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S O C I A L  S C I E N C E S

Science quality and the value of inventions
Felix Poege1,2, Dietmar Harhoff1,3,4*, Fabian Gaessler1,5, Stefano Baruffaldi1,6

Despite decades of research, the relationship between the quality of science and the value of inventions has 
remained unclear. We present the result of a large-scale matching exercise between 4.8 million patent families 
and 43 million publication records. We find a strong positive relationship between the quality of the scientific 
contributions referenced in patents and the value of the respective inventions. We rank patents by the quality of 
the science to which they are linked. Strikingly, high-ranking patents are twice as valuable as low-ranking patents, 
which, in turn, are about as valuable as patents without a direct science link. We show this core result for various 
science quality and patent value measures. The effect of science quality on patent value remains relevant even 
when science is linked indirectly through other patents. Our findings imply that what is considered excellent within 
the science sector also leads to outstanding outcomes in the technological and commercial realms.

INTRODUCTION
The relationship between science and technology has been subject 
to intense discussions for centuries. Science was largely funded via 
patronage during the Renaissance, and separation of public funding 
for fundamental research and private industrial funding for applied 
research and commercial innovation efforts only emerged in the 
19th century (1, 2). Since the aftermath of World War II, policy-
makers have relied on the notion that science helps to generate 
knowledge and information that ultimately contributes to the emer-
gence of new technical and organizational capabilities, improvements 
in quality of life, and economic growth (3). Vannevar Bush’s vision 
of a publicly funded science system that feeds into privately organized 
innovation channels became the blueprint for most of the Western 
national systems of science funding, research and development, and 
innovation. This notion has recently come under scrutiny again, as 
voters have increasingly been demanding evidence on the benefits 
of science spending. For policymakers and scientists alike, it is 
tantamount to improve the understanding of the impact of science 
on technical progress and innovation.

The most pertinent form of output delivered by the science sector 
is publications, which are known to vary widely in quality. While 
some scientific publications will reach and inspire large numbers of 
researchers, others are never read or referenced. Measures of scientific 
quality, such as citation counts or impact factors, are used to make 
this heterogeneity visible and have become increasingly important 
in the governance of the science sector. Science governance and science 
funding seek to promote excellent over more mediocre science 
output by allocating resources to those researchers and institutions 
from which outstanding results can be expected.

However, it has been argued that this logic does not take tangible 
results from technology transfer and commercialization into account. 
Science is inward-looking, according to these voices. This raises the 
question as to what extent science output that is considered “excellent” 
within the science sector can lead to outstanding outcomes in the 
technological and commercial realms. This paper seeks to contribute 
new insights into the understanding of this nexus.

We provide evidence that the quality of scientific publications—
as commonly assessed in science via citations—is a strong predictor 
of their relevance for and impact on technology development as 
documented in patents. We document two main results. First, pub-
lications with high scientific quality are vastly more likely to be cited 
in patent documents and at a higher rate. This confirms the baseline 
results of previous research going back to Hicks et al. (4) on a sub-
stantially larger and more diverse dataset. Second, the value of 
patents that directly build on science increases monotonically with 
science quality. These results hold across scientific disciplines, tech-
nological areas, and time. Ahmadpoor and Jones (5) recently estab-
lished that patents more closely related to science are more valuable. 
We confirm that closeness to science matters; however, this relation-
ship is largely driven by the actual science quality. Considering both 
dimensions together provides the most comprehensive view of the 
science quality–patent value relationship.

Data
Our analysis starts from the universe of scientific publications in Web 
of Science (WoS) from the year 1980 onward, corresponding to 
approximately 43 million scientific publications. In terms of patents, 
we consider a sample of more than 4.8 million patent families, com-
prising all patent families from the database DOCDB with at least 
one grant publication at the European Patent Office (EPO) or the 
U.S. Patent and Trademark Office (USPTO), with first filing date 
between 1985 and 2012 included. Subsequently, our unit of analysis 
is the patent family, to which we also interchangeably refer as “patents.” 
The patents protect inventions in developed countries with more 
than 1 billion inhabitants in total.

Patents reference various types of documents that relate to the 
protected invention by either determining novelty (prior art) or 
explaining the content of the underlying invention. These documents 
listed on the patent’s front page or in so-called search reports include 
not only other patents foremost but also frequently nonpatent literature 
(NPL) (6). A subset of the latter are references to scientific articles, 
which we dub scientific NPL (SNPL).

To link patents to publications, we leverage a highly precise and 
comprehensive match of NPL references in patents with scientific 
publications in WoS. The NPL references in patents that were 
successfully linked to scientific publications comprise our set of SNPL 
references. Around 0.9 million patents were linked to at least one 
scientific publication via a total of about 7.0 million SNPL references. 
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Of all scientific publications, about 2.2 million figure in this list of 
SNPL references.

In our core set of analyses, we rely on established measures of 
scientific quality and patent value. The quality of scientific publica-
tions is measured by the number of citations from other scientific 
publications over a period of 3 years since publication. We define a 
patent’s SNPL science quality as the quality of the patent’s SNPL 
references. A patent can reference zero, one, or several scientific 
articles in the same way that a scientific article can be referenced 
by zero, one, or many patents. Figure 1 illustrates this setup. When 
more than one SNPL reference is present, we consider by default 
only the publication of the highest quality. Patent value is measured 
by the number of forward patent citations over a period of 5 years 
from the patent’s first filing date. We use citations by U.S. patents as 
our first measure of patent value. Our results are robust to alterna-
tive choices. We replace citations as science quality measure with 
the journal impact factor. We replace our aggregation method of 
the quality of multiple SNPL references with several other options. 
We replace U.S. patent citations as value measures with a host of 
alternatives. The Supplementary Materials provide further detailed 
information on data sources, discuss the use of citations as indicators 
of relatedness between technology and science, and elaborate on 
alternative measures of patent value and scientific quality that we 
use for robustness analyses.

RESULTS
We first explore the selection of scientific publications into the patent 
realm, i.e., the relationship between science quality and the likelihood 
that a scientific publication is referenced in a patent. We look at the 
probability and intensity of referencing, i.e., if any and how many 
patented inventions refer to a given scientific contribution. We 
present results for publications below the median (all receiving zero 
science citations), for publications between the median and the 70th 
percentile, and the 80, 90, 95, 99 (top 1%), 99.9 (top 1 permille), and 
99.99 (top 1 permyriad) percentiles of scientific quality. Figure 2 
presents these results; the line plots the share of scientific publica-
tions appearing as SNPL references in at least one patent, and the 
size of the circles indicates the average number of times they appear 
as SNPL references.

We find a remarkably strong positive selection of scientific pub-
lications of high scientific quality into SNPL references. Below the 
median, scientific publications are almost never SNPL references. 

This number increases up to 40% at the top 1% of publications by 
scientific quality. A staggering majority of publications at the top 1 
permille (>60%) and beyond the top 1 permyriad (80%) are refer-
enced in the patents. The average number of times they appear as 
SNPL references in distinct patent families is 8.1 and 23.36, respec-
tively. We emphasize that these results are not due to feedback from 
important patents to citations of the underlying science. By restricting 
our measure for scientific citations to the first 3 years after publica-
tion, we effectively exclude this bias.

In our main analysis, we investigate the extent to which SNPL 
science quality is a predictor of patent value. The main figures 
account for level differences across technology fields and over time: 
We estimate econometric models that absorb variation across these 
dimensions with pair-level fixed-effect (FE) controls and graphically 
present the resulting residual values. In effect, we transform devia-
tions from the technology field and year-specific mean to deviations 
from the overall mean. In this way, the main results we present 
graphically account for structural changes over time across techno-
logical areas and constitute a baseline correlation with an immediate 
interpretation.

The relationship between SNPL science quality and patent value 
is depicted in Fig. 3A. We plot the average patent value across the 
distribution of SNPL science quality. As a first measure of patent 
value, we use the number of patent citations from U.S. patents. Later 
on, we consider alternatives. As a benchmark level, the figure shows 
the average value of patents without any SNPL reference (dashed 
line). We contrast two possible aggregation methods of SNPL 
science quality. When a patent references multiple scientific articles, 
we use, in a first variant, the highest-quality reference (orange). 
Here, we juxtapose a second variant where we consider the average 
quality of all references. Top science matters much more, considering 
that scientific material beyond the highest-quality reference dilutes 
the science quality–technology value relationship. In the Supple-
mentary Materials, we show that this extends to other aggregation 
methods that focus on the top of the quality distribution. Conse-
quently, we continue by only considering the highest-quality SNPL 
reference.

Previous studies have shown that SNPL references or references 
to other technical literature are associated with higher-value patents 
(5, 7, 8). We are able to confirm this finding in our data: The value 
of patents with SNPL references is higher than or equal to that of 
patents without SNPL references for any level of SNPL science quality, 
except the very bottom.

Fig. 1. Setting: Domains of science (left), technology (right), and patent-paper references. 
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Notably, SNPL science quality fully explains the difference in 
average value between patents with and without SNPL references. 
Patent value increases rapidly, and almost monotonically, for a higher 
level of SNPL science quality. Patents with SNPL references at the 
bottom of the SNPL science quality distribution are, on average, as 
valuable as patents without SNPL references. Compared to this group, 
patents at the top of the SNPL science quality distribution receive 
more than twice as many forward patent citations. This core result 
suggests that scientific activities of high quality may lead to the 
development of highly valuable technologies.

Sometimes, high-quality research and technology development 
are undertaken by the same individuals or organizations, which may 
drive the result. Inventors and scientists can perform scientific 
activities that may lead directly to both scientific and technological 
outcomes (9). Therefore, we complement this finding by exploring 
how our results vary when considering separately SNPL self-references, 
whether at the author or institutional level. Figure 3B describes the 
corresponding results. The line in orange indicates the patent value 
of patents with SNPL self-references, i.e., those that overlap at the 
individual or institutional level. The line in blue describes the value 
of patents excluding SNPL self-references. The latter presents close 
to identical results to those obtained in Fig. 3A. Note that for part of 
the SNPL science quality distribution, with the exception of the very 
top, patent value is higher when patents with SNPL self-references 
are excluded. The share of SNPL self-references is roughly similar 
and, if anything, tends to decrease with higher levels of SNPL science 
quality. Overall, this is supportive of the idea that high-quality science 
is linked to high-value technology especially when science and tech-
nology are produced by different individuals or organizations.

