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Academics and policymakers have long 
recognized that competitive markets may 
under-incentivize innovation. This concern 
has motivated the design of public policies 
such as the patent system, which aims to 
encourage research investments into new 
technologies by allowing inventors to cap-
ture a higher share of the social returns to 
their research investments. 

A well-developed theoretical literature 
has analyzed optimal patent policy, with a 
focus on the trade-off between providing 
incentives for the development of new tech-
nologies and tolerating higher prices during 
the life of the patent. Although such theoret-
ical models — and, importantly, public poli-
cies — typically assume that stronger (e.g. 
longer or broader) patents will induce addi-
tional research investments, there is remark-
ably little empirical evidence on how patents 
affect research investments in practice.

This question has been difficult to tackle 
empirically for at least two reasons. First, 
measuring research investments can be quite 
challenging. Second, finding variation in 
patent protection that can be leveraged in 
an empirical study is difficult. On paper, the 
U.S. patent system is uniform, providing a 
20-year period of protection for all inven-
tions. While historically some cross-country 
variation in patent laws has existed, because 
innovations are generally developed for a 
global market, country-specific patent law 
changes may often induce only a relatively 
small change in global research incentives. 

My research agenda attempts to over-
come both of these challenges in order 
to develop empirical estimates of the key 
parameters needed to inform optimal patent 
policy. By combining detailed new measures 
of research investments with novel sources 
of variation in the effective patent terms pro-
vided to otherwise similar inventions, my 
work aims to construct frameworks within 
which we can infer the volume, type, and 
value of “missing” research investments that 

would have occurred under counterfactual 
patent policies. In this piece, I summarize 
some of the main findings that have emerged 
from my research in this area. 

Measuring Innovation

Traditionally, economists who study 
innovation have relied on patent counts (or 
citation-weighted patent counts) as a mea-
sure of innovation, often leveraging the data 
constructed by Bronwyn Hall, Adam Jaffe, 
and Manuel Trajtenberg.1 Although this 
approach has been useful in many settings, 
it encounters two major limitations. First, 
in many cases it is difficult or impossible to 
match patents with the specific products 
they protect, or to identify specific groups 
of consumers that might benefit from those 
products. For example, the text in a patent 
protecting a delivery method for a breast 
cancer drug may have no information sug-
gesting the patent is relevant to breast can-
cer patients. Hence, it can be very difficult to 
use patents to measure research investments 
in a way that can be linked to product-mar-
ket or consumer-level outcomes. Second, by 
construction, patent data can only measure 
patented inventions. Because many tech-
nologies are not patented, changes in patent 
counts may in some settings reflect chang-
ing levels of inventors’ willingness to file for 
patents on their research investments, rather 
than changes in the underlying research 
investments themselves.

A major focus of my research agenda 
has been to attempt to overcome these two 
challenges by compiling “real,” non-patent 
measures of innovation. For example, Eric 
Budish, Ben Roin, and I aimed to develop 
measures of research investments in can-
cer drugs.2 The core of our data construc-
tion was to take advantage of a National 
Cancer Institute (NCI) clinical trial reg-
istry that includes an explicit listing of the 
patient groups eligible to enroll in each 
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clinical trial. Cancer treatment tends to 
be specific to an organ of origin, such as 
prostate, and stage of disease, for exam-
ple, metastatic. As such, the organ-stage 
classification tends to be used both to 
label clinical trial-eligible groups (as in 
the NCI data, where such classifications 
are used to describe which patients can 
enroll in any given clinical trial) and to 
label patients in standard clinical datas-
ets (e.g. the Surveillance, Epidemiology, 
and End Results cancer registry data, 
which provides data on the survival 
outcomes of U.S. cancer patients). 
Leveraging this organ-stage classifica-
tion hence allowed us to use clinical tri-
als as a real measure of research invest-
ments in new cancer drugs, and to link 
those research investments to measures 
of patient health outcomes — namely, 
survival outcomes for different groups 
of cancer patients over time.

