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Abstract

How patents affect follow-on innovation is a key question for the patent system.

We show that most of what economists consider follow-on innovation could not

plausibly be affected by a patent because it is clearly not patent infringement. This

complicates the interpretation of key results from the literature. We provide simple

guidelines for improved measurement of follow-on innovation. And we replicate

an important recent study using our improved measure, finding that 87 percent of

what it considered follow-on innovation is not patent infringement. Our findings

help reconcile disparate results in the literature and advance our understanding of

how patents work. (JEL O31, O34, K20)
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The patent system is a primary regulatory mechanism to incentivize scientific and

technological innovation, a function it performs by awarding exclusive rights over an

invention for a limited time. But exclusivity comes at a price because it makes access

to the patented invention costlier. The central tradeoff of the patent regime is thus to

balance innovator incentives against access costs. The access side of the tradeoff applies

not only to end use of patented inventions but also to follow-on innovation, meaning

innovation building on earlier innovations. The latter aspect is of critical importance in

assessing patent policy because all innovation is really follow-on innovation.

Scholars have long been concerned with patent law’s tradeoff between initial and

follow-on innovation, particularly because a great deal of follow-on innovation appears

to fall within the scope of a patent (Scotchmer (1991)). In this paper we show that

much, if not most, of the activities typically conceptualized as follow-on innovation are

in fact not patent infringement. Our thesis is that the effect of patents on follow-on

innovation operates through a much narrower set of activities than previously recognized

in the economics literature. This point is vital to understanding the effect of patents.

Because the overwhelming majority of what has been considered follow-on research falls

outside the scope of the patent, the tradeoff between incentives for early technological

development and later follow-on innovation may not be as stark as theorized.

We build on recent empirical work that has used creative identification strategies to

ascertain the effect of patents on follow-on innovation (e.g., Murray and Stern (2007);

Williams (2013); Galasso and Schankerman (2015); Murray et al. (2016); Sampat and

Williams (2019)). These studies have been justly acclaimed and influential, and we join

in applauding their contributions. We show that work in this field can be advanced

by paying greater attention to whether a downstream activity of interest may actually

infringe an upstream patent.

To measure the effect of a patent on follow-on innovative activity, one must first

isolate the set of activities that could plausibly be affected by the patent and then as-

certain the extent to which the patent prevented these activities. In other words, the

innovation-chilling effect (if any) of a patent is properly conceptualized as a fraction with

the denominator being the relevant universe of potential follow-on innovations and the
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numerator being the potential innovations that did not occur because of the patent. Cor-

rectly estimating the fraction requires correctly defining the denominator. The proper

measure of a patent’s effect on subsequent innovation thus requires a proper measure of

the relevant set of potential subsequent innovations. This set, we maintain, consists of

all innovations that could plausibly be considered to fall within the patent’s scope.

Researchers have recognized this point. That is why, in estimating the effect of a

patent on subsequent research, both Galasso and Schankerman (2015) and Sampat and

Williams (2019) look only to subsequent research related to the patent—and not, say,

to all subsequent research in the field. “Importantly,” as Sampat and Williams (2019)

state, interpreting their results to mean that there was “no evidence that patents induce

economically meaningful reductions in follow-on innovation ... depends critically on the

assumption that gene patents are sufficiently broad that the types of follow-on inventions

we measure would require gene patent licenses” (227).

However, economists commonly include as follow-on innovations certain activities that

clearly do not constitute patent infringement (and thus do not “require . . . licenses”). The

most important categories of clearly noninfringing activity that are improperly included

are activities by non-US persons and by state-affiliated persons such as state universities.1

Other noninfringing activities that are commonly counted as follow-on innovations include

activities generating information for submission to the Food and Drug Administration.

Importantly, when we say that these activities clearly do not constitute patent in-

fringement, we do not mean that there is some hidden loophole in patent law that a

clever lawyer might exploit to get the defendant off the hook. We recognize that a plau-

sible threat of an infringement suit is all that is required for an activity to be properly

included in the set of relevant follow-on innovations, even if the suit may not succeed in

the end. But, as we will show, it is clear under the law that the activities we identify do

not constitute infringement, so there is no plausible threat of an infringement suit. More-

over, we show that clearly noninfringing activities constitute a substantial portion, indeed

the majority, of activities counted by researchers as follow-on innovations. We replicate

the important recent study by Sampat and Williams (2019) and find both that 87 percent

1 As is common in law, we use “person” to denote both individuals and entities.
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of what was conceptualized as follow-on innovation is in fact not patent infringement and

that patents have little effect on the remaining follow-on innovation.

Our refinement of the measure of follow-on innovation targets the direct effect of

patents on follow-on innovation. The broader measures of follow-on innovation used

in the literature may still be useful in assessing indirect effects (or the sum of direct

and indirect effects). For example, it is possible for a patent to deter scientific research

that is not itself infringing by restricting the market for selling the fruits of that re-

search. But because any indirect effect is ultimately traceable to a plausibly infringing

act—for instance, the preceding example assumes that selling the fruits would consti-

tute infringement—understanding whether an activity is infringing is vital to estimating

indirect effects as well. Understanding where there is a direct effect gives guidance on

where to look for indirect effects, making it less likely that either direct or indirect effects

will be misestimated because of an overbroad sample. Thus greater attention to whether

the activities under consideration may plausibly constitute patent infringement would

improve the literature’s estimates of the effect of patents on follow-on innovation for both

direct and indirect effects. In addition, it is useful in assessing patent policy to separately

estimate direct and indirect effects because different restrictive mechanisms may demand

different policy responses. To our knowledge, this is the first study to use a targeted

measure of follow-on innovation and thus the first to quantify the direct effect of patents

on follow-on innovation.