Our analysis, so far, has focused on patents at the frontier with 
science, i.e., linked directly to a scientific publication via an SNPL 
reference. To generalize our findings, we also consider patents con-
nected to scientific publications indirectly via references to other 
patents. Patents for which the shortest path in the citation network 
is longer are said to be more distant from the science-technology 
frontier. Recent studies have used this concept of distance between 
science and technology and demonstrate that the value of patents 
monotonically decreases with greater distances from the science frontier 

(5). In Fig. 4, we consider this dimension and describe the value of 
patents at different levels of distance from the science-technology 
frontier. We distinguish patents linked (directly or indirectly) to 
SNPL references at the top 10% and bottom 10% of quality. We also 
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Fig. 2. SNPL references by science quality. Science quality is the 3-year citation 
count from other scientific publications. The patent count is not conditional on 
appearing as an SNPL reference. Blue shaded areas show 95% confidence intervals 
around the mean. N = 42,962,463.
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Fig. 3. Patent value by SNPL science quality. SNPL science quality is the maximum 
3-year citation count across scientific publications appearing as SNPL references in 
a patent. Patent value is measured as the 5-year count of patent forward citations 
by U.S. patents. Patent value and science quality are residualized using technology 
field × first filing year FEs. Shaded areas show 95% confidence intervals around the 
respective means. (A) When there are multiple patent-paper references, we, by default, 
use the highest-quality reference (orange). In comparison, we use the average quality 
(blue). (B) SNPL self-references of the highest-quality SNPL references are considered. 
(C) Time distance is measured as the lag between the first filing year of the patent 
and the publication year of the scientific publication in SNPL references with the 
highest science quality. N = 4,767,844 patents (948,006 with SNPL references).
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report the average value of all patents at different distances. Patents 
linked to more than one patent with SNPL references at the same 
distance are assigned to the patent with the highest-quality SNPL 
reference.

We find that the correlation between patent value and SNPL 
science quality largely propagates to patents at higher distances from 
the science-technology frontier. The increase in patent value for a 
change from the average patent to patents in the top 10% (patents 
citing other patents with SNPL references to scientific publications 
of high quality) is approximately equal to the increase in patent value 
for moving one step closer to the frontier. For instance, patents that 
are one step away from the top 10% have about the same value as 
the average patent at the science frontier. At any distance, patents in 
the top 10% always have higher average values than those in the 
bottom 10%. The difference persists also at a substantial distance 
from the frontier, approximately constant and equal to about a 
three times higher value. Regression results in the Supplementary 
Materials confirm that the positive correlation between SNPL 
science quality and patent value starts fading only after a degree of 
distance higher than 6. We can conclude that science of high quality 
spurs technological progress of high value far beyond the science- 
technology frontier.

In Fig. 3C, we also consider time as a related dimension to 
distance from science. Time is measured as the lag between the first 
filing year of a patent family and the publication year of the highest- 
quality SNPL reference. We study how patent value varies along the 
SNPL science quality distribution and for different levels of time lag. 
Shorter time lags are always associated with higher patent value. The 
correlation with SNPL science quality remains strongly positive for 
all levels of time distance but is stronger for patents with short time 
distance. As a consequence, at high levels of SNPL science quality, 
patent value is high on average; however, it also increases sharply 

for shorter time lags. Conversely, at low levels of SNPL science quality, 
the marginal effect of time distance is small.

So far, we have measured patent value with U.S. forward patent 
citations. However, the results are robust across a broad set of alter-
native measures of patent value. First, we consider the number of 
citations from the EPO. Second, we adopt two indicators of monetary 
value, available for a subsample of patents. We use estimates from 
Kogan et al. (10), who propose a measure based on abnormal stock 
market returns at the patent’s grant event as a proxy for its private 
value. We further obtain inventor survey-based value estimates of 
patented inventions from the PatVal survey (11). These two measures 
are only available for a limited sample of patents of about 899,000 
and 11,000, respectively. Third, we measure patent scope by the length 
of the text of the first independent claim. This relies on evidence 
showing that longer descriptions of the claimed invention imply 
narrower legal protection and, therefore, a lower patent value (12). 
We consider separately, and when available, the length of the first 
independent claim in the patent grant publication at the USPTO or 
the EPO. Table 1 reports descriptive statistics based on the average 
of all these alternative patent value indicators for patents without 
SNPL references and for patents in the top 10% and bottom 10% of 
the SNPL science quality. We replicate regression results for all 
these alternative measures of patent value in the Supplementary 
Materials.

 The relationships discussed are backed up by econometric models 
that allow for quantifying their average magnitude, assessing their 
statistical significance, and controlling for the relevant confounding 
factors. In the Supplementary Materials, we control for narrower 
technology fields, variation over time across scientific fields, patent 
applicants, and patent characteristics. Narrower technology field 
controls and science field controls leave the results essentially 
unchanged. Applicant characteristics explain about one-third of the 
baseline correlation, whereas the additional patent-level controls 
explain about half of the correlation. Qualitatively, the results remain 
unchanged. Note that the underlying econometric models help rule 
out alternative explanations but may also lead to overly conserva-
tive estimates. In particular, some of the patent-level controls might 
constitute pathways in which science quality contributes to patent 
value; thus, including them underestimates the effect.

Furthermore, the Supplementary Materials present estimates across 
different technology areas and scientific fields. We estimate separate 
regressions on subsamples defined by the patent’s main technology 
area and the SNPL scientific area, respectively. The estimates remain 
strongly significant and comparable across all groups. The effect 
sizes are larger for patents in chemistry and mechanical engineering 
compared to electrical engineering and instruments, and for SNPL 
references in chemistry and physics compared to biology, computer 
science, medical science, and electrical engineering.

CONCLUSION
The quality of scientific contributions is often measured in terms of 
their impact within the scientific community. However, scientific 
work increasingly needs to be gauged by and acknowledged for its 
contributions to society and future technical and social advancements. 
The fact that science quality is practically defined within the realm 
of science itself contributes to a perception of science as being an 
independent upstream activity, at times detached from technological 
progress, with an indirect and delayed impact on society at best.
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Fig. 4. Patent value by distance to the scientific frontier and SNPL science 
quality. SNPL science quality is the maximum 3-year citation count across scientific 
publications appearing as SNPL references in a patent. Patent value is measured as 
the 5-year count of patent forward citations by U.S. patents. Patent value and science 
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to which they are linked. N = 3,709,655.
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On the contrary, our study suggests that such an interpretation 
of the relationship between science quality and technology would 
largely be a misconception. We show that excellent science is directly 
linked to inventions of particularly high value. More specifically, 
our findings demonstrate that there is a robust and strong relation-
ship between the scientific quality of a publication referenced in a 
patent and the patent’s impact and commercial value.

High-quality science and high-value technology concentrate on the 
science-technology frontier (5). However, it remains unclear whether 
they directly relate to each other. On the one hand, high-quality 
science may be hard to translate and may yield mostly low-quality 
patents. On the other hand, applied science with little scientific im-
pact may lead to outstanding technological results. We rule out this 
possibility by showing that the positive relationship between science 
and technology quality is a key mechanism at play at the frontier.

Our results are descriptive, and the exact causes of the strong 
correlation will have to be analyzed in future work. At this point, it 

seems most reasonable to presume that industrial users of scientific 
insights scan the science sector for novel results and use the ones 
that are most promising for applications in their industrial fields. 
We doubt that they do so merely on the basis of science citation 
counts or impact measures. Rather, we expect that they apply their 
own complex logic and assessments and that they may even avoid 
using the classical metrics of the science sector altogether. Commercial 
investments are unlikely to be made on the premise that the citation- 
measured interest in the scientific community is sufficiently high. 
Hence, the high correlation between quality measures used in the 
science sector and those used in the commercial (patent) realm is 
fortuitous. They are highly unlikely to reflect a spurious selection result.

Putting aside the exact causal links, our results provide intriguing 
evidence for the governance system of science, e.g., at universities 
and public research organizations, as well as for funding agencies 
and science policymakers. The current system steers researchers 
to strive for success measured in terms of citations and impact. 
According to our findings, the outcomes of such a system are well 
aligned with later stages of technology development and translation 
of science results. Our study does not provide evidence on the opti-
mality of the alignment. However, it contradicts the notion that the 
application of scientific criteria in science funding decisions leads 
researchers to engage in exercises that are of little value to society at 
large. Quite to the contrary, science quality (as measured by scientists) 
is a strong predictor of applicability and practical value of the tech-
nologies developed as the fruits of scientific endeavors. Somewhat 
paradoxically, when making commercial investment decisions, 
considering academic measures such as citation counts or impact 
factors may not be a bad idea.

MATERIALS AND METHODS
Scientific literature data
The scientific literature data come from 43 million scientific publica-
tions corresponding to all research articles indexed in the Clarivate 
Analytics WoS database that were published between 1980 and 2016. 
WoS is the largest bibliographic database of scientific literature and 
provides all main information for each scientific publication, in-
cluding authors, affiliations, research fields, and citations (see the 
Supplementary Materials for further details).

Patent data
The main source of patent data in our study is DOCDB, a database 
maintained and updated on a weekly basis by the EPO. It includes 
records from more than 90 patent offices. We based our study on a 
sample of more than 4.8 million patent families in DOCDB, com-
prising all patent families with at least one grant publication at the 
EPO or the USPTO, with first filing date between 1985 and 2012 
included. We included references generated during the search and 
examination phase of patents filed at the EPO, USPTO, or the 
World Intellectual Property Organization (see the Supplementary 
Materials for further details).

SNPL matching methodology
The dataset to link patents to referenced scientific publications is a 
full match of DOCDB patent data with bibliographic information 
included in the WoS. The matching consists of three steps: target 
selection, search, and quality control. During target selection, cleaning 
steps are undertaken to exclude NPL strings that are not scientific 

Table 1. SNPL science quality and alternative measures of patent 
value. The table presents descriptive statistics for all considered measures 
of patent value. It reports average values for patents without SNPL 
references, with SNPL references in the bottom 10%, and with patents in 
the top 10% of science quality. Patent value and science quality are 
residualized using technology field × year FEs. Elasticities from 
corresponding regression analyses are available in the Supplementary 
Materials. 

No SNPL Bottom 10% Top 10%

U.S. citations

Mean 5.125 4.928 10.175

SE (0.004) (0.022) (0.058)

N 3,471,621 84,406 84,808

EP citations

Mean 0.947 0.750 2.078

SE (0.001) (0.012) (0.016)

N 3,471,621 84,406 84,808

Kogan et al. (10) 
(USD)

Mean 13.326 12.517 16.704

SE (0.044) (0.625) (0.469)

N 700,613 8866 13,811

PatVal (EUR)

Mean 11.929 8.277 24.450

SE (0.451) (3.226) (4.992)

N 8507 349 227

U.S. claim length

Mean 185.532 179.467 178.012

SE (0.082) (0.456) (0.496)

N 1,956,651 65,921 69,939

EP claim length

Mean 143.905 140.782 129.188

SE (0.084) (0.335) (0.456)

N 1,159,049 42,534 29,972

 on A
pril 16, 2020

http://advances.sciencem
ag.org/

D
ow

nloaded from
 

http://advances.sciencemag.org/


Poege et al., Sci. Adv. 2019; 5 : eaay7323     11 December 2019

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

6 of 8

articles or are outside of the available WoS data. For the remaining 
entries, a search engine is used to look up NPL full-text strings in a 
full-text index of the complete WoS. The search engine returns a 
ranked list of match candidates. During the quality control stage, 
the topmost candidate is examined, and the match quality is judged 
according to a field-based scoring.

