari�s and Trade.

GI Gastro-intestinal.

GDP GrossDomesticProduct.

IND Investigational New Drug Application, submitted to the FDA before clinical (i.e.,
human) testing of the drug. If the FDA doesnot object within 30 days, the applicant
may begin clinical testing.

NASA National Aeronauticsand SpaceAdministration.

NBER National Bureau Of EconomicResearch.
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NCE New ChemicalEntit y. A new drug that is not merely a reformulation or combination
of existing drugs, but onebasedon entirely new molecule.Most pharmaceuticalR&D
is directed at discovering and developing NCEs.

ND A New Drug Application, submitted after clinical testing is completed. If the FDA
believes the information contained in the NDA (including the results of clinical and
animal testing) shows that the drug is both safeand e�ectiv e for a particular use,the
FDA approvesthe drug for marketing for that use.

NIH National Institutes of Health.

NIST National Institute of Standardsand Technology.

NPV Net Present Value.

NSAID Non-Steroidal Anti-In
ammatory Drug. Historically, the term is usedto refer to
non-selective COX inhibitors developed after aspirin, but technically aspirin and the
new COX-2 inhibitors are alsoNSAIDs.

PGHS Prostaglandin G/H Synthase, an enzyme, also known as Cyclooxygenase(COX,
q.v.).

NSF National ScienceFoundation.

PhRMA Pharmaceutical Research and Manufacturers of America, previously known as
PharmaceuticalManufacturers' Association (PMA).

PMA PharmaceuticalManufacturers' Association, later renamedPharmaceuticalResearch
and Manufacturers of America (PhRMA).

R&D Research and Development. Includes basic research, applied research and product
development.

SBIR Small BusinessInnovation Research Program. Operated by the Small BusinessAd-
ministration, this program sets asidea certain percentage of R&D contracts in each
federalgovernment department for quali�ed small businesses.
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SIC Standard Industrial Classi�cation. The CensusBureau assignsSIC codes to each of
thousands of industries for reporting salesand other data on a per-industry basis.
SIC codes are hierarchical; that is, \t wo-digit industries" are aggregationsof \four-
digit" industries, and soon. For example,SIC code 28 refersto \Chemicals and Allied
Products," 283refersto \Drugs," 2834to \Pharmaceutical Preparations," and 28341-
28348refer to drugs in di�eren t therapeutic classes,as shown in Table 2.

VAR Vector Autoregression. A regressionmodel containing, as \independent" variables,
laggedvaluesof the dependent variable.

101