Section 1 connects our work to the literature. Section 2 explains the legal basis for

our claim that certain commonly included activities should be excluded from the set of

relevant follow-on innovations. We support our claims by reference to primary sources

(statutes and court decisions) to make them transparent and verifiable. Section 3 repli-

cates Sampat and Williams (2019) using a refined measure of follow-on innovation, in the

process showing how researchers may construct the set of follow-on innovations accord-

ing to the hypothesized mechanism for how an upstream patent may affect downstream

activities. As we explain, this study is particularly suitable for applying our refinement

because it is free of certain other difficulties in measuring follow-on innovation. Our re-

analysis does not overturn Sampat and Williams’s results, but it suggests that the effect
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of patenting on follow-on innovation was even smaller than they found. It also shows that

surprisingly little follow-on innovation is directly affected by the patent, with implications

for theorizing the tradeoff between initial and follow-on innovation. Section 4 discusses

the implications of our analysis, including how it may help explain discrepant findings in

several prominent empirical studies.

1 Literature

The fundamental incentive-access tradeoff of intellectual property has been theoretically

appreciated in economics for a long time (e.g., Plant (1934); Nordhaus (1969)) and in

law for an even longer time (e.g., Wheaton v. Peters, 33 U.S. 591 (1834); Kendall v.

Winsor, 62 U.S. 322 (1858)). As have the challenges that cumulative innovation pose for

the optimal design of the patent system (e.g., Scotchmer (1991); Green and Scotchmer

(1995); Hopenhayn, Llobet and Mitchell (2006); Bessen and Maskin (2009)).2 More

recently, empirical work has begun to reveal in greater depth the workings of the patent

system,3 including by studying the effect of patents on follow-on innovation.

Ascertaining the effects of patents on follow-on innovation is beset by many challenges,

not the least of which is the selection of more valuable innovations into patenting. Sam-

pat and Williams (2019) find that although patented human genes (i.e., genes containing

patented DNA sequences) were subject to greater follow-on innovation than unpatented

genes prior to patenting, there is no meaningful difference in pre-patent follow-on inno-

vation between patented and unpatented genes conditional on being included in a patent

2 Other theoretical work on intellectual property protection includes, for example, Loury (1979) and
Lee and Wilde (1980) (patent races); Reinganum (1982) (firms’ dynamic optimal resource allocation to
R&D in the presence of patents); Katz and Shapiro (1986) (IP licensing); Meurer (1989) (settlement
between patentee and potential challenger of patent); Anton and Yao (1994) (how poor inventors may
appropriate value when IP rights are weak); Arora (1995) (transferring know-how); Kortum (1997) (why
research inputs have grown rapidly but patents per researcher have fallen and productivity growth has
not increased); Henry and Ponce (2011) (knowledge trading versus IP); Weyl and Tirole (2012) (prizes
versus IP); Shahshahani (2018) (the effect of court decisions in close IP cases on subsequent congressional
legislation respecting new technologies).

3 E.g., Jaffe, Trajtenberg and Fogarty (2000); Hall and Ziedonis (2001); Mowery et al. (2001); Lanjouw
and Schankerman (2001); Harhoff, Scherer and Vopel (2003); Moser (2005); Hall, Jaffe and Trajtenberg
(2005); Murray and Stern (2007); Gans, Hsu and Stern (2008); Bessen (2008); Lemley and Sampat
(2008); Furman and Stern (2011); Moon (2011); Lemley and Sampat (2012); Moser (2012); Williams
(2013); Galasso and Schankerman (2015); Murray et al. (2016); Frakes and Wasserman (2017); Kogan
et al. (2017); Li, Azoulay and Sampat (2017); Gaulé (2018); Kline et al. (2019); Sampat and Williams
(2019); Farre-Mensa, Hegde and Ljunqvist (2020); Feng and Jaravel (2020).
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application. The authors therefore compare post-patent follow-on innovation between

patented and unpatented genes that were included in a patent application, finding no

meaningful effect of patenting on follow-on innovation. They supplement this analysis

by using the leniency of patent examiners as an instrument for the granting of a patent.

The instrumental-variable analysis shows a negative but very small effect of patenting

on follow-on innovation. Sampat and Williams use three measures of follow-on innova-

tion: articles published in scientific journals that discuss research on the patented genes,

diagnostic tests on those genes, and clinical trials relating to those genes.

The use of scientific publications to study follow-on innovation is common. The

measure is also used by Murray and Stern (2007) and Galasso and Schankerman (2015).

Galasso and Schankerman use random assignment to patent cases of Federal Circuit

judges with different propensities to invalidate patents to construct an instrument for

patent validity. Using downstream patent citations to upstream focal patents before and

after the upstream patent was invalidated as their main measure of follow-on innovation,

supplemented by data on medical devices and clinical trials for pharmaceuticals, they find

that patent invalidation leads to a large (50 percent) increase in citations to a patent in

later patents. However, the effect is concentrated in the fields of computers, electronics,

and medical devices but absent in drugs and chemical and medical technologies. Focusing

on the biomedical field, Murray and Stern (2007) exploit the lag between publication of

scientific papers and patents with the same information (patent-paper pairs) to study

how citations to a scientific publication change after publication of a granted patent.

They find a 10-20 percent drop after patent grant.

By using careful research designs, these studies have contributed greatly to our un-

derstanding of how patents affect follow-on innovation. Interpretation of their findings

is complicated, however, by certain ambiguities in their definition of what constitutes

follow-on innovation, to which we now turn.
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2 Defining Follow-On Innovation

As discussed, follow-on innovation is the pool of innovative activities that might be af-

fected by a patent—those that could plausibly infringe the patent.4 There are two chal-

lenges in defining this pool. The first arises from ambiguity in the language of a patent

“claim,” the part of the patent application that defines the boundaries of the patent right.

Because claims use words (rather than, say, precise numerical or formulaic identifiers),

it is difficult to determine what is covered by a claim, particularly in a largescale study

encompassing many patents. Citations are often used as a proxy for follow-on innovation

but are recognized to be imperfect for this reason (Galasso and Schankerman (2015)).

Sampat and Williams (2019), following Jensen and Murray (2005), use an ingenious ap-

proach to avoid this problem: patent claims on genetic sequences are standardized (the

claim is a particular DNA sequence) and thus free of the difficulties of interpreting claim

language.5 We use data from Sampat and Williams (2019) because it allows us to avoid

the noise that non-standard language creates in other studies of follow-on innovation.