To validate the matching quality, random subsamples of 1000 NPL 
references for each patent office were drawn. An NPL string is con-
sidered a valid target if it can be found in the WoS using a manual 
search. We evaluated precision and recall, where precision is computed 
as the share of correct matches out of all matches delivered by the 
algorithm, and recall is the share of all targets that can be recovered 
successfully. Of the 27 million references retained as valid targets, 
13 million (47.1%) satisfy the chosen quality requirement.

Our units of analysis are DOCDB patent families that typically 
include multiple references. The final sample contains 948,006 
DOCDB patent families from 1985 to 2017 linked to 2,229,581 
distinct scientific articles in the time range of 1980–2016 (see the 
Supplementary Materials for further details).

Measures of science quality
Scientific citations and journal impact factor
For a given publication, we counted the number of citations in a 
window of 3 years from publication. The journal impact factor is 
the average annual number of citations to articles published in that 
journal during the two preceding years (see the Supplementary 
Materials for further details).
Patent-level aggregation of SNPL references
In our sample, for patents with SNPL, there are, on average, 7.2 SNPL 
references per patent and 64.0% have references to more than one 
distinct scientific publication. In our main analyses, we defined SNPL 
science quality as the maximum science quality across publications 
in SNPL references in a patent. This is based on the notion that the 
distribution of scientific forward citations is highly skewed. Con-
sequently, the scientific impact of the most highly cited publication, 
or the journal with the highest journal impact factor, may be more 
indicative of SNPL overall science quality than the average across 
publications. For robustness, we also estimated alternative aggrega-
tion operators (see the Supplementary Materials for further details).

Measures of patent value
Patent citations
In our main specification, we proxied patent value with the number 
of forward citations received by the patent. We constructed the 
count of citations to a patent from the USPTO over a period of 
5 years from the first filing date. In robustness analyses, we used the 
count of citations from the EPO within 5 years from the first filing 
date. In case of the EPO citation measure, only examiner-supplied 
citations were considered (see the Supplementary Materials for 
further details).
Patent scope
As an alternative proxy for patent value, we adopted a measure of 
the patent’s scope. The value of a patent is considered proportional 
to the scope of its protection concerning a particular technology. 
The narrower the scope of protection, the lower its value. The text 
of patent claims tends to be longer for highly specific and narrow 
patent protection. Our measure is defined as the logarithm of the 
number of words in the first independent claim in patents (see the 
Supplementary Materials for further details).

Measures of monetary value
We used data provided by Kogan et al. (10) based on estimated stock 
market returns to the grant of the patent as a proxy of the private 
value of the patent grant. Kogan values are only available for patent 
families with U.S. patent members, where at least one applicant is a 
publicly listed U.S. company. We further used survey-based assess-
ments of patent value from the research project PatVal (11), which 
is available for a subset of 11,061 patent families (see the Supple-
mentary Materials for further details).

Regression models
Selection of scientific publications into SNPL references
We considered the probability and frequency in which scientific 
publications appear in SNPL references, as a function of their scientific 
quality. The regressions take the following form

   y  i   =    cit    cit  i   +  ∑ 
ft
        ft    SF  fi   ∗  T  fi   +  ϵ  i    (1)

The dependent variable yi is a measure of the probability (or 
frequency) of a scientific publication appearing among the SNPL 
references. Respectively, the variable is either a binary or a count 
variable. Count variables were log-transformed with offset 1. We 
used several variants of these variables.

The main independent variable citi is a measure of scientific 
quality. We measured scientific quality at the publication level as 
the number of citations received over a 3-year period starting from 
publication.

The interaction term SFfi * Tfi are FEs corresponding to the com-
bination of scientific fields and publication years. These FEs control 
flexibly for mechanical differences in scientific quality and SNPL 
frequency across different scientific fields and over time within each 
scientific field (see the Supplementary Materials for further details).
Science quality and patent value: Residualized variables
Usage of SNPL references as well as the quality of cited SNPL vary 
substantially over technological areas as well as over time. We took 
this into account explicitly with FE control variables. In all figures 
relating patents to scientific quality, we applied residualization, which 
brings the graphical display in line with the regression outputs.

We regressed both the SNPL science quality variables and the 
patent value variables on the full set of technology area × first filing 
year FEs. The formal model reads yi = ∑ftftTAfi ∗ Tti + ϵi . This is done 
in the full sample of patents both with and without SNPL references. 
Afterward, we calculated the residual variation as     ̂  ϵ   i   ≡  y  i   −    ̂  y    i   =  y  i   −  
∑ ft       ̂  β   ft   TA  fi  ∗  T  ti   , where    ̂  ϵ ,   ̂  y  ,  and   ̂     are estimated values.     ̂  ϵ   i   =  y  i   −    ̄  y    ft   , 
where    y  ̄   ft    is the mean within technology area × first filing year group. 
Therefore,  E [    ̂  ϵ   i   ] = 0 , both overall and within each ft group. The values 
plotted in the graphs are     ̂  ϵ   i   +  y ̄   , where   y ̄    is the full-sample mean of y.
Science quality and patent value: Regression models
We studied the relationship between the presence and the quality of 
scientific publications referenced in patents and the value of patents. 
The regressions take the following form

   

 y  i   =    hasSNPL    hasSNPL  i   +    snplQ    snplQ  i   +

     
+  ∑ 

ft
        ft   TA  fi   ∗  T  ti   +  ∑ 

a
        a    A  ai   +  ∑ 

n
        n    N  ni   +    

+  ∑ 
r
        r   R  ri   +  ∑ 

p
        p   P  pi   +  ∑ 

ft
        ft    SF  fi   ∗  T  ti   +  ϵ  i  

    (2)
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The dependent variable yi is a measure of patent value. In the main 
specifications and figures, we used the count of citations from the 
USPTO within the first 5 years after filing. In alternative specifica-
tions, we used the count of citations from the EPO, indicators of 
monetary value, and patent scope as measured by the length of the 
first independent claim. All dependent variables are in log terms with 
offset 1. Given the large dataset and the large number of FE groups, 
nonlinear (count) models could not be considered.

The term has SNPLi is a dummy equal to 1 if a patent has at least 
one reference to a scientific publication. The term snplQi is the 
measure of SNPL science quality. We measured scientific quality at 
the scientific publication level as the number of citations received 
over a period of 3 years from publication. We defined SNPL science 
quality as the maximum scientific quality across SNPL references in 
a patent when more than one is present.

The interaction term TAfi * Tti are FEs corresponding to the 
combination of technological areas and first filing year. These FEs 
control flexibly for mechanical differences in patent value across 
different technological areas and over time within each technological 
area. The term Aai are FEs for the applicant of the patent. The term 
Nni are FEs for the distinct number of inventors listed on the patent. 
The term Rri are FEs for the number of patent references. We used 
individual FEs for each number of references up to the 95th percentile 
and assigned one dummy for all patents with a higher number of 
references. The term Ppi are FEs for the number of patent references 
to scientific publications. We used an individual FE for each number 
of references up to the number corresponding to the 95th percentile 
and aggregate in one FE patent with a higher number of references. 
The term SFfi * Tti are FEs corresponding to the combination of 
scientific fields and first filing year (see the Supplementary Materials 
for further details).

SUPPLEMENTARY MATERIALS
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Supplementary Text
Fig. S1. Robustness tests of the main specification.
Fig. S2. Heterogeneous effects across self-reference status, applicant country, technology area, 
and science field.
Fig. S3. Patent value-science quality relationship over time.
Table S1. SNPL and science quality elasticities (intensive and extensive margin, by SNPL 
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Table S2. Patent value and science quality.
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Here, we briefly introduce the scientific literature and patent data.

Scientific Literature Data

The scientific literature data comes from 43 million scientific publications corresponding to

all research articles indexed in the Clarivate Analytics Web of Science (WoS) database that

were published between 1980 and 2016. WoS is the largest bibliographic database of scientific

literature and provides all main information for each scientific publication, including authors,

affiliations, research fields, and citations. More extensive information on the WoS is available

at www.webofknowledge.com.

Patent Data

The main source of patent data in our study is DOCDB, a database maintained and updated on

a weekly basis by the European Patent Office (EPO), see

www.epo.org/searching-for-patents/data/bulk-data-sets/docdb. It includes records from more

than 90 patent offices. We base our study on a sample of more than 4.8 million patent families

in DOCDB, comprising all patent families with at least one grant publication at the EPO or the

United States Patent and Trademark Office (USPTO), with first filing date between 1985 and

2012, included. We include references generated during the search and examination phase of

patents filed at the EPO, USPTO, or the World Intellectual Property Organization (WIPO). Note

that at the WIPO, there is no grant procedure, and WIPO examinations are typically conducted

by the EPO.

Supplementary Materials and Methods
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DOCDB contains all information digitally available on these patents. An advantage with

respect to non-patent literature (NPL) citations data, as compared to other databases, is the

availability of enriched xml text comprising separate fields for title, authors, year, journals title,

pages, volume, and number. This allows matching this information separately with biblio-

graphic scientific literature information, substantially improving the quality of the match (see

section “Linking Scientific and Patent Literature Data”).

Whenever we refer to the technology field, we use the classification of International Patent

Classification (IPC) codes in the 34 technology fields provided by WIPO, see

https://www.wipo.int/edocs/mdocs/classifications/en/ipc ce 41/ipc ce 41 5-annex1.pdf. In a ro-

bustness test, we use the Cooperative Patent Classification (CPC) of EPO and USPTO, see

www.cooperativepatentclassification.org. Using the CPC system, we distinguish >100 levels

(3-digit CPC) or >600 levels (4-digit CPC).

In the dataset of scientific publications (1980-2012), we have in total 42,962,463 publica-

tions. When excluding social sciences and humanities, the number shrinks to 35,874,824. Of

these scientific publications, 2,248,563 are referenced by patents. Excluding social sciences

and humanities, the number shrinks to 2,203,035. When excluding self-references, there are

2,079,713 papers referenced as SNPL. When restricting the time horizon for a SNPL reference

to five years, there are 1,627,872 unique referenced papers. When excluding social sciences and

humanities, 1,597,426 referenced papers remain. When excluding self-references, 1,465,312

papers remain.

