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ABSTRACT
Inventors cannot exploit new scientific discoveries if they do not pay attention to them. However,
allocating attention to science is difficult because the scientific literature is vast, fast-changing, and often
unreliable. Inventors are therefore likely to rely on informational cues when screening new publications. I
posit that inventors pay significantly less attention to discoveries “made in academia” than to those “made
in industry” because they believe that the work of academic scientists will be less useful to them. I test
this proposition by examining inventors’ patent references to the scientific literature in the case of
simultaneous discoveries made by at least one team based in academia and another based in industry. I
find that inventors are 23% less likely to cite the academic paper than its twin from industry. My results
highlight the importance of inventors’ attention as a hitherto underexplored bottleneck shaping the
translation of science into new technologies.
Keywords: innovation; attention; academic science; simultaneous discoveries; patents; use of science in
inventions
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1. INTRODUCTION
Science can accelerate technological innovation ( Cohen, Nelson, and Walsh 2002; Mokyr 2002; Fleming
and Sorenson 2004), but only if inventors1 pay attention to it. Yet, identifying useful scientific discoveries
is a difficult task. Not only is scientific knowledge generally complex and tacit (Polanyi 1958; Zucker and
Darby 1996), but the literature is vast and fast-changing (Jones 2009; Alberts 2010) and the reliability of
published findings is uncertain (Freedman, Cockburn, and Simcoe 2015). When information technologies
allow easy access to millions of scientific publications, how can boundedly rational inventors possibly
keep track of all this knowledge?
I argue that inventors, in order to avoid drowning in the scientific literature, select—whether
deliberately or not—how much attention each scientific publication will receive. Selective attention plays
a crucial role in both individual and organizational behavior because it bounds individual rationality and
determines the menu of available actions (Simon 1947). Clearly, scientific publications that receive little
or no attention from inventors are unlikely to be translated into new technologies. Inventors’ attention is
therefore likely to constitute a critical bottleneck at the interface between science and technology. To
navigate the scientific literature, inventors are likely to rely on informational cues drawn from those
attributes of a publication that are easily observable (Merton 1968; Simcoe and Waguespack 2011;
Azoulay, Stuart, and Wang 2013; Polidoro 2013). Inventors might then pay particular attention to
scientific publications that carry specific cues while ignoring others that carry different cues, even if their
contents are very similar.
I posit that inventors use the publication’s “institution of origin”—that is, whether it stems from
an academic or an industrial organization—as such a cue. They might pay less attention to discoveries
made in academia than to those made in industry because they know that academic scientists tend to be
shielded from commercial pressures. They also know that scientists working in industry have a strong