The second challenge in defining follow-on innovation is the body of legal doctrines

defining infringement. At the outset, infringement in the United States is defined as

making, using, selling, offering to sell, or importing any patented invention (35 U.S.C.

§ 271(a)).6 From this baseline, patent law is riddled with doctrines that narrow the range

of infringing activities. It is impossible to discuss all such exceptions here, but we set out

several doctrines that either (1) create brightline rules about whether or not an activity

infringes or (2) affect a large swath of activities (see Freilich (2022), on which much of

the following is based, for deeper discussion). In all cases where borders of doctrine

may reasonably be considered unclear, our robustness checks in Appendix 1 consider

4 The analysis will focus on what we have called the direct effect of patents on follow-on innovation.
We turn to implications for indirect effects in Section 4.

5 However, there are other challenges to determining the scope of gene patent claims (Holman (2012)).
6 In the context of publications relating to patented genes, a measure of follow-on innovation in

Sampat and Williams (2019), this could mean sequencing or detecting a gene using a method that
requires copying or amplifying the patented genetic sequence, using a primer that includes the sequence,
or creating or using a vector that incorporates the sequence (Sherkow and Abbott (2018)). Each of these
activities requires making or using the patented gene. These activities are quite common in research
that, for instance, seeks to determine whether a gene sequence is present in a particular population or
attempts to create a mouse model with a particular allele. Researchers may import a patented technology
if they buy a probe, vector, or primer incorporating a patented genetic sequence abroad and import it
into the United States.
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alternative judgments about (non)infringement (see Section 3.3). Table 1 summarizes

the relevant doctrines. (They are US-specific, though many countries have similar laws.)

Table 1: Important US patent infringement doctrines

Infringement Not Infringement

Activities conducted in the US Activities conducted outside the US

Activities conducted by non-state-affiliated institu-
tions

Activities conducted by state governments and state-
affiliated institutions

Non-applied life sciences research; non-life sciences
research

Activities related to submission of information to the
FDA

Using a patented technique to generate information Using information generated by a patented technique

Extraterritorial activities. All patents are limited in geographic scope. In the

US, the Patent Act restricts liability to infringing activities conducted “within the United

States” or imports “into the United States” (35 U.S.C. § 271(a)). A patent filed in the

US therefore allows its holder to prevent use of the patented technology in the US alone,

not in other countries.

State activities. States, and state-affiliated entities such as state universities, can-

not be sued for patent infringement (Mt. Healthy City Sch. Dist. Bd. of Educ. v.

Doyle, 429 U.S. 274 (1977)). The Eleventh Amendment of the Constitution includes a

provision that “[t]he Judicial power of the United States shall not be construed to extend

to any suit . . . prosecuted against one of the United States,” and the Supreme Court has

affirmed that states, as sovereign entities, may not be sued by private parties without

their consent (Seminole Tribe v. Fla., 517 U.S. 44 (1996)). Because states have not con-

sented to be sued for patent infringement and the circumstances under which the federal

government can abrogate state immunity have not applied, states have immunity from

patent infringement suits (Florida Prepaid Postsecondary Educ. Expense Bd. v. College

Savings Bank, 527 U.S. 627 (1999)).

Federal government activities. Like states, the federal government is immune

from certain suits. In the context of patent infringement, the federal government has

partially waived that immunity, meaning that patent holders can recover “reasonable”

compensation for infringement (28 U.S.C. § 1498). But the federal government does not

need the patentee’s permission before working with the patented invention, and patentees

cannot obtain an injunction to stop the federal government’s use of a patented invention.
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Thus, some of the transaction costs that motivate concerns about patents’ effect on

follow-on innovation do not apply in the federal government context.

The 271(e)(1) safe harbor. In the life sciences, a great deal of research falls

into an exception to patent infringement called alternatively the 271(e)(1) safe harbor,

the Bolar exception, or the statutory research exception. This exception provides that

it is “not an act of infringement” to make, use, offer to sell, sell, or import a patented

invention as long as it is done “solely for uses reasonably related to the development and

submission of information under a Federal law which regulates the manufacture, use, or

sale of drugs or veterinary biological products” (35 U.S.C. § 271(e)(1)). In practice, this

exception almost always applies to information generated for submission to the FDA.

The Supreme Court has interpreted the words “reasonably related to the development

and submission of information” broadly to include clinical trials, some post-approval

drug development, and even early stage research into compounds as long as there is a

“reasonable basis for believing that a patented compound may work . . . to produce a

particular physiological effect, and . . . if successful, would be appropriate to include in

a submission to the FDA” (Merck KGaA v. Integra Lifesciences I, Ltd., 545 U.S. 193

(2005)). However, the exception does not exempt “[b]asic scientific research” (id.). Since

a great deal of life sciences research is done with an eye toward practical applications,

this law exempts a considerable amount of life sciences research from patent infringement.

However, researchers working on early stage or non-applied work must still be cautious

of patent infringement. The boundaries of the 271(e)(1) safe harbor are ambiguous.

Using or importing results generated from a patented technique. While

using a patented technique to generate useful information (for instance, using a patented

gene to diagnose a patient with a disease) is infringement, a researcher who obtains infor-

mation from someone else’s use of a patented technique does not infringe. For instance,

many clinical trials on genetic disorders enroll patients with a particular mutation but

don’t do the sequencing themselves—instead including only patients previously diagnosed

with the mutation, thereby avoiding infringement. Likewise, while importing a patented

product is infringement, importing information generated by a patented process is not.7

7 For instance, a company that owned a patent on a method of screening compounds that might
be useful as drugs was not able to enforce its patent against a pharmaceutical company that used the
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3 Replicating Sampat and Williams (2019) with Refined Data

We now replicate the important study by Sampat and Williams (2019) but redefine the

set of relevant follow-on innovations in accordance with our discussion in Section 2. The

reanalysis serves both to critically examine Sampat and Williams’s important findings

and to concretely illustrate how to construct the proper set of follow-on innovations. To

focus the discussion on our thesis, we follow Sampat and Williams’s analysis in everything

except for the measure of relevant follow-on innovation.