In the dataset of patent families (1985-2012), there are in total 6,962,136 patent family

- SNPL reference combinations. When considering the main patent offices separately, there

are 1,009,466 (EPO) and 6,177,892 (USPTO) combinations, respectively. There are in total

2,229,581 unique SNPL references. When considering the main patent offices separately, there

are 575,624 (EPO) and 2,017,631 (USPTO) unique references, respectively. The number of

https://www.wipo.int/edocs/mdocs/classifications/en/ipc_ce_41/ipc_ce_41_5-annex1.pdf
https://www.cooperativepatentclassification.org/index.html


patent families, with and without SNPL references, totals 4,767,844. At the main patent offices,

this number is 1,960,772 (EPO) and 4,442,742 (USPTO). Finally, the number of patent families

with SNPL references is 948,006. At the main patent offices, it is 488,270 (EPO) and 917,179

(USPTO). Discrepancies between numbers originate from the different views on the data. The

first paragraph also considers SNPL citations from the 1980-1984 range, whereas the second

paragraph does not.

Data transformation

Whenever we use logarithmic transformations on variables with natural zero values (e.g., cita-

tion counts), we use a log(x + 1) transformation. When unifying patent attributes at the patent

family level, several decisions must be made. For technology fields, we use the modal tech-

nology field of member patents. In case of ties, we use the numerically lowest field. When

no field classification is available, we drop the patent family. The CPC system, which is used

in Table S4, typically comes with information about the main technology class. Additionally,

minor technology classes are specified. We disregard the minor technology classes and proceed

as described above. When no main/minor distinction is made, we take all specified classes and

proceed as described above. When multiple patent value estimates from Kogan et al. (10) or

PatVal (11) are available, we use the highest one. Some variables with extreme values are win-

sorized. Backward reference counts, the number of times a patent refers to other patents, are

winsorized at the 95th percentile. The same is applied for the number of inventors and SNPL

references. Lengths of the first independent claim are winsorized at the 1st and 99th percentiles.

We assign scientific fields to scientific publications based on the WoS scientific fields codes. In

case of multiple fields, we retain the scientific field whose codes are first in the alphabet. We

restrict our sample to SNPL citations where the publication year of the scientific article was at

or before the first filing year of the patent family.



We identify literature reviews among scientific articles and exclude them from the analysis.

Literature reviews are potentially highly cited within the scientific domain, yet citing them

in a patent potentially conveys little information about the quality of the patent. We identify

literature reviews by the occurrence of the word “review” in the abstract. Indeed, literature

reviews are much more frequent among top-cited articles. Among the top 0.1% highly cited

scientific articles, up to 10% are literature reviews. We found that excluding reviews leaves our

results virtually unchanged, so we opted to exclude them for simplicity.

Methods

Linking Scientific and Patent Literature Data

“Science” usually refers to the creation and organization of knowledge, often in the form of

testable hypotheses and predictions regarding natural phenomena. In a stark simplification,

academic scientists (who are mostly employed in the public sector) live in a world governed

by the quest for making pioneering contributions to knowledge, hence striving for novelty of

insight and for a better understanding of fundamental issues (13, 14). According to this view,

scientists also follow norms of disclosing newly generated knowledge and information in scien-

tific publications. The societal or private benefit from applications is considered less important

but also hard to assess directly. In principle, the science could thus be decoupled from the

economic pursuit of wealth and monetary gain.

Conversely, “technology” refers to the realm of the artificial and to artifacts that may have,

or may have not, been constructed with the help of scientific insights. Technology is defined

in the Organisation for Economic Co-operation and Development (OECD) Frascati Manual as

the collection of techniques, skills, methods, and processes used when producing goods and

services. Applications of new insights are largely brought about by engineers (15). Engineers

(who mostly work in the private sector) are governed by rules and incentives that are very differ-



ent from those that guide the behavior of scientists. They seek to contribute new technologies,

use secrecy to protect the market positions of their employers, and are involved in strategic con-

siderations of market rivalry. Engineers thus turn knowledge into marketable products that then

generate monetary returns for owners. This by now classical view of the relationship between

science and technology is described, inter alia, by Allen (15) and Brooks (16).

Initially understood as two distinct and independent realms, science is now viewed to di-

rectly facilitate the application of new knowledge (17), and science and technology may follow

a process of co-evolution (18). Science has also been described as a kind of map used in the pro-

cess of devising new technologies (19). This new view acknowledges that the realms of science

and commercial technology development overlap and that their relationship is not necessarily

a linear one. While universities mostly generate knowledge, they also file patent applications

and license intellectual property. Additionally, corporate entities mostly seek to commercialize

new products and services, however, they also engage in basic research not immediately tied to

product development and in publication of research results.

SNPL references as a measure of knowledge input

We use NPL references to scientific publications (SNPL) as an indicator of the relatedness

of a technology, as described in a patent, to scientific contributions, as reported in scientific

publications. Numerous studies have proposed patent citations as an indicator of knowledge

flows (20, 21). While some authors have raised concerns on the validity of this approach for

general patent citations (22, 23), SNPL references have been consistently found to be more re-

lated to actual knowledge flows than other types of references (24). In the context of our study,

it is not necessary to interpret SNPL references as a direct indicator of knowledge flows: we

assume more broadly that a cited scientific paper contains relevant information for the under-

standing and the development of a technology.



SNPL matching methodology

The dataset we adopt to link patents to cited scientific publications is a full match of DOCDB

patent data with bibliographic information included in the WoS. The matching process is doc-

umented in detail in the pilot study by Knaus and Palzenberger, which can be accessed at

https://pure.mpg.de/rest/items/item 2540157 9/component/file 2553728/content.

Here we present a brief overview.

The matching consists of three steps: target selection, search, and quality control. In the

target selection step, cleaning steps are undertaken to exclude NPL strings that are not scientific

articles or are outside of the available WoS data. For the remaining entries, a search engine is

employed to look up NPL full-text strings in a full-text index of the complete WoS or Scopus

content. The search engine returns a ranked list of match candidates. During the quality control

stage, the topmost candidate is examined, and the match quality is judged according to a field-

based scoring. Only high-quality matches are considered valid matches for the final dataset.

The matching procedure is applied on a first set of roughly 37 million NPL references. 27

million (71.8%) entries were selected as a potential target and linked to WoS entries. However,

not all of these constitute a valid match after taking the quality of the match into account. The

quality of a match is judged by six quality indicators (year, volume, page(s), first author, journal

title, article title). Each of these indicators equals one if the information from the matched

scientific article can be found in the NPL citation string. The quality score is the sum of the

indicators and ranges from zero to six.

To validate the matching quality, random subsamples of 1,000 NPL references for each

patent office were drawn. An NPL string is considered a valid target if it can be found in the

WoS using a manual search. We evaluate precision and recall, where precision is computed as

the share of correct matches out of all matches delivered by the algorithm, and recall is the share

of all targets that can be recovered successfully. Accepting a quality score of three or higher

https://pure.mpg.de/rest/items/item_2540157_9/component/file_2553728/content


as high-quality matches, precision scores of 0.99 and recall scores of 0.96 (EPO) and 0.92

(USPTO) can be achieved. With a quality cutoff at four, the precision increases even further,

but recall suffers to a greater extent so that the quality cutoff at three is preferred when equal

weight is placed on precision and recall. Finally, precision-recall levels of 0.99/0.96 (EPO),

0.99/0.92 (USPTO) and 0.99/0.97 (WIPO) can be achieved. These numbers are based on a

manual validation exercise of 1,000 NPL references per office, as reported in the pilot study by

Knaus and Palzenberger.

We, therefore, restrict the sample to matches of quality equal to or higher than three. Out

of the 27 million references retained as valid targets, 13 million (47.1%) satisfied this quality

requirement. Our units of analysis are DOCDB patent families that typically include multiple

references.

While the precision and recall scores are high, they only refer to what could have been

matched—the content of the WoS. Clearly, not all scientific publications that can be referenced

in patents are covered in this database. We assess the extent of this issue and consider the subset

of NPL references that cannot be matched to WoS. We attempt a match to an alternative publi-

cation database, Scopus, which has larger coverage. This exercise generates 113,340 additional

SNPL links to 49,254 Scopus items from 1996-2016. Given that this is less than 2% of the

total, for simplicity, we disregard these links in our analysis.

Our final sample contains 948,006 DOCDB patent families with at least one grant publica-

tion and at least one matched SNPL reference at any of the patent offices considered here.

This compares well with previous datasets, and in general, constitutes a larger number of

observations than previously identified in existing studies. Ahmadpoor and Jones (5) use patent

data exclusively at the USPTO between 1976 and 2015 where 759,000 patents were found to

be directly linked to at least one scientific publication in WoS via an NPL reference. Jefferson

et al. (25) starts with 11.8 million scientific publications published between 1980 and 2015,
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of which roughly 1.2 million are cited in 690,000 patent families (1.1 million patents). This

database is one of the few cases in which non-US patents are also considered for SNPL link-

ages. Another early example of this literature would be Narin and Olivastro (26), who link

one million front-page references of US and EPO patents to scientific articles. Most recently,

Marx and Fuegi (https://papers.ssrn.com/abstract=3331686) link US patents from 1926-2018

to scientific papers from 1800-2018, identifying approximately 15.7 million citation links be-

tween 1.4 million patents to 2.9 million papers. In comparison, our dataset links 948,006 patent

families from 1985-2017 to 2,229,581 distinct scientific articles in the time range of 1980-2016.

In our dataset, we use front page NPL references (US patents) and citations from WIPO/EPO

search reports. Other minor groups of NPL references that enter our dataset are generated in

opposition procedures. Importantly, there is another distinct class of NPL references: in-text

references. Front page or search report references are references that are specifically collected

by applicants and examiners in the respective patent application and prosecution process. In-

text references are added within the patent text by inventors or patent attorneys who write the

patent applications. Front page references have the advantage of being a curated set, specifically

selected for their relevance. On the other hand, in-text references are argued, by some authors,

to be more closely related to the scientific content of the patent. In light of the substantially

higher complexity of parsing the actual patent texts, we follow most of the existing literature by

disregarding in-text citations.

SNPL self-references

We single out SNPL references to scientific publications in which at least one author also figures

among the inventors of the patent and one affiliation of the SNPL references overlaps with the

list of applicants in the patent. We refer to these categories as SNPL inventor self-references

and applicant self-references, respectively. This type of SNPL references reveals links between

https://papers.ssrn.com/abstract=3331686
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patents and scientific publications originating from either the same organization or from the

same individuals, or both. The first analyses rely on the full sample of SNPL references. We

present results separately for these categories and exclude them in a later stage.