As a second example, two of my 
papers — one joint with Bhaven 
Sampat  — have constructed data on non-
patent measures of innovation related to 
the human genome.3 The set of human 
genes is curated by scientists in a way that 
assigns the equivalent of Social Security 
numbers — unique identifiers for each 
gene — called Entrez Gene IDs. These 
Entrez Gene IDs are in turn linkable to 
various databases which catalog scientific 
papers that have doc-
umented evidence for 
links between genes 
and diseases; this 
“paper trail” provides a 
consistent measure of 
scientific publications 
related to a given gene. 
Entrez Gene IDs can 
also be linked to prod-
uct market databases 
such as the GeneTests.
org database, which 
provides information 
on the use of genes 
in gene-based diag-
nostic tests, and the 
Pharmaprojects data-
base, which provides 
information on drug 
compounds in clini-

cal trials that relate to specific genetic 
variations. These types of curated scien-
tific identifiers can thus provide unique 
opportunities to trace out meaningful 
links between basic scientific discoveries 
and commercialized products. 

Our goal in constructing these data is 
to apply them in order to test and evalu-
ate theories about economic factors that 
may be encouraging or hindering innova-
tion. Let me now summarize some of the 
substantive findings of our research. 

Incentives to Develop New Drugs

Why don’t we have a cure for can-
cer? Informal discussions with doctors 
and scientists usually provide a variety of 
answers to this question, many of which 
boil down to some version of “the basic 
science is hard.” But from an economic 
perspective, we are of course inclined 
to think that how “hard” any given sci-
entific problem seems might reflect not 
only the innate difficulty of the problem, 
but also the level of past research efforts 
to solve it. 

Budish, Roin, and I investigated 
one aspect of this question — namely, 
whether private firms underinvest in 
cancer drug development projects 
that require a long time to complete.4 
The basic idea of our study was this: 

Pharmaceutical firms face strong incen-
tives to file patent applications at the 
time of invention. However, prior to 
marketing a new drug, firms must sub-
mit clinical trial results to the U.S. Food 
and Drug Administration (FDA) docu-
menting that their product meets a set 
of safety and efficacy standards. These 
clinical trials generate a lag between the 
time of patenting and the time of com-
mercialization, which reduces an inven-
tion’s effective patent life — more so for 
drugs that require longer clinical trials. 
A key determinant of clinical trial length 
is patient survival time: Because clinical 
trials generally must show evidence that 
the treatment improves mortality-related 
outcomes, clinical trials tend to be lon-
ger — and hence, effective patent terms 
shorter — when enrolling patients with 
longer survival times. All else being equal, 
firms are thus awarded longer terms of 
market exclusivity for successfully devel-
oping drugs to treat patients with shorter 
survival times (such as patients with 
late stage, metastatic cancers) relative to 
drugs to treat patients with longer sur-
vival times (such as patients with early 
stage, localized cancers). This motivates 
the following empirical test: If longer 
patent terms encourage more research 
investments, we should see higher lev-
els of private research investments on 

treatments for patient 
groups that require 
shorter clinical trials. 

Using the cancer 
clinical trial registry 
data described above, 
we document several 
sources of empirical 
evidence that together 
are consistent with 
private research invest-
ments being distorted 
away from long-term 
projects such as drugs 
to prevent or treat 
early-stage cancers. 
For example, Figure 1, 
reproduced from our 
paper, documents that 
research on cancers 
which require longer 

  E. Budish, B. Roin, and H. Williams, NBER Working Paper No. 19430, and published as “Do firms underinvest in long-term
research? Evidence from cancer clinical trials” in American Economic Review, 105(7), 2015, pp. 2044-2085

Share of Clinical Trials that are Privately Financed

0%

Five-year patient survival rate

20 40 60 80 100

20

10

30

40

50%
Share of trials that are privately financed

Figure 1



20 NBER Reporter • No. 1, March 2019

clinical trials because they have  higher 
five-year survival rates is more likely to be 
publicly funded. A back-of-the-envelope 
calculation we present suggests that this 
distortion has quantitatively important 
implications for the survival outcomes of 
U.S. cancer patients. 

Unfortunately, our estimates cannot 
speak directly to the potential role of pat-
ents, since excess impatience of private 
firms may also under-incentivize long-
term research.5 Our empirical evidence 
is nonetheless directly relevant to at least 
two policy levers. First, to the extent that 
valid surrogate endpoints — non-sur-
vival endpoints that 
are known to be caus-
ally linked with subse-
quent survival improve-
ments but which can 
generally be observed 
more quickly than can 
changes in survival out-
comes — are available, 
our evidence suggests 
that allowing clinical 
trials to rely on valid 
surrogate endpoints 
can meaningfully 
increase research invest-
ments and substantially 
improve patient health 
outcomes. Second, our 
results suggest a ratio-
nale for targeting pub-
lic research subsidies 
toward projects that are 
expected to have long commercialization 
lags, such as many Alzheimer’s drugs. 