Sampat and Williams (2019) have two analyses using three datasets of follow-on in-

novation. The first analysis is a comparison, restricted to genes that were claimed in at

least one patent application, between genes that were and were not granted a patent; the

second analysis uses patent examiner leniency as an instrument for a patent grant (see

Section 1 for more details). The three measures of follow-on innovation are gene-related

scientific publications (collected from the Online Mendelian Inheritance in Man (OMIM)

database), pharmaceutical clinical trials (from the Citeline Pharmaprojects database),

and diagnostic tests (from GeneTests.org). Of these three datasets, only the one on sci-

entific publications is publicly available in a way that enables us to determine whether a

given downstream innovation could plausibly be affected by the upstream patent.8 But, as

we explain in Appendix 2, the other two datasets are likely subject to similar limitations

as those we identify below for the first dataset.

To collect follow-on scientific publications, Sampat and Williams extracted publica-

tions from the OMIM database and linked these publications to genes via two sets of gene

identifiers, MIM numbers and Entrez geneIDs.9 Sampat and Williams generated 4,014

unique MIM number-geneID-publication triads. As explained in Section 2, this proce-

patented method outside the U.S. and then imported the data (Bayer AG v. Housey Pharms., Inc., 340
F.3d 1367 (Fed. Cir. 2003)).

8 Data linking pharmaceutical clinical trials to genes are proprietary and not available to us. Data
on diagnostic tests are available from the NIH (https://ftp.ncbi.nih.gov/pub/GeneTests/), but the most
recently available file was updated in 2014, one year after gene patents were invalidated in the US (Assoc.
for Molecular Pathology v. Myriad Genetics, Inc., 569 U.S. 576 (2013)). Because the file does not include
the date on which the test first became available, it cannot be used for our purposes. An earlier version
of the data, which was used by Sampat and Williams, does not identify whether the tests were available
in or outside the US, and therefore cannot be categorized according to our methodology.

9 The former is used by the OMIM database, the latter by other databases, including the one used
by Sampat and Williams to link genes to patents. A file converting between MIM numbers and geneIDs
can be found at https://www.omim.org/downloads (genemap2.txt). GeneIDs may be associated with
more than one MIM number and MIM numbers may be associated with more than one geneID.
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dure results in an overbroad definition of the universe of relevant downstream research

because it includes research that is noninfringing, including research produced by non-US

and state-affiliated persons. We instead measure the correct set of follow-on research by

replicating the procedure used by Sampat and Williams and excluding publications that

are not infringing for one of the reasons described above. Our procedure is as follows:

3.1 Methodology

In order to ascertain whether a publication was authored by an individual outside the

US or associated with federal or state governments, we sought information on the institu-

tional affiliation of the follow-on researcher. We linked each OMIM record to a PubMed

record because PubMed includes information on authors’ institutional affiliation. To

link OMIM and PubMed records, we extracted the title, first author, and year of pub-

lication from the OMIM record and then searched for that information in the PubMed

database. We excluded OMIM records that were not in the PubMed database and also

excluded PubMed records that did not list an institutional affiliation. To ensure accu-

racy, we excluded OMIM-PubMed matches whose titles were less than 90 percent similar

as defined using Levenshtein distance. After these exclusions, our sample included 3,370

publication-MIM number-gene ID triads. Our sample has 644 fewer entries than Sampat

and Williams’s sample on account of these exclusions.

For each publication, we manually classified whether or not the first author was affili-

ated with a US address.10 If the first author was affiliated with more than one institution,

we classified the publication as US if at least one affiliation was in the US. For US institu-

tions, we additionally manually classified whether the institution was (1) for-profit or (2)

affiliated with a state government (including state universities and affiliated hospitals) or

(3) affiliated with the federal government.

In addition, we manually classified whether a publication fell into the 271(e)(1) excep-

tion. This cannot be done precisely at a large scale, nor did we conduct a legal analysis of

each publication. Instead, we used a proxy: whether the publication discussed a potential

therapeutic application. This is a reasonable proxy because § 271(e)(1) exempts research

10 PubMed’s API, Entrez, provides institutional affiliation only for first authors for papers published
before 2014.
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from infringement where there is a “reasonable basis for believing that a patented com-

pound [or gene] may work . . . to produce a particular physiological effect” which would

lead to FDA submission (Merck KGaA v. Integra Lifesciences I, Ltd., 545 U.S. 193

(2005)). However, the proxy likely underestimates the true number of publications that

fall into the 271(e)(1) exception because a great deal of research is done with an eye

towards eventual practical applications, even if those applications are not spelled out in

the paper itself. As noted, the precise contours of 271(e)(1) are not clear, particularly as

applied to research tools, so this classification is imprecise.

Finally, we manually classified whether a publication’s authors made or used genetic

sequences themselves or whether they relied on genetic information obtained elsewhere,

based on the publication’s description of their methodology. We obtained data on patent

ownership and assignment from the USPTO.

3.2 Results

Figure 1 shows the changes resulting from our refinement. Remarkably, only 369 out of

the 2,771 publications identified by Sampat and Williams—a mere 13 percent—might

constitute patent infringement. The rest clearly do not constitute patent infringement

because they are authored by non-US or government-affiliated persons, fall under the

271(e)(1) exemption, or obtain their genetic data from others.11

We now carry out Sampat and Williams’s first analysis on our narrowed list of follow-

on publications. Table 2 reports the results. Columns (1) and (2) use the entire set

of follow-on publications, as Sampat and Williams did. The results replicate those in

Table 2, Panel A of Sampat and Williams (2019). Columns (3) and (4) instead use

only publications that could plausibly be considered patent infringement, implementing

our correction. Specifically, we included only publications authored by non-government-

affiliated US persons where the 271(e)(1) exemption was not applicable and the author