We consider SNPL inventor self-references those that refer to scientific publications where

at least one author has the same name of an inventor on the patent. We consider SNPL applicant

self-references those that refer to scientific publications in which at least one affiliation overlaps

with the list of applicants in the patent. To match applicants with affiliations, we use a list

of manually disambiguated organizations (academic institutions and firms) derived from the

combination of multiple sources: the Global Research Identifier Database (GRID), the Orbis

database, and the EU Scoreboards database. We merge separately applicants in patents and

affiliations in scientific publications to these lists using a probabilistic matching algorithm based

on training data. We consider an applicant and an affiliation to be the same when they match

with the same entity in the list. Note that the two categories of self-references may overlap.

Panel C in ig S1 presents related descriptive statistics.

Related literature on SNPL references

We briefly summarize the literature that has so far discussed the characteristics of SNPL refer-

ences and their relationship with patent value.

Hicks et al. (4) look at all scientific articles published between 1993 and 1995 in journals

indexed in the Science Citation Index (SCI) with at least one US author. They find that about

6,600 of these publications were cited in 1997 US-invented patents. The probability of a pub-

lication being cited as SNPL depends not only on the publications research field but also on its

scientific impact. If a publication belongs to the top 1% most frequently cited publications, it is

about nine times more likely to be cited by a US patent than a randomly chosen US publication.

In a similar vein, Popp (27) finds in green energy technology fields that scientific articles that

f . 



are cited frequently by other articles are also more likely to be cited by patents.

Breschi and Catalini (28) analyze all patent applications to the EPO registered in the period

between 1990 and 2003 within three technology fields (lasers, semiconductors, and biotechnol-

ogy) and find about 44,000 patents with 18,000 SNPL references altogether. SNPL references

are more frequent in biotech and lasers than in semiconductors, presumably due to the larger

distance between the semiconductor technology field and science.

Harhoff et al. (8) are among the first to analyze the relationship between the value of such

patents and the scientific impact of the underlying scientific contributions. They document a

positive relationship between patent value and the number of NPL references. The relationship

is particularly strong in the technical area of chemicals and pharmaceuticals. Several other

authors have explored the role of NPL references as potential determinants of patent value.

Branstetter (7) uses a random sample of 30,000 US patents from 1983-1986, of which about

4,300 include SNPL. Those patents that cite scientific articles are of significantly higher quality

(more claims and forward-citations) than those that do not. Sorenson and Fleming (29) link

about 17,300 patents from 1990 with about 16,700 non-patent references. Here, patents that

cite NPL receive more citations and are cited earlier than other patents. They argue this positive

relationship between the forward-citations and science intensity of a given patent is due to

knowledge diffusion through the academic publication. Gittelman and Kogut (9) explicitly

ask, “Does good science lead to valuable knowledge?” in biotechnology. They suggest that

“(...) the evolutionary logics that select valuable scientific publications and valuable patents are

different, and because of this, influential publications are not more likely to lead to influential

patents than other publications.” They employ data on the patent and publication portfolios of

116 biotechnology firms and obtain results that largely confirm their hypothesis.

Suzuki (30) argues that patented inventions may be assessed with regard to their monetary

or technical quality. The presence of references to scientific publications has a strong posi-



tive effect on the technological value of patents but a weak negative effect on their commercial

value. The author also points to considerable heterogeneity across technological fields. Fischer

and Leidinger (31) use data from Ocean Tomo auctions between 2006 and 2009 to approximate

auction prices as a function of observable value correlates. They find only weak and impre-

cisely estimated effects for the number of NPL references. As they point out, patents traded

at Ocean Tomo auctions are not representative and are mostly in the IT and IT-related tech-

nical fields. Zahringer et al. (32) construct a sample of young life science firms and find that

higher-quality academic science is associated with patent citations. This relationship is moder-

ated by the respective firm’s research activities. Veugelers and Wang (33) use all WoS journal

articles published in 2001 and all patents from PATSTAT (version 2013b). They find that only

about 10% of articles become SNPL. Novel publications are more likely to receive future cita-

tions by patents, particularly the 1% highly novel scientific publications. They further find that

publications receiving more scientific citations also receive more patent citations.

Sapsalis et al. (34) use data on 155 patent families with application dates between 1985 and

1999 at the EPO to model the relationship between citations received by patents and character-

istics of the underlying science. They find that NPL self-references (i.e., the inventors are also

authors on the referenced scientific publication) to the scientific literature are associated with

an increase in forward-citations of a patent. The authors argue that in such cases of highly valu-

able patents, “the inventors master (and contribute to) the related science-base (as witnessed

by their own publications) and decide to codify their tacit knowledge into technological inven-

tions” (34, p. 1640).

In the perspective followed by Fleming and Sorenson (19), invention is interpreted as the

process of search for new and useful configurations of technological components. Science

serves as a map, pointing inventors to particularly useful configurations of components. Alter-

natively, science allows inventors to avoid searching over less productive solutions. However,



these effects are not pertinent across all technologies. Recourse to science may offer little help

when inventors work with highly independent components but should generate high returns

when the underlying inventive problem is particularly difficult. Using the population of patents

granted by the USPTO in May and June of 1990 (16,822 patents), they find that only 2,919

of these patents reference scientific publications. In the empirical analysis, the authors show

that references to scientific publications increase forward-citations received by patents with an

elasticity of about 10%.

While the results of the studies discussed here are intriguing, they are typically obtained

from relatively small samples that are particularly well-suited for the respective studies. Recent

studies tend to feature more comprehensive datasets.

The study most closely related to our findings is Ahmadpoor and Jones (5), who analyze the

network of US patents citing, directly or indirectly SNPL references. They hereby introduce the

distance to the science frontier as a metric for science-technology intensity. Science and patent

contribution directly at the frontier turn out to be highly valuable. Value declines monotonically

with further distance from the frontier.

Mukherjee et al. (35) emphasize the importance of the age structure of references. The

authors study (separately) scientific publications in the WoS database and patents, but they do

not link NPL references to WoS entries. Both for publications and for patents, they detect a “hot

spot” defined by the age structure (of backward references) that is correlated with an increase

in citations received by the publication or patent.

Measures of Science Quality
Scientific citations

Our main variable of interest is the scientific quality of publications cited in patents. We use

measures of science quality based on the count of forward-citations to publications. This is an



established bibliometric indicator of scientific quality. The use of citations is based on the notion

that scientists cite publications they consider influential for their own research. Accordingly, it

is possible to assume that highly cited publications have a greater impact on follow-on research

and represent a meaningful measure of their scientific quality.

For a given publication, we count the number of citations in a window of three years from

publication. This raises the issue that some of these citations may happen later than the filing

date of the citing patent. In this case, the number of citations received by a publication may be

not independent of the patent itself. In our main specifications, we assume for simplicity that

the number of citations to the publication remains indeed independent to the patent citation. In

robustness analyses, we verify that the core results remain equivalent when excluding patent

citations to publications published in the three years before the filing of the patent (results on

file with the authors).

Journal impact factor

An alternative measure of science quality is the impact factor of the journal in which the respec-

tive publication is published (JIF). In any given year, the impact factor of a journal is the number

of citations, received in that year, of articles published in that journal during the two preceding

years, divided by the total number of articles published in that journal during the two preceding

years. We use JIF indicators available by the inCite Journal Citations Report. A disadvantage

of this measure is that, due to the lack of completeness of the necessary information, the data

are available only after 1997. Moreover, the JIF constitutes a retrospective measure of quality

of the journal that ignores the possible high variance of publication quality within one journal

and over time. On the other hand, the JIF has the advantage of being predetermined at the time

a publication is published so that it is not subject to concerns about truncation and mechanical

correlation with the measure of patent value. We use the JIF as a variable of interest in table S2

https://jcr.clarivate.com


(columns 40-63) to show robustness of our results to alternative measures of science quality.

Patent-level aggregation of SNPL references

In our sample, for patents with SNPL, there are on average 7.2 SNPL references per patent, and

a considerable share of 64.0% has references to more than one distinct scientific publication.

In our main analyses, we define SNPL science quality as the maximum science quality across

publications in SNPL references in a patent. This is based on the notion that the distribution

of scientific forward-citations is highly skewed. Consequently, the scientific impact of the most

highly cited publication, or the journal with the highest JIF, may be more indicative of SNPL

overall science quality than the average across publications. For robustness, we also estimate

alternative aggregation operators. Table S3 shows the corresponding results.

We apply a coherent criterion to aggregate at the patent level the information regarding the

presence of self-references: we consider a patent as having a self-reference if the scientific

publication with the highest scientific quality among the SNPL references is a self-reference.

Measures of Patent Value
Patent citations

Our main dependent variable is patent value. In our main specification, we proxy patent value

with the number of forward-citations received by the patent. The number of citations is an

established, and perhaps the most widely used, measure of patent value, which is highly corre-

lated with other indicators of the technological and economic value of patents (8,31,36). Patent

citations differ substantially from citations in scientific literature. Scientific citations constitute

recognition of scientists of the relevance of previous contributions for their own work. In con-

trast, patent citations, particularly to other patents, perform the legal function of documenting

the technological relatedness of a patent to existing prior art with the scope of assessing its

novelty and patentability (24, 37).



Due to different legal requirements, citations at the EPO and the USPTO differ substan-

tially. EPO patents tend to cite patents that are essential to document the novelty (or lack of

novelty) and patentability of the invention; the applicants, in particular, are not required to pro-

vide any citation. Indeed, EPO patents are often filed with no initial references, and, when

present, the introduction of references by the applicant is arguably more strategic than in other

jurisdictions. Applicants at USPTO are expected to report the most extensive list of citations to

all possibly relevant patents. Examiner then complement this list. For this reason, we provide

analyses where we count EPO and USPTO citations separately. In our main specifications, we

use USPTO citations.

We construct the count of citations to a patent from the USPTO over a period of 5 years from

the first filing date. The choice of the time window for the count of scientific and patent citations

is motivated primarily by pragmatic considerations: we want to ensure a sufficient period so

that the number of citations actually reflects the underlying constructs we are interested in,

but we want to limit truncation. The difference between the window considered for scientific

publications and for patents is also motivated by the fact that patent applications are not instantly

published after filing and—as a result—typically receive few citations within the first years,

whereas scientific publications are often cited immediately after publication. In robustness

analyses, we use the count of citations from the EPO within 5 years from the first filing date. In

case of the EPO citation measure, only examiner-supplied citations are considered.