Human Genomes: 
Public and Private

The prediction that stronger patent 
protection induces additional research 
investments emerges unambiguously 
from a class of theoretical models that 
treat innovations as isolated discoveries. 
In practice, however, innovation is often 
“cumulative,” that is, any given discov-
ery is also an input into later, follow-on 
discoveries. In such cases, optimal pat-
ent policy will depend in part on how 
patents on existing technologies affect 

follow-on innovation. A well-developed 
literature has documented theoretically 
ambiguous predictions on how patents 
affect follow-on innovation, but there is 
little available empirical evidence.6 I here 
describe two papers that aim to shed 
light on this question in the context of 
the human genome.

In 2001, the journals Nature and 
Science published the initial sequences 
of the human genome: Nature pub-
lished a version completed by the pub-
licly funded Human Genome Project, 
and Science published a version com-
pleted by a private firm, Celera.7 As 

was described in an accompanying edi-
torial in Nature, the rules surround-
ing data access differed across the two 
efforts.8 The Human Genome Project 
placed all of its sequenced data in an 
open-access database within 24 hours of 
being sequenced, with the stated goal of 
maximizing the data’s benefit to society. 
Celera instead chose to protect its data 
with a contract law-based form of intel-
lectual property, which allowed free use 
of the data for academic research, but 
placed restrictions on redistribution of 
the data and required licensing agree-
ments to be negotiated for any down-
stream discoveries. As emphasized in the 
Nature editorial, much public debate sur-

rounded the question of whether Celera’s 
data not being open access would hinder 
subsequent scientific research and prod-
uct development. 

I collected records of when each 
human gene was sequenced by Celera 
and by the Human Genome Project,9 
which indicates whether a gene was ever 
held with Celera’s intellectual property. 
Genes sequenced first by Celera were 
held with Celera’s intellectual property 
until the gene was re-sequenced by the 
Human Genome Project, at which time 
it moved into the public domain. I linked 
these records to the types of gene-level 

innovation measures 
described above. Using 
these data, I docu-
mented that Celera’s 
property rights 
reduced subsequent 
scientific research and 
product development 
by approximately 30 
percent. 

Taken at face 
value, these results 
clearly suggest that 
data access rules can 
have quantitatively 
important effects 
on the rate of inno-
vation. Because the 
timing of that study 
coincided with a high-
profile U.S. Supreme 

Court case (AMP v. 
Myriad) that ruled on whether human 
genes should qualify as patentable sub-
ject matter, a question naturally arose of 
whether the negative effects of Celera’s 
non-patent intellectual property would 
be similar to the effects of gene patents. 
Sampat and I directly investigated this 
question.10

We proposed two quasi-experimen-
tal approaches for investigating how 
gene patents affect follow-on innovation. 
First, we compared follow-on innova-
tion on genes claimed in accepted ver-
sus rejected patent applications. Figure 
2 above, reproduced from our paper, 
shows that genes included in accepted 
and rejected patent applications were the 

B. Sampat and H. Williams, NBER Working Paper No. 21666, and published as “How do patents a�ect follow-on
innovation? Evidence from the human genome,” in American Economic Review, 109(1), 2019, pp. 203-236.
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subject of a similar number of clinical tri-
als both before and after the relevant pat-
ent applications were filed. The earliest 
patent application filing date in our sam-
ple is denoted by the vertical line.11 

Second, we constructed an instru-
mental variable for whether a patent 
application is granted a patent, based 
on the “leniency” of the conditionally 
randomly assigned patent examiner. In 
contrast with the effects I observed with 
Celera’s intellectual property, both of 
these approaches suggest that gene pat-
ents have not reduced follow-on inno-
vation; in particular, we can statistically 
reject declines in follow-on innovation 
on the order of my earlier estimates for 
Celera’s intellectual property. 

Both of the quasi-experimental 
approaches developed in this paper have 
already been re-applied in a number of 
other papers, by myself as well as other 
authors, and I have been pleased to see 
refinements and improvements of them 
being developed as well, as in the work of 
Josh Feng and Xavier Jaravel.12 

Taken together, the evidence from 
this set of papers suggests that the tra-
ditional patent trade-off (ex ante incen-
tives versus deadweight loss) may be 
sufficient to analyze optimal patent pol-
icy design at least in some markets, 
but that non-patent policies governing 
access to materials — such as data exclu-
sivity — may have important effects on 
follow-on innovation.
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