11 Some patents are filed in more than one country, so non-US authors could still be affected by a gene
patent that was filed both in the US and in their country. However, of the 499 patent families (including
granted and never granted patents) in our sample, less than a third (152) have a family member filed
outside the US, let alone one filed in the author’s country. Further, many countries have robust research
exceptions that exempt non-profit research from patent infringement, and also have an equivalent to the
271(e)(1) exception. In addition, foreign patents are not subject to the examiner leniency instrument
used by Sampat and Williams. Data on patent families and countries was obtained from Google Patents.
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All publications in Sampat & 
Williams’s dataset 

2,771 

Publications by US 
institutions 

1,135 

Publications by non-US 
institutions 

1,636 

Publications by US 
government institutions 

349 
(federal: 72, state: 277) 

Publications describing 
activities that fall into           

§ 271(e)(1) 
388 

Publications containing 
genetic data obtained 

elsewhere 
29 

Remaining publications 
369 

Publications by US non-
government institutions 

786 

Publications by US non-
government institutions 

that are not exempt under 
§ 271(e)(1) 

398 

Figure 1: Narrowing the Set of Follow-On Publications in Sampat and Williams (2019)

did not obtain the genetic information elsewhere. The main results are unaffected. Like

Sampat and Williams, we fail to reject the null hypothesis that patenting had no effect on

follow-on scientific research as measured by publications. But our correlation coefficients

are more precisely estimated. Whereas their “95 percent confidence intervals can reject

declines or increases of more than 2 percent” (Sampat and Williams (2019), 219), our 95

percent confidence intervals reject declines of more than half a percent and increases of

more than a quarter of a percent (model 3).
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Table 2: Patents and Follow-On Publications on Human Genes Claimed in Granted and Not
Granted Patent Applications: Regression Estimates

Dependent variable:

log of 2011 pub’s any 2011 pub’s log of potentially any potentially
infringing 2011 pub’s infringing 2011 pub’s

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

Patent granted 0.0019 −0.0014 −0.0016 −0.0026
(0.0059) (0.0054) (0.0020) (0.0024)

Mean of dep. var. 0.1104 0.1094 0.0155 0.0197

Observations (genes) 15,524 15,524 15,188 15,188

This table shows estimates of the difference in follow-on publications in 2011 for genes that were granted a patent
versus genes that were claimed in at least one patent application but not granted a patent by 2010. Columns
(1) and (2) use all follow-on publications as the dependent variable, replicating Table 2, Panel A in Sampat
and Williams (2019). Columns (3) and (4) instead use only follow-on publications that could plausibly be
considered patent infringement, implementing our correction. Namely, we consider only publications authored
by non-government-affiliated US persons where the 271(e)(1) exemption was not applicable and the author did
not obtain the genetic information elsewhere. Each column reports estimates from a separate OLS regression
with heteroskedasticity-robust standard errors.

Next we proceed to the instrumental-variable analysis, using the patent examiner’s

leniency as an instrument for the probability that the patent would be granted. After

successfully replicating Sampat and Williams’s first-stage results (not shown here), we

implemented their second-stage analysis using our corrected set of follow-on innovations.

Table 3 reports the results. Columns (1) and (2) use the entire set of follow-on scientific

publications, as in Table 3, Panel A in Sampat and Williams (2019). Columns (3) and (4)

instead use only publications that could plausibly be deemed patent infringement, namely

those authored by non-government-affiliated US persons where the 271(e)(1) exemption

was not applicable and the author did not obtain the genetic information elsewhere.

Sampat and Williams’s IV analysis shows a negative effect of patenting on follow-on

scientific research, though the magnitude of the effect is small. Our corrected analysis

replicates qualitatively the same result. But the magnitude of the negative effect we find

is smaller. And, as in the basic analysis (Table 2), our point estimates are more precise.

Whereas Sampat and Williams’s 95 percent confidence intervals “can reject declines of

more than 9 percent” (Sampat and Williams (2019), 225), we can reject declines of greater

than 1.45 percent or of less than 0.3 percent (model 3).
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Table 3: Patents and Follow-On Publications on Human Genes by Examiner Leniency: Instru-
mental Variable Estimates

Dependent variable:

log of 2011 pub’s any 2011 pub’s log of potentially any potentially
infringing 2011 pub’s infringing 2011 pub’s

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

Patent granted −0.0230 −0.0187 −0.0090 −0.0119
(instrumented) (0.0102) (0.0089) (0.0027) (0.0036)

Mean of dep. var. 0.0798 0.0888 0.0060 0.0080

Observations 293,652 293,652 288,021 288,021
(gene-application pairs)

This table shows instrumental-variable estimates of differences in follow-on publications in 2011 for genes that
were granted a patent versus genes that were claimed in at least one patent application but not granted a
patent by 2010, using the patent examiner’s leniency as an instrument for patent grant. Columns (1) and (2)
use all follow-on publications as the dependent variable, replicating Table 3, Panel A in Sampat and Williams
(2019). Columns (3) and (4) instead use only follow-on publications that could plausibly infringe a patent,
implementing our correction. Namely, we consider only publications authored by non-government-affiliated US
persons where the 271(e)(1) exemption did not apply and the author did not obtain the genetic information
elsewhere. Each column is from a separate OLS regression with Art-Unit-by-application-year fixed effects and
standard errors clustered by patent application.

Sampat and Williams (2019) recognize that gene patents may not cover all down-

stream innovation (though their discussion is in the context of claim interpretation) and

note that their analysis is nonetheless “needed in order to investigate whether patents are

sufficiently broad to actually be affecting real economic behavior and outcomes” (228).

Our study complements this point by showing that gene patents do not directly affect

the large majority of subsequent innovation, though they may affect a small subset.

One might have expected our analysis to overturn Sampat and Williams’s null result.

If Sampat and Williams’s set of follow-on innovations includes activities that clearly do

not constitute patent infringement and as such would not be expected to be affected by an

upstream patent, and if patents (like any monopoly) are expected to increase prices and

restrict access (see p. 1), then by eliminating clearly noninfringing activities we would

be expected to arrive at a more restrictive effect than what Sampat and Williams had

found. That did not happen. Rather, in both the basic and IV analyses, we concurred

with Sampat and Williams in finding little or no evidence that patenting human genes
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restricted subsequent scientific research, with estimates of a negative effect that were

more precise and smaller in magnitude.