Patent scope

As an alternative proxy for patent value, we adopt a measure of the patent’s scope. The value of

a patent is considered proportional to the scope of its protection concerning a particular technol-

ogy. The narrower the scope of protection, the lower its value. The text of patent claims tends to

be longer for highly specific and narrow patent protection. In other words, longer descriptions



of a claimed invention are associated with more specific features that are actually objects of the

patent protection (12). Our measure is defined as the logarithm of the number of words in the

first independent claim in patents. Table S2 (columns 48-55) show the corresponding results.

Descriptive statistics are available in the main publication.

Measures of monetary value

Patent citations and patent claim length need to be understood as merely indirect measures

of a patent’s economic value. Moreover, the number of citations is at times considered to

also capture the technological and social value of a patent (38), which may differ from the

private value for the patent owner. Obtaining direct indicators of the monetary private value of

patents is a challenging task. Data on this dimension of patent value have limited coverage. To

complement the array of patent value indicators in this direction, we adopt two sources of data.

First, we use data provided by Kogan et al. (10), based on estimated stock market returns to the

grant of the patent, as a proxy of the private value of the patent grant. Kogan values are only

available for patent families with US patent members where at least one applicant is a publicly

listed US company. The data cover exclusively a total of 1,029,987 patent families, of which

229,525 come with SNPL references. Second, we use survey-based assessments of patent

value from the research project PatVal (11). This is a subsample of 11,061 patent families with

at least one EP patent member, of which 2,554 have SNPL references with their first filing year

mostly from 2003-2005. Table S2 (columns 56-63) show the corresponding results. Descriptive

statistics are available in the main publication.

The Kogan et al. (10) patent value measures have been in widespread use since their pub-

lication, but in our setting they come with major drawbacks. Much of the private value of the

technology will already be incorporated in the stock price, as previous patent publications and

grants in other patent systems are informative for investors. The value narrowly captures the



additional value of a patent granted in the US patent system. Any information related to the

technological capability of the firm that the patent reveals will not be incorporated in that mea-

sure. On the other hand, the measures from Giuri et al (11) are based on a survey, but the exact

phrasing measures much more precisely the concept of private patent value: “Suppose that on

the day in which this patent was applied for, the applicant and you had all the information you

have today regarding the value of this and the related patents. In case a potential competitor of

the applicant was interested in buying the whole set of patents (the patent family including all

national patents derived from it), what would have been the minimum price (in Euros) that the

applicant should have demanded?”

Regression analyses

Regression models
Selection of scientific publications into SNPL references

In a first set of analyses, we consider the probability and frequency in which scientific publica-

tions appear in SNPL references, as a function of their scientific quality.

The regressions take the following form

yi = βcit citi +
∑

ft

βft SFfi ∗ Tfi + εi (1)

Dependent variable and predictors of interest:

• yi: The dependent variable is a measure of the probability (or frequency) of a scientific

publication appearing among the SNPL references. Respectively, the variable is either

a binary or a count variable. Count variables are log-transformed with offset 1. Given

the large dataset and the large number of FE groups, nonlinear (count) models are not

considered. We employ several variants of these variables.



• citi: The main independent variable is a measure of scientific quality. We measure sci-

entific quality at the publication level as the number of citations received over a 3-year

period starting from publication (see section “Measures of Science Quality”).

FEs:

• SFfi ∗ Tfi: These are FEs corresponding to the combination of scientific fields and publi-

cation years. These FEs control flexibly for mechanical differences in scientific quality

and SNPL frequency across different scientific fields and over time within each scientific

field. In total, there are 252 scientific field codes supplied by the WoS.

Science quality and patent value: residualized variables

Naturally, usage of SNPL references as well as the quality of cited SNPL varies substantially

over technological areas as well as over time. In the regression models below, this is taken into

account explicitly with FE control variables. In all figures relating patents to scientific quality,

we apply residualization, which brings the graphical display in line with the regression outputs.

To do so, we regress both the SNPL science quality variables as well as the patent value

variables on the full set of technology area × first filing year FEs. The formal model reads

yi =
∑

ft βftFfi ∗ Tti + εi. This is done in the full sample of patents both with and without SNPL

references. Afterwards, we calculate the residual variation as ε̂i ≡ yi− ŷi = yi−
∑

ft β̂ftFfi ∗Tti,

where ε̂, ŷ and β̂ are estimated values. In fact, ε̂i = yi − ȳft, where ȳft is the mean within

technology area × first filing year group. Therefore, E[ε̂i] = 0, both overall and within each ft

group. The values plotted in the graphs are ε̂i + ȳ, where ȳ is the full-sample mean of y. This

returns the absolute levels back to what is contextually expected and interpretable.

In plain terms, this strategy removes level effects within technology area × first filing year

groups by subtracting the mean y within groups. The overall level is retained by adding the



overall y mean. The y variable is transformed. Before, it is a deviation from the within-group

mean. Afterwards, it is a deviation from the overall mean.

Science quality and patent value: regression models

In the empirical analysis, we study the relationship between the presence and the quality of

scientific publications referenced in patents and the value of patents.

The regressions take the following form

yi = βhasSNPL hasSNPLi + βsnplQ snplQi+

+
∑

ft

βftTAfi ∗ Tti +
∑
a

βaAai +
∑
n

βnNni+

+
∑
r

βrRri +
∑
p

βpPpi +
∑

ft

βftSFfi ∗ Tti + εi

(2)

Dependent variable and predictors of interest:

• yi: The dependent variable is a measure of patent value. In the main specifications and

figures, we use the count of citations from the USPTO within the first 5 years after filing.

In alternative specifications, we use: the count of citations from the EPO, indicators of

monetary value, and patent scope as measured by the length of the first independent claim

(see section “Measures of Patent Value”). All dependent variables are in log-terms with

offset 1. Given the large dataset and the large number of FE groups, nonlinear (count)

models could not be considered.

• hasSNPLi: A dummy equal to 1 if a patent has at least one reference to a scientific

publication

• snplQi: A measure of SNPL science quality. We measure scientific quality at the scien-

tific publication level as the number of citations received over a period of 3 years from

publication. We define SNPL science quality as the maximum scientific quality across



SNPL references in a patent when more than one is present. We test the robustness of the

results to alternative aggregation criteria (see Table S3).

FEs:

• TAfi ∗Tti: These are FEs corresponding to the combination of technological areas and first

filing year. These FEs control flexibly for mechanical differences in patent value across

different technological areas and over time within each technological area.

• Aai: These are FEs for the applicant of the patent.

• Nni: These are FEs for the distinct number of inventors listed on the patent.

• Rri: These are FEs for the number of patent references. We use individual FEs for each

number of references up to the 95th percentile and assign one dummy for all patents with a

higher number of references. In regressions involving PatVal (EUR) values, the number of

available observations is substantially lower. Here, we include only the log-transformed

count of backward patent references when estimating the extended specification.

• Ppi: These are FEs for the number of patent references to scientific publications. We use

an individual FE for each number of references up to the number corresponding to the

95th percentile and aggregate in one FE patents with a higher number of references. Note

that hasSNPLi is collinear and therefore dropped when this set of FEs is used.

• SFfi ∗ Tti: These are FEs corresponding to the combination of scientific fields and first

filing year. These FEs control flexibly for mechanical differences in patent value across

different scientific fields and over time within each scientific fields.



Regression results
Selection of scientific publications in SNPL references

We present first regression results for the probability that a scientific publication appears in

SNPL references as a function of its scientific quality. In the first main specification, Table S1,

columns 1 and 2, we consider all SNPL references. Second, in columns 3 and 4, we consider

exclusively SNPL references within five years from the year of publication. Third, in columns 5

and 6, we consider references within five years and exclusively if they are the SNPL references

with the highest scientific quality. In a fourth variant, columns 7 and 8, we consider only SNPL

references that are cited for the first time by an applicant, so that each patent applicant-scientific

publication pair is counted at most once (one per applicant). We provide regression results

where academic patents as well as self-references of various types are excluded (columns 9-

15). The exclusion of SNPL self-references is practically irrelevant to the results. Overall, we

consistently find a positive and significant effect of science quality on the selection of scientific

articles into SNPL references.

Main regression results: SNPL science quality and patent value

Table S2 presents regression results for our core findings. It shows elasticity estimates for the

main measure of SNPL science quality and each of the alternative measures of patent value as

dependent variables. We incrementally include additional sets of controls. All models include

the variable hasSNPLi as a control for the level effect of having at least one SNPL reference.

In the first column for each variable, we present results for our baseline specification where

we control exclusively for technology field by year pair FEs. In the second column, we add

applicant fixed effects. The third column includes all patent level controls as described in the

above section “Regression models.” The final fourth column again adds applicant FEs.

The baseline elasticity for US citations with field-year fixed effects is 0.082. To test robust-



ness, we include a large set of fixed effects for the number of SNPL references and the number

of backward references, as well as the number of inventors. As a consequence, the US citation

elasticity drops to 0.037, which is about 50% of the original magnitude. This is an expected

result. All the additional fixed effects are plausibly related to the patent value and have the po-

tential to explain a component of the value transmission of science to technology. For example,

when there are more references, the chance of encountering a high citation count is larger. Con-

trolling in a fine-grained manner for the number of references removes this effect. Similarly,

more inventors could be an indicator of a more valuable project or being closer to the science

frontier (39, 40). When also including applicant fixed effects, the estimate drops to around

0.027, less than 40% of the original magnitude. Some applicants, for example large corpora-

tions or elite universities, may be better at translating scientific results into technological value.

Who exactly these players are remains a question for future research. When including applicant

fixed effects but not the extended set of fixed effects, the elasticity is 0.058, around 70% of the

original magnitude. All in all, the overall correlation that we observe is constituted of several

pathways and mechanisms. However, around 30% of the effect size remains unexplained by the

broad set of relevant factors we consider.

In Table S2 (columns 25-39), we add more detailed technology areas as well as science field

fixed effects. In the baseline specification, we consider 34 technology areas, whereas in the

other columns, we distinguish between more than 100 (600), respectively. All fixed effects are

interacted with the first filing year of the patent family. Science field fixed effects are derived

from the first WoS field code associated with the highest-quality SNPL reference. The estimates

stay quantitatively similar, but the most detailed specifications result in even slightly larger

effect sizes. As before, the results stay robust when including extended patent-level controls

as well as applicant fixed effects. The magnitudes between specifications with different fixed

effect levels are highly similar.



Finally, we estimate models in which we use dichotomous transformations of the variables

measuring technological value and science quality. We distinguish patents that are the top

20, 10, or 5% most cited patents within their technology field and filing year. We code the

independent variables classifying patents as the 20, 10, or 5% patents by SNPL quality within

each scientific field and year of publication. The estimates remain comparable and significant

for all combinations of these variables (Table S7). The association with SNPL science quality

is stronger for higher levels of science quality, from the top 20% to the top 5%.