1

For simplicity, throughout the paper I call individuals involved in scientific publications “scientists” and those
involved in patenting “inventors.” In studying the interface between science and technology, I specifically focus on
inventors’ attention to science produced by others.
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incentive to produce knowledge that will be technologically valuable. Thus, the well-documented tension
between science as an output evaluated by other scientists and science as an input to technology
development (Gittelman and Kogut 2003; Stern 2004; Evans 2010; Murray 2010) is likely to affect
inventors’ attention to the scientific literature.
The challenge in investigating this proposition is considerable. Because scientists working in
industry and in academia typically focus on different projects (Aghion, Dewatripont, and Stein 2008), a
simple comparison of inventors’ propensity to pay attention to papers from academia and from industry
would be uninformative. Inventors might simply pay less attention to publications from academia because
of their fundamental nature and not because of their institutional origin. The empirical challenge is
therefore an identification problem. Researchers can often observe a treated group without being able to
observe a suitable control group. To address this challenge, I use a novel empirical strategy based on the
common occurrence of simultaneous discoveries in science (Merton 1957). When two or more teams
make the same or very similar discoveries at around the same time and send their manuscripts for
publication, both papers may be published, forming what I refer to as “paper twins.” (I use the term
“twin” even when there are more than two such simultaneous publications; sets of two are much more
common than sets of three or more.) By focusing on those twins, it is possible to keep the discovery
(almost) constant across different institutional origins. Thus, the relationship between the institutional
environment of origin and inventors’ attention becomes more salient. In practice, I consider 479 patents
and their references (or lack thereof) to 90 scientific publications representing 39 sets of paper twins—28
pairs, 10 sets triplets, and 1 set of quadruplets—in which at least one paper came from industry and one
from academia.
This empirical strategy has two key advantages. First, because the paper twins reveal instances in
which very similar knowledge emerges at around the same time in different environments, they offer a
unique opportunity to isolate the impact of the discovery’s content from the cues embedded in its context
of emergence. Although there can be subtle differences between the manuscripts of teams that make the
same discovery, it is possible to measure those differences—even if imperfectly—and to account for them
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empirically. Second, patent references to the paper twins constitute a useful measure of inventors’
attention to the scientific literature. Roach and Cohen (2013) find that patent citations to papers are a
better measure of knowledge flow between academia and industry than patent citations to other patents. In
the case of paper twins, inventors have in principle a choice of citing one publication, its twin, or both.
This study’s complementary qualitative work, involving 50 interviews with scientists and inventors,
indicates that inventors’ citation (or noncitation) of each paper in a set of twins reflects the differential
attention that those papers received.
My results confirm that an institution-of-origin effect shapes inventors’ attention to science. In
my data, an inventor’s patent is 23% less likely to cite a paper from academia than its twin from industry.
This large effect is robust to a number of specifications and does not appear to be driven by status, social
network, or subtle differences between twins. These findings point to the strategic role that attention plays
in the process of science-based invention. Failure to pay attention to promising scientific findings might
lead to missed opportunities, whereas productivity might suffer if inventors pay too much attention to
unpromising or unreliable research results. Absent an understanding of inventors’ attention, apparent low
rates of knowledge transfer might be attributed to the often-studied tacit nature of knowledge when they
in fact stem from a lack of attention from inventors. The challenges raised by tacitness and attention are
very different. While issues of tacitness call for investments in codification, issues of inventors’ attention
call for investments in visibility- and credibility-enhancing measures, such as replication by third parties
and broader communication.
In investigating how informational cues shape inventors’ attention to science, this study attempts
to make three contributions. First, it highlights that science-based invention is complicated not only by the
tacit and complex nature of scientific knowledge, but also by the fact that the scientific commons is vast,
fast-changing, and often unreliable. While the benefits of using science as a map have been welldocumented (Cohen, Nelson, and Walsh 2002; Fleming and Sorenson 2004; Arora, Belenzon, and
Patacconi 2017), this study points to the challenges and cost that this map entails. Inventors’ attention is
scarce (Simon 1947), which constitutes a hitherto understudied bottleneck at the interface between
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science and technology. Second, while prior studies of the informational cues used in science and
innovation highlight the impact of status and certification (Merton 1968; Simcoe and Waguespack 2011;
Azoulay, Stuart, and Wang 2013; Polidoro 2013), this paper highlights another cue—the academic or
industrial origin of a scientific publication. Finally, this paper is the first to use simultaneous discoveries
to conduct a “twin study of scientific knowledge,” introducing a new method for social scientists
interested in science and its dissemination.

2. INVENTORS’ ATTENTION TO SCIENCE
2.1. Challenges in navigating the scientific literature
Inventors can use science, which describes natural phenomena and regularities, as a “map” suggesting the
way to new ideas, to solutions for complex problems, and generally to more efficient work (Mokyr 2002;
Cohen, Nelson, and Walsh 2002; Fleming and Sorenson 2004). The exploitation of scientific knowledge
can therefore drive the success of inventors, firms, and entire industries (Zucker, Darby, and Brewer
1998; Cockburn and Henderson 1998; Murmann 2003). However, the fact that many economists have
traditionally described science as a “public good” (e.g., Arrow 1962) does not mean that its exploitation is
straightforward or costless (Rosenberg 1990). In fact, inventors face fundamental challenges in
identifying which scientific publications might help them develop new technologies.
First, scientific knowledge tends to be complex and tacit. Polanyi (1958: 57) noted that “the large
amount of time spent by students of chemistry, biology and medicine in their practical courses shows how
greatly these sciences rely on the transmission of skills and connoisseurship from master to apprentice. It
offers an impressive demonstration of the extent to which the art of knowing has remained unspecifiable
at the very heart of science.” This insight has considerable implications. Knowledge developed by
scientists can remain tacit many years after its discovery. Transferring it might be costly, rendering the
knowledge sticky (von Hippel 1994) or “naturally excludable” (Zucker and Darby 1996). In principle,
academic scientists codify new knowledge to facilitate its dissemination. However, this is not always in
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their interest because codification can be costly (Nelson and Winter 1982; Zucker, Darby, and Armstrong
2002).
Second, the scientific literature is vast and fast-changing. Large amounts of new knowledge are
published every day and staying up to date is costly. Over 15 million scientists have authored at least one
article indexed by Scopus between 1996 and 2011 (Boyack et al. 2013), and this sheer volume makes it
practically impossible to keep track of all the work published in even one area of interest. While the
“Renaissance Man” ideal of a scientist well-versed in disparate disciplines once seemed achievable, the
growing burden of knowledge constrains today’s scientists to lengthen their doctoral programs, specialize,
and collaborate (Jones 2009; Agrawal, Goldfarb, and Teodoridis 2016; Teodoridis 2017). The challenge
in keeping track of the scientific literature is likely to be even more salient for those involved in
technology development. Technologies tend to draw on multiple scientific specialties and inventors are
generally—though not always—less embedded in the scientific literature than scientists themselves
(Rosenberg 1994).
Third, evaluating scientific manuscripts is not a straightforward process, as their reliability tends
to be uncertain. Differing evaluation criteria are possible, which can lead to controversies (Engelhardt and
Caplan 1987; Boudreau et al. 2016). In the past few years, practitioners, the media, and many scientists
have loudly complained that there is no mechanism by which inventors can guarantee the usability of
academic findings (The Economist 2013; Freedman, Cockburn, and Simcoe 2015). The integrity of
research tools is sometimes questionable (Furman and Stern 2011), but the key issue is reproducibility,
with estimated rates of reproducibility of academic studies ranging from a worrisome 49% (Hartshorne
and Schachner 2012) to an alarming 11% (Begley and Ellis 2012). This is a crucial area of concern for
those involved in science-based invention. In a recent editorial piece, Merck’s Chief Medical Officer
noted that “the consequences of building on a shaky platform are so great that most biopharmaceutical
companies and venture capitalists expend considerable resources in attempts to replicate initial data
before committing to further research” (Rosenblatt 2016: 1).