The divergence between our results and this theoretical expectation may have a

context-specific or a more general explanation. First, the relevant set of follow-on in-

novations in Sampat and Williams (2019), when appropriately narrowed, consists mainly

of innovations by university researchers—where survey evidence has shown that innova-

tors tend to ignore patents and patentees tend to tolerate infringement (Walsh, Arora

and Cohen (2003)). If that is the explanation, these results would not be expected to

generalize to non-research contexts (see also our discussion in Section 4 on reconciling

different studies). Second, and more generally, the theoretical expectation that patenting

restricts follow-on innovation is not unchallenged. Theoretical and empirical studies have

argued that the exclusivity provided by patent ownership encourages investing in follow-

on innovation and reduces the transaction costs of doing so (see Kitch (1977); Arora

(1995); Kieff (2001); Gans, Hsu and Stern (2002); Gans, Hsu and Stern (2008)). This

explanation, by contrast to the first one, is not specific to university research. We can-

not tell whether the specific or general explanation is driving the null result because the

available data only allowed us to apply our refined measure of follow-on innovation in the

research context. Implementing our correction in other settings would help adjudicate

between contending explanations, as we further discuss in Section 4.

3.3 Dealing with Uncertainty

Patent scope, infringement, and validity are famously characterized by uncertainty (Lem-

ley and Shapiro (2005)) and, while the doctrines discussed herein are more certain than

most, we cannot guarantee that all publications falling into a particular category are

noninfringing. To address potential uncertainties, in Appendix 1 we present robustness

checks replicating our analyses with alternative classifications of clearly noninfringing

activities. First, as explained in Section 2, activities by the federal government are not

technically immune from infringement, though they do not require a patentee’s prior li-

cense. Tables 4 and 5 in Appendix 1 accordingly present alternative versions of Tables 2

and 3 that exclude papers affiliated with the federal government from our noninfringing
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list. Second, a possible objection to our analysis is that some of the activities we classify

as noninfringing may not be known by scientists to be noninfringing, so they might still

be affected by patents. This might particularly apply to activities conducted by state uni-

versities because sovereign immunity is a lesser-known legal doctrine and to the 271(e)(1)

exemption because its boundaries are not precise. Moreover, the exemption of state activ-

ities from infringement may be complicated where scientists at state-affiliated institutions

collaborate with scientists at non-state affiliated institutions. To address these concerns,

Tables 6 and 7 in Appendix 1 present alternative versions of Tables 2 and 3 that exclude

from Sampat and Williams’s set of follow-on innovations only activities conducted outside

the US. Finally, to address potential uncertainty about the classification of US authors,

Tables 8 and 9 in Appendix 1 classify an author with multiple institutional affiliations as

US-based only if all of the author’s affiliations are in the US (as opposed to Tables 2 and

3, which classify an author with multiple affiliations as US-based if any of the author’s

affiliations are in the US). Results are substantially the same in all robustness checks.

4 Discussion

Understanding how well the patent system works requires understanding how patents af-

fect innovations that seek to build on patented inventions. Economists have accordingly

devoted considerable energy to examining the effect of patents on follow-on innovation.

But the set of follow-on innovations that might be directly affected by a patent does not

comprise all innovative activities that have something to do with the patented inven-

tion; it includes only those activities that might plausibly constitute patent infringement.

Important studies of the effect of patents on follow-on innovation have premised their find-

ings on an overbroad measure of follow-on innovation and have therefore not measured

the direct effect of patents on follow-on innovation.

Nevertheless, these estimates can be useful in assessing certain indirect effects of

patenting—provided, however, that the set of follow-on innovations is refined to capture

such effects. Most metrics of follow-on innovation in empirical studies are measures

of research such as scientific publications, patents, and clinical trials. There are two

mechanisms by which a patent can affect follow-on research: (1) directly by blocking
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research that falls within its scope and (2) indirectly by restricting the market for the

fruits of the research. As we showed, patents do not much affect follow-on innovation

through the direct mechanism, at least in the study we replicated. But patents may

indeed affect follow-on innovation indirectly, even if the follow-on innovation itself is not

infringement, because the inability to monetize the results of research could dampen

incentives to conduct the research. This indirect inhibitory mechanism could apply to

certain activities explored in this paper—for example, extraterritorial research potentially

leading up to sales in the US. Similarly, many research activities are not infringement

because they fall into the 271(e)(1) safe harbor (e.g., clinical trials), but that safe harbor

does not apply to sales of the researched product (e.g., sales of a drug after FDA approval).

But the indirect mechanism would not apply to all research that has something to do with

the patent claim, nor to all research that mentions a patented DNA sequence. Rather,

as discussed earlier, defining the set of potential follow-on innovations that might be

indirectly affected requires identifying relevant research that is being done with an eye

to plausibly infringing uses. Existing studies do not measure follow-on innovation in this

pinpointed way but instead include all relevant research indiscriminately.

Though a comprehensive effort to construct the set of follow-on innovations for pur-

poses of assessing the indirect effect of patents is beyond the scope of this project, we

did attempt to investigate one subset of innovations that could be indirectly affected.

Namely, we looked at all publications by for-profit entities. This does not exhaust the set

of relevant follow-on innovations for estimating indirect effects, but it is at least a relevant

subset. However, we found that only 33 publications in the Sampat and Williams (2019)

dataset are from for-profit entities—too small a sample and with too little variation in

the independent variable (patent grant) to allow for meaningful statistical inference.

Some might suppose that our critique of the measurement of follow-on innovation is a

fine academic point with little relevance to the ultimate questions of patent policy. After

all, if patents have no effect on follow-on innovation, then they have no effect on follow-on

innovation—whether it be because the threat of infringement is not chilling or because the

scope of the patent right is narrow. This line of thinking is mistaken. Its fallacy becomes

apparent when the argument is taken to its logical conclusion: If proper construction
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of the set of relevant follow-on innovations (the “denominator” in our earlier analogy)

does not matter, then one might as well take all potential innovations in the patent’s

field (or in all fields, for that matter) as the relevant set, which would inevitably lead

to the conclusion that scarcely any patent ever had any appreciable effect on follow-on

innovation, rendering the inquiry trivial.