Alternative measures of SNPL science quality

As a variant to these specifications, we test the robustness of the results to alternative measures

of SNPL science quality. In Table S2 (columns 40-63), we use a measure based on the journal

impact factor instead of citations. The number of observations is lower because the journal

impact factors are only available to us from 1998 onward. Overall, we find very similar results.

The only exceptions are the results for the USD values, where the results are unstable in the first

two specifications (columns 5 and 11) but remain positive and significant in our last and most

complete specification. In Table S3, we use alternative measures of SNPL science quality de-

rived from different criteria of aggregation at the patent level of the scientific quality of multiple

scientific publications, when more than one appear in the NPL references of a patent. When ci

is the citation count of SNPL reference i, in our main models we consider the maximum. Al-

ternatively, we also consider the sum (
∑

i ci), average ( 1
n

∑
i ci), and square root of the sum of

squares (
√∑

i c
2
i ). We find similar results irrespective of the aggregation criterion used. Panel

A of ig S1 graphically shows the results.

Self-references

Panel C of fig. S1 shows the frequency of the occurrence of self-references: between 5

and 10% of all patent families include a self-reference. Most self-references are inventor

f . 



self-references (5-10%), whereas applicant self-references are less frequent with 2-4%. The

frequency of self-references tends to decrease with the SNPL science quality (although non-

monotonically); this tendency is most pronounced at the top.

In the paper, we consider the possibility that self-references drive the results. On the one

hand, from a theoretical standpoint, it is interesting to consider whether high-quality science

leads to high-value technologies within or outside the boundaries of the organizations in which

it is developed. On the other hand, we want to ensure that the results are not driven by highly

productive organizations and individuals that perform scientific and technological activities at

the same time.

Panel B of fig. S1 replicates the results reported in the paper, separating different cat-

egories of self-references. The different groups of self-references behave very similarly. For

the sample without self-references, the estimated elasticities are positive and significant in all

specifications, and notably larger than in the sample with only self-references (fig. S2, first

row). We can conclude that self-references do not drive the overall effects.

Technology areas, scientific areas, year of patent filing, and applicant countries

We analyze the heterogeneity of the estimates, first across applicant origin. We consider the

possibility that the effect is driven by intense science usage of particular countries. To do so,

we split the sample by the first applicant country and consider China, Europe (EU-28), Japan,

South Korea, and the US separately. In fig. S2, second row, we find confirmation that science

quality is important in all countries, but particularly so in Europe, the US, and Japan. Overall,

the results are consistent across different geographic areas.

Second, we explore differences between technological fields of patents. Figure S2, third

row, presents point estimates for separate regressions by main technology area. In line with

previous literature (e.g., (8)), we find that effects are particularly strong in chemistry. How-



ever, SNPL science quality also matters for electrical engineering, instruments, and mechanical

engineering.

Third, we run separate regressions for different scientific areas of SNPL. For this analysis,

we aggregate WoS fields codes into broad areas. We assign patents to different scientific areas

based on the area of the scientific publication with the highest science quality. Figure S2,

fourth and fifth row, reports graphically the corresponding coefficients for the most frequent

scientific areas. The differences are not particularly large, and the coefficients remain positive

and significant for all groups. The magnitude of the coefficients is larger for chemistry, electrical

engineering, and physics compared to other areas.

Finally, we explore the heterogeneity over time based on the first filing year of patents.

We decompose the elasticities calculated in Table S2 (column 1/3, 5/7) over time. Figure S3

depicts the corresponding point estimates. We find that after marginally increasing between

1985 and 2000, the extent of the relationship decreases substantially. The decline after 2000 is

especially pronounced for the US system. Understanding the reasons for this decline requires

further research.

Interdisciplinarity of SNPL references

Here, we explore the role of the interdisciplinarity of science. Previous studies demonstrate the

existence of a close connection between novelty and scientific impact and the ability of scientists

to successfully recombine knowledge from distinct domains (33, 35, 41). In the context of our

analysis, we are interested in exploring whether this dimension explains the correlation between

SNPL science quality and patent value. We proxy the interdisciplinarity of science with the

interdisciplinary journals as captured by the classification of journals in scientific fields in the

WoS.

Some field codes refer directly to multidisciplinary research. We tested our results by includ-



ing journals associated with these codes in the sample of interdisciplinary journals or excluding

them. This affects the level estimates of patent value for different values of interdisciplinarity

but leaves untouched the correlation with SNPL science quality.

We first plot the share of patents with SNPL references to interdisciplinary scientific publi-

cations (Panel D of fig. S1) and subsequently the patent value by SNPL science quality of

patents with and without SNPL interdisciplinary references (Panel E of fig. S1). The share

of patents with interdisciplinary SNPL references is highest for intermediate values of SNPL

science quality. Indeed, we find that interdisciplinarity is associated overall with higher patent

value, with the exception of patents at the top of the SNPL science quality distribution. The

correlation with SNPL science quality remains, in any case, highly positive for both categories.

Table S4 presents the underlying regression results.

Distance of SNPL references

Finally, we present regression results for the frontier distance and time distance of SNPL refer-

ences. The frontier distance is, in a graph of patent and science citations, the minimum number

of links required to reach a scientific article (5). A patent with SNPL references thus has a dis-

tance equal to one and is called a “frontier patent.” The properties of the frontier patent are then

inherited by the paper off the frontier. If multiple frontier papers exist, the one with the highest

SNPL quality is used. The time distance is the difference in years between the first filing year

of the patent family and the publication year of the scientific article. We group the time distance

by tertiles.

The related results are presented graphically in the paper. Table S5 shows the results relative

to the interaction between the frontier distance of the SNPL references, and Table S6 reports the

corresponding regression results for the time distance of the SNPL references. In accordance

with what is discussed in the paper, we find that patent families at a short distance, by either



dimension, are of particularly high value and tend to show higher elasticities with SNPL science

quality. The elasticities remain, in any case, strongly positive and significant also at a relatively

high distance.
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Legend figure S1: Separately on the next page.

Fig. S1. Robustness tests of the main specification.



Legend figure S1: Unless otherwise specified: SNPL science quality is the maximum 3-year citation count across
scientific publications appearing as SNPL references in a patent. Patent value is measured as the 5-year count of
patent forward-citations by US patents. Patent value and science quality measures are residualized using technol-
ogy field-first filing year pair FEs. The shaded areas shows 95% confidence intervals around the respective means.
The dashed line indicates the average patent value of patents without SNPL references. N = 4,767,844 patents
(948,006 with SNPL references).
A: Average patent values by science quality, considering alternative science quality operationalizations. When
there are multiple patent-paper references, we by default use the highest-quality reference (orange). In comparison,
the average quality also delivers a positive correlation (gray), but it is more diluted. Other aggregation methods
that also focus on the top of the distribution are virtually identical to the maximum. These are the sum (green) and
the square root of the sum of squares (blue).
B: Average patent value by SNPL science quality and categories of SNPL self-references. The lines show values
for any self-reference (green), inventor self-references (orange), and applicant self-references (blue) or patents
without SNPL self-references (gray). For visual purposes, the confidence intervals around the means concerning
self-references show the maximum extent of the 95% confidence intervals of any of the three underlying measures.
C: Share of SNPL self-references by SNPL science quality.
D: Patent value by SNPL science quality and by interdisciplinarity of SNPL references. Scientific articles are
considered interdisciplinary if the journal where they are published is associated with at least two WoS field codes.
E: Share of patents with interdisciplinary SNPL by SNPL science quality.
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Table S2.

Fig. S2. Heterogeneous effects across self-reference status, applicant country, technology
area, science field.and 
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Legend figure S3: The figure plots the interaction coefficients between each first filing year of patents and SNPL
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Fig. S3. Patent value-science quality relationship over time.
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Table S2. Patent value and science quality.

(1) (2) (3) (4) (5) (6) (7) (8)
DV: Patent 5y Cit (log): US US US US EP EP EP EP

3y Cit SNPL ref (max) 0.082 0.058 0.037 0.027 0.042 0.035 0.030 0.023
(123.56) (77.19) (45.97) (29.75) (85.49) (59.33) (47.64) (31.70)

Patent-level controls Base Base All All Base Base All All
Patent applicant FE No Yes No Yes No Yes No Yes
Adj. R-Square 0.156 0.313 0.262 0.362 0.067 0.148 0.100 0.169
Observations 4319660 3764150 4319660 3764150 4319660 3764150 4319660 3764150

(9) (10) (11) (12) (13) (14) (15) (16)
DV: Claim Length (log): US US US US EP EP EP EP

3y Cit SNPL ref (max) −0.015 −0.010 −0.012 −0.010 −0.059 −0.036 −0.041 −0.028
(−26.83) (−14.28) (−16.69) (−11.96) (−39.08) (−21.62) (−20.04) (−13.02)

Patent-level controls Base Base All All Base Base All All
Patent applicant FE No Yes No Yes No Yes No Yes
Adj. R-Square 0.157 0.252 0.160 0.253 0.323 0.388 0.325 0.389
Observations 2464729 2099420 2464729 2099419 1241154 1122904 1241154 1122902

(17) (18) (19) (20) (21) (22) (23) (24)
(1) (2) (3) (4) (5) (6) (7) (8)

DV: Value (log): USD USD USD USD EUR EUR EUR EUR

3y Cit SNPL ref (max) 0.021 0.009 −0.047 0.004 0.114 0.101 0.089 0.091
(6.52) (6.65) (−11.47) (2.23) (3.69) (1.79) (2.88) (1.61)

Patent-level controls Base Base All All Base Base All All
Patent applicant FE No Yes No Yes No Yes No Yes
Adj. R-Square 0.113 0.886 0.125 0.887 0.045 0.109 0.065 0.113
Observations 899351 857252 899351 857252 10844 5702 10844 5702

Continued on next page



Table S2. Patent value and science qualit (continued)

(25) (26) (27) (28) (29)
DV: Patent 5y Cit (log): US US US US US

3y Cit SNPL ref (max) 0.082 0.058 0.084 0.086 0.095
(123.56) (88.96) (125.30) (106.93) (119.33)

Patent-level controls Base SNPL SNPL SNPL SNPL
CPC3 × Year FE Yes Yes
CPC4 × Year FE Yes Yes
Science Field × Year FE Yes Yes
Patent applicant FE No No No No No
Adj. R-Square 0.156 0.152 0.188 0.158 0.191
Observations 4319660 4316956 4316591 4316445 4316080

(30) (31) (32) (33) (34)
DV: Patent 5y Cit (log): US US US US US

3y Cit SNPL ref (max) 0.037 0.028 0.038 0.047 0.049
(45.97) (34.30) (46.53) (52.23) (54.01)

Patent-level controls All All All All All
CPC3 × Year FE Yes Yes
CPC4 × Year FE Yes Yes
Science Field × Year FE Yes Yes
Patent applicant FE No No No No No
Adj. R-Square 0.262 0.262 0.286 0.265 0.287
Observations 4319660 4316956 4316591 4316445 4316080

(35) (36) (37) (38) (39)
DV: Patent 5y Cit (log): US US US US US

3y Cit SNPL ref (max) 0.027 0.023 0.027 0.037 0.037
(29.75) (25.05) (29.46) (37.09) (37.45)

Patent-level controls All All All All All
CPC3 × Year FE Yes Yes
CPC4 × Year FE Yes Yes
Science Field × Year FE Yes Yes
Patent applicant FE Yes Yes Yes Yes Yes
Adj. R-Square 0.362 0.363 0.373 0.364 0.374
Observations 3764150 3761725 3761213 3761102 3760590

Continued on next page

y. 