To illustrate the importance of properly measuring follow-on innovation, we show

how our refinement applies to other studies of follow-on innovation and how it may help

explain discrepancies between several key studies. Murray and Stern (2007) use citations

as their measure of follow-on innovation and include citations by entities outside the

United States. This extraterritorial research is not patent infringement. Further, Murray

and Stern observe citations from 2002 and earlier, and for most of that period the United

States had a common-law research exception which was thought to exempt university

research from patent infringement.12 Murray and Stern found a 10-20 percent decrease

in follow-on innovation after the patent grant; had they narrowed their definition of

follow-on innovation to citations that were infringement, the effect may have been larger.

Galasso and Schankerman (2015) also use citations to measure follow-on innovation.

They appear to count only citations by US patents, but US patents are often filed by

foreign inventors,13 meaning they can represent research that was done outside the US

and therefore could not infringe a US patent. Further, citations in their sample could

reflect work done at state-based institutions such as universities. And, particularly in the

life sciences, many of the citations likely disclose work falling into the 271(e)(1) exception.

This last exception—which applies strongly in the life sciences but not in other areas—

may explain why Galasso and Schankerman found no effect in the biomedical sciences

but found a substantial effect in other industries.

Greater attention to the nuances of measuring follow-on innovation may also explain

why Galasso and Schankerman (2015) found a large (50 percent) effect of patents on

follow-on innovation in some fields but Murray and Stern (2007) found a much smaller

12 The precise contours of the exception were never clear. The exception essentially ceased to exist
after the Federal Circuit’s decision in Madey v. Duke University, 307 F.3d 1351 (Fed. Cir. 2002).
By contrast, the 271(e)(1) safe harbor, although it would have applied to much of Murray and Stern’s
sample, did not exist as such in the period they studied (the statute itself was on the books, but it was
not interpreted to apply broadly until 2005).

13 US Patent Office statistics for 2019 show that 55 percent of US patents were of foreign origin.
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effect and Sampat and Williams (2019) found no effect. Galasso and Schankerman used

citations to patents as their measure of follow-on innovation, whereas the other studies

used publications. It is likely that many citations, whether to patents or publications,

describe research that is not infringing. An upstream patent would therefore not be ex-

pected to have a direct effect on follow-on citations. However, citations to patents are

much more likely to reflect research from for-profit companies than citations to publica-

tions.14 Citing patents may reflect a desire to monetize research, which would be patent

infringement and would not be subject to the aforementioned doctrines.

Finally, Williams (2013) studied publications relating to genes that were available

publicly and genes that were held in secret by Celera and disclosed only under a restrictive

contract. Williams found that Celera’s IP protections decreased follow-on innovation by

20-30 percent. This is a notable difference from the later finding in Sampat and Williams

(2019) that gene patents had no effect on follow-on innovation. As Sampat and Williams

(2019) point out, this discrepancy may arise in part because Celera’s IP protection was

not patent-based and therefore not subject to any of the doctrines described above.

As a generalizable point, the effect of patents on follow-on innovation will differ sub-

stantially in different industries, at different stages of follow-on innovation (e.g., research

versus commercialization), and in different countries. Different studies may thus reach

divergent conclusions based on the specifics of the studies’ design. An important take-

away from our analysis is that the proper measure of follow-on innovation depends on

the hypothesized mechanism through which a patent might affect downstream innova-

tion. Defining follow-on innovation broadly as all innovations related to the patent claim

is unlikely to be a proper measure. To assess direct effects, the proper measure of follow-

on innovation is plausibly infringing innovations. For indirect effects the measure may be

broader, but it should still be calibrated to tie into the plausibly infringing uses that are

relevant under the hypothesized mechanism of indirect effect. By pointing out a common

and important slippage in measuring follow-on innovation, and by showing how a proper

measure can be constructed, we hope to have contributed to a better understanding of

the effect of patents and, ultimately, to more informed patent policy.

14 Patents filed by universities make up a small portion of all patents—approximately 2 percent,
according to a US Patent Office report from 2012.
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Appendix 1: Robustness Checks

Table 4: Patents and Follow-On Publications on Human Genes Claimed in Granted and
Not Granted Patent Applications: Regression Estimates (Alternative Version)

Dependent variable:

log of potentially any potentially
infringing 2011 pub’s infringing 2011 pub’s

(1) (2)

Patent granted −0.0020 −0.0032
(0.0021) (0.0025)

Mean of dep. var. 0.0172 0.0215

Observations 15,188 15,188

This table presents an alternative version of columns (3)-(4) in Table 2. Whereas Table 2 considered
publications authored by non-government-affiliated US persons where the 271(e)(1) exemption did not
apply and the author did not obtain the genetic information elsewhere, this table considers publications
authored by non-state-affiliated US persons where the 271(e)(1) exemption did not apply and the author
did not obtain the genetic information elsewhere. That is, publications authored by federal-government-
affiliated authors were not considered potentially infringing in Table 2 but are considered so here.

Table 5: Patents and Follow-On Publications on Human Genes by Examiner Leniency:
Instrumental Variable Estimates (Alternative Version)

Dependent variable:

log of potentially any potentially
infringing 2011 pub’s infringing 2011 pub’s

(1) (2)

Patent granted −0.0098 −0.0122
(instrumented) (0.0029) (0.0038)

Mean of dep. var. 0.0072 0.0092

Observations 288,021 288,021

This table presents an alternative version of columns (3)-(4) in Table 3. Whereas Table 3 considered
publications authored by non-government-affiliated US persons where the 271(e)(1) exemption did not
apply and the author did not obtain the genetic information elsewhere, this table considers publications
authored by non-state-affiliated US persons where the 271(e)(1) exemption did not apply and the author
did not obtain the genetic information elsewhere. That is, publications authored by federal-government-
affiliated authors were not considered potentially infringing in Table 3 but are considered so here.
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Table 6: Patents and Follow-On US Publications on Human Genes Claimed in Granted
and Not Granted Patent Applications: Regression Estimates

Dependent variable:

log of 2011 US pub’s any 2011 US pub’s

(1) (2)

Patent granted −0.0016 −0.0030
(0.0035) (0.0037)

Mean of dep. var. 0.0414 0.0462

Observations 15,188 15,188

This table presents an alternative version of columns (3)-(4) in Table 2. Whereas Table 2 considered
publications authored by non-government-affiliated US persons where the 271(e)(1) exemption did not
apply and the author did not obtain the genetic information elsewhere, this table considers all publications
authored by US persons.

Table 7: Patents and Follow-On US Publications on Human Genes by Examiner Leniency:
Instrumental Variable Estimates

Dependent variable:

log of 2011 US pub’s any 2011 US pub’s

(1) (2)

Patent granted −0.0170 −0.0157
(instrumented) (0.0061) (0.0061)

Mean of dep. var. 0.0276 0.0319

Observations 288,021 288,021

This table presents an alternative version of columns (3)-(4) in Table 3. Whereas Table 3 considered
publications authored by non-government-affiliated US persons where the 271(e)(1) exemption did not
apply and the author did not obtain the genetic information elsewhere, this table considers all publications
authored by US persons.

21



Table 8: Patents and Follow-On Publications on Human Genes Claimed in Granted and
Not Granted Patent Applications: Regression Estimates (Alternative Classification of US
Authorship)

Dependent variable:

log of potentially any potentially
infringing 2011 pub’s infringing 2011 pub’s

(1) (2)

Patent granted −0.0003 −0.0029
(0.0028) (0.0031)

Mean of dep. var. 0.0273 0.0314

Observations 15,188 15,188

This table presents an alternative version of columns (3)-(4) in Table 2. The difference is in the clas-
sification of US authors. Whereas Table 2 classifies an author with multiple institutional affiliations as
US-based if any of the author’s affiliations are in the US, this table classifies an author with multiple
institutional affiliations as US-based if all of the author’s affiliations are in the US.

Table 9: Patents and Follow-On Publications on Human Genes by Examiner Leniency:
Instrumental Variable Estimates (Alternative Classification of US Authorship)

Dependent variable:

log of potentially any potentially
infringing 2011 pub’s infringing 2011 pub’s

(1) (2)

Patent granted −0.0129 −0.0143
(instrumented) (0.0045) (0.0047)

Mean of dep. var. 0.0159 0.0188

Observations 288,021 288,021

This table presents an alternative version of columns (3)-(4) in Table 3. The difference is in the clas-
sification of US authors. Whereas Table 3 classifies an author with multiple institutional affiliations as
US-based if any of the author’s affiliations are in the US, this table classifies an author with multiple
institutional affiliations as US-based if all of the author’s affiliations are in the US.
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Appendix 2: Other Measures of Follow-On Innovation

Sampat and Williams (2019)’s analyses include not only publications but also two other

measures of follow-on innovation: diagnostic tests and clinical trials. These alternative

measures avoid the possible idiosyncrasies of scientific publications—namely that they are

often authored by academics who have different incentives with respect to patents than

non-academics. While we unfortunately do not have the data to analyze these additional

measures, we note that they are likely subject to the same limitations as the publication

measure.

First, both diagnostic tests and clinical trials can be run outside the United States. To

get a rough sense of how common this might be, and how it might compare with our re-

sults on extraterritorial publications, we searched https://clinicaltrials.gov/ for “BRCA1”

(a gene involved in breast, ovarian, and prostate cancers), which yielded 288 trials (for a

search conducted in June 2021). Of these, 122 (42 percent) were based outside the United

States. For diagnostic tests, we used the most recently available data from GeneTests

(2014), which lists genes and corresponding tests. 5,178 genes had diagnostic tests avail-

able outside the US and 4,644 had diagnostic tests available in the US. So 53 percent of

diagnostic tests were extraterritorial, roughly similar to 59 percent of publications that

were extraterritorial. Overall, then, the data suggest that extraterritoriality has a compa-

rable impact on all three measures of follow-on innovation (see Table 10). If anything, the

data on genetic tests and clinical trials likely overestimate the amount of US-based follow-

on research occurring in 2011 (the year in which publications were counted) because data

on genetic tests and clinical trials come from after the US Supreme Court invalidated

gene patents in 2013 (Assoc. for Molecular Pathology v. Myriad Genetics, Inc., 569 U.S.

576), which presumably removed any inhibitory effect of patents on follow-on genetic

research.

Table 10: Impact of extraterritoriality on measures of follow-on innovation

Number of publications
Number of clinical trials
for BRCA1

Number of genes with
diagnostic tests

US 1,135 166 4,644

Non-US 1,636 122 5,178
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Sovereign immunity also applies to both clinical trials and diagnostic tests. Of the

US clinical trials involving BRCA1, 53 (32 percent) were based out of state- or federal-

government affiliated hospitals. Diagnostic tests are also offered at government affiliated

institutions,15 although it is more difficult to get precise numbers on this.

Finally, the 271(e)(1) exception likely plays a significant role in exempting clinical

trials from patent infringement. Section 271(e)(1) applies to research intended to gather

information for FDA submission and almost all clinical trials are so intended. Genetic

tests are less likely to fall into 271(e)(1), but many genetic tests are offered for research

purposes—for instance as part of clinical trials.16

15 For instance, BRCA1 diagnostic tests are offered at laboratories affiliated with the University of
Michigan, the University of Oklahoma, and the University of Minnesota.

16 There is debate about whether use of research tools falls into the 271(e)(1) exception. Compare
Proveris Sci. Corp. v. Innovasystems, Inc., 536 F.3d 1256, 1265 (Fed. Cir. 2008), with Classen
Immunotherapies Inc. v. Elan Pharms., Inc., 786 F.3d 892, 897 (Fed. Cir. 2015).
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