Table S2 Patent value and science qualit (continued)

(40) (41) (42) (43) (44) (45) (46) (47)
DV: Patent 5y Cit (log): US US US US EP EP EP EP

JIF SNPL ref (max) 0.118 0.079 0.030 0.016 0.087 0.072 0.056 0.044
(68.01) (38.54) (15.80) (7.15) (67.05) (44.37) (37.49) (24.40)

Patent-level controls Base Base All All Base Base All All
Patent applicant FE No Yes No Yes No Yes No Yes
Adj. R-Square 0.148 0.310 0.255 0.359 0.064 0.149 0.097 0.170
Observations 3928677 3385170 3928677 3385170 3928677 3385170 3928677 3385170

(48) (49) (50) (51) (52) (53) (54) (55)
DV: Claim Length (log): US US US US EP EP EP EP

JIF SNPL ref (max) −0.034 −0.026 −0.039 −0.031 −0.142 −0.093 −0.111 −0.079
(−26.18) (−14.74) (−25.19) (−15.45) (−31.72) (−17.98) (−19.98) (−12.90)

Patent-level controls Base Base All All Base Base All All
Patent applicant FE No Yes No Yes No Yes No Yes
Adj. R-Square 0.157 0.258 0.160 0.260 0.327 0.393 0.329 0.394
Observations 2289162 1930367 2289162 1930366 1106544 993031 1106544 993031

(56) (57) (58) (59) (60) (61) (62) (63)
(1) (2) (3) (4) (5) (6) (7) (8)

DV: Value (log): USD USD USD USD EUR EUR EUR EUR

JIF SNPL ref (max) −0.008 0.012 −0.056 0.019 0.212 0.146 0.178 0.143
(−0.83) (2.78) (−5.11) (3.89) (2.98) (1.06) (2.52) (1.04)

Patent-level controls Base Base All All Base Base All All
Patent applicant FE No Yes No Yes No Yes No Yes
Adj. R-Square 0.112 0.890 0.124 0.891 0.045 0.113 0.065 0.117
Observations 773983 734430 773983 734430 10253 5353 10253 5353

Legend table S2: All reported values are elasticities. 3y Cit SNPL ref (max) is a measure of SNPL science quality
corresponding to the maximum 3-year citation count across scientific publications appearing as SNPL references
in a patent. Patent-level controls “Base” include technology fields by first filing year pair FEs, and an indicator
for the presence of SNPL references. Patent-level controls “All” further include FEs for SNPL reference counts,
patent reference counts, and number of inventors. Patent applicant FEs are based on the first applicant on the grant
publication. Robust standard errors. T-statistics in parentheses.
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Table S4. Patent value and science quality (interdisciplinarity).

(1) (2) (3) (4)
DV (log): 5y Cit US 5y Cit US 5y Cit EP 5y Cit EP

Interdisciplinary 0.054 0.046 0.041 0.037
(15.26) (12.26) (15.37) (12.67)

3y Cit SNPL ref (max) × Single Discipline 0.043 0.031 0.036 0.028
(45.33) (29.77) (47.83) (32.40)

3y Cit SNPL ref (max) × Interdisciplinary 0.034 0.024 0.023 0.018
(31.47) (20.68) (27.86) (18.73)

Patent-level controls All All All All
Patent applicant FE No Yes No Yes
Adj. R-Square 0.262 0.362 0.100 0.169
Observations 4319660 3764150 4319660 3764150

Legend table S4: All reported values are elasticities. 3y Cit SNPL ref (max) is a measure of SNPL science quality
corresponding to the maximum 3-year citation count across scientific publications appearing as SNPL references
in a patent. The interdisciplinarity status is taken from the most cited scientific publication appearing as SNPL
reference in a patent. Patent-level controls “All” further include FEs for SNPL reference counts, patent reference
counts, and number of inventors. Patent applicant FEs are derived from the first applicant on the grant publication.
Robust standard errors. T-statistics in parentheses.



Table S5 Patent value and science quality (by frontier distance)

(1) (2)
DV (log): 5y Cit US 5y Cit US

Distance to frontier:
1 0.805 (406.42) 0.740 (316.23)
2 0.590 (329.42) 0.562 (288.90)
3 0.358 (195.08) 0.394 (192.48)
4 0.216 (100.75) 0.262 (100.96)
5 0.120 (41.62) 0.190 (50.51)
6 0.093 (25.15) 0.170 (34.30)
7 0.106 (28.47) 0.204 (40.20)
8 0.105 (32.02) 0.199 (45.92)
9 0.095 (30.79) 0.189 (46.96)
10 0.057 (17.84) 0.149 (35.72)
3y Cit SNPL ref (max) 0.060 (206.95)
3y Cit SNPL ref (max) × 1 0.091 (144.40)
3y Cit SNPL ref (max) × 2 0.073 (155.18)
3y Cit SNPL ref (max) × 3 0.042 (74.00)
3y Cit SNPL ref (max) × 4 0.032 (32.85)
3y Cit SNPL ref (max) × 5 0.013 (8.03)
3y Cit SNPL ref (max) × 6 0.012 (5.41)
3y Cit SNPL ref (max) × 7 0.002 (0.71)
3y Cit SNPL ref (max) × 8 0.001 (0.28)
3y Cit SNPL ref (max) × 9 −0.001 (−0.74)
3y Cit SNPL ref (max) × 10 0.001 (0.39)

Patent-level controls Base Base
Patent applicant FE No No
Adj. R-Square 0.186 0.188
Observations 4378579 4378579

Legend table S5: All reported values are elasticities. Patent-level controls “Base” include technology fields by first
filing year pair FEs and an indicator for the presence of SNPL references. 3y Cit SNPL ref (max) is a measure of
SNPL science quality corresponding to the maximum 3-year citation count across scientific publications appearing
as SNPL references in a patent. Robust standard errors. T-statistics in parentheses.

. .



Table S6. Patent value and science quality (by time distance).

(1) (2) (3) (4)
DV (log): 5y Cit US 5y Cit US 5y Cit EP 5y Cit EP

SNPL time distance:

Short 0.139 0.115 0.089 0.076
(33.16) (25.42) (27.95) (21.57)

Medium 0.052 0.040 0.039 0.028
(12.11) (8.50) (12.10) (7.89)

3y Cit SNPL ref (max) × Short 0.041 0.032 0.034 0.027
(37.57) (26.96) (39.15) (28.34)

3y Cit SNPL ref (max) × Medium 0.038 0.027 0.027 0.021
(33.59) (21.89) (30.59) (20.94)

3y Cit SNPL ref (max) × Long 0.031 0.019 0.028 0.018
(26.98) (14.83) (30.25) (17.53)

Patent-level controls All All All All
Patent applicant FE No Yes No Yes
Adj. R-Square 0.263 0.363 0.101 0.169
Observations 4319660 3764150 4319660 3764150

Legend table S6: All reported values are elasticities. 3y Cit SNPL ref (max) is a measure of SNPL science quality
corresponding to the maximum 3-year citation count across scientific publications appearing as SNPL references
in a patent. Short, Medium, and Long time distance are dummies for the tertiles of time distance. Patent-level
controls “All” further include FEs for SNPL reference counts, patent reference counts, and number of inventors.
Patent applicant FEs are derived from the first applicant on the grant publication. Robust standard errors. T-
statistics in parentheses.



Table S7 Top-cited science and patents

(1) (2) (3) (4) (5) (6)
DV: 5y Cit US log log log Top 20% Top 20% Top 20%

Top 20% Science 0.053 0.028 0.016 0.010 0.004 0.004
(14.54) (8.19) (4.43) (5.81) (2.25) (2.42)

Top 10% Science 0.050 0.028 0.023 0.025 0.014 0.009
(11.02) (6.82) (5.21) (12.02) (7.08) (4.19)

Top 5% Science 0.176 0.074 0.057 0.069 0.029 0.023
(48.33) (21.63) (15.35) (40.34) (17.58) (12.27)

Patent-level controls Base All All Base All All
Patent applicant FE Yes Yes
Adj. R-Square 0.155 0.262 0.362 0.020 0.095 0.172
Observations 4319660 4319660 3764150 4321415 4321415 3765838

(7) (8) (9) (10) (11) (12)
DV: 5y Cit US Top 10% Top 10% Top 10% Top 5% Top 5% Top 5%

Top 20% Science 0.005 0.000 0.002 0.000 −0.002 0.001
(3.60) (0.22) (1.60) (0.33) (−2.14) (1.03)

Top 10% Science 0.019 0.009 0.004 0.016 0.008 0.002
(10.87) (5.44) (2.30) (11.60) (6.13) (1.66)

Top 5% Science 0.051 0.019 0.016 0.032 0.010 0.009
(35.95) (14.01) (10.53) (28.86) (9.37) (7.66)

Patent-level controls Base All All Base All All
Patent applicant FE Yes Yes
Adj. R-Square 0.021 0.088 0.161 0.023 0.082 0.152
Observations 4321415 4321415 3765838 4321415 4321415 3765838

Legend table S7: Shows indicators of top-cited science and top-value patents as independent and dependent
variables, respectively. The variable “Top 20% Science” is equal to one if the referenced SNPL is in the top 20%
of the scientific literature of the same field and publication year. When the SNPL is in the top 5%, it is also in
the top 10% and top 20%; thus, the estimates have to be added up to get the full effect. The reference groups are
SNPL in the bottom 80%. Columns 1-3 use log 5-year US citations as dependent variable; coefficient estimates
are semi-elasticities. The other columns use indicators of the patent being in the top 20% (10, 5) of the technology
area in the same year. In columns 4-12, linear probability models are used, and coefficient estimates are increases
in probability. The specifications are the same as in Table S2.
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