6

Overall, large quantities of highly technical scientific publications constantly compete for
inventors’ attention and their value is often uncertain. Inventors’ understanding of the scientific literature
will therefore always be incomplete. This, in turn, raises the question of how they allocate their scarce
attention. If they could observe the value of scientific knowledge directly and costlessly, they would be
able to allocate their attention efficiently to the most valuable publications. However, the fact that the
scientific literature is so vast, fast-changing, complex, and unreliable means that the allocation of
attention is likely to have significant implications for inventors’ performance and for technology
development in general.
2.2. Allocating attention to some scientific publications and not to others
Much research has investigated the challenges in translating tacit scientific knowledge into new
technologies. To do so, innovators must cultivate the appropriate skills (for individuals) or capabilities
(for organizations). They can increase their absorptive capacity by conducting research themselves to
develop the relevant cognitive structures to acquire, recall, and use knowledge produced elsewhere
(Cohen and Levinthal 1990; Gambardella 1992). Firms might also reduce the cost of knowledge
acquisition by creating tight relationships with academic scientists (Cockburn and Henderson 1998;
Zucker, Darby, and Armstrong 2002) or by fostering individual mobility across the academia-industry
divide (Murmann 2003; Furman and MacGarvie 2007). Collocation can facilitate knowledge flow by
allowing frequent interactions (Zucker, Darby, and Brewer 1998; Belenzon and Schankerman 2013).
Consider the case of recombinant DNA. Early on, knowledge about the new technique diffused slowly
because it was largely tacit. To learn it, scientists had to work side by side with more experienced
colleagues in laboratories already using it (Zucker and Darby 1996).
Although research has examined how the tacit nature of science complicates science-based
invention, it has not examined the role of inventors’ attention. This omission is significant. Attention is a
necessary—though not sufficient—driver of knowledge transfer. Empiricists who overlook the issue of
attention might overestimate the challenge of the tacitness of knowledge. The issue is not only an
empirical one, however. Inventors’ scarce attention constitutes a hitherto understudied bottleneck in the
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translation of science into new technology. This bottleneck is different from that imposed by the complex
and tacit nature of knowledge. It raises different theoretical questions about determinants of attention and
calls for different solutions for practitioners interested in boosting science-based invention.
The way inventors manage their attention to science is likely to have important strategic
implications. Attention is known to affect firm performance (Ocasio 1997) and the allocation of attention
amongst scientists explains in part why some make Nobel Prize-winning breakthroughs and others do not
(Chai 2017). Over 70 years ago, Herbert Simon noted that, considering the sheer volume of information
available at any given time, the most important challenge in decision-making is not the scarcity of
information but rather the scarcity of attention. “Until they are noticed, opportunities are not
opportunities. In the world in which we actually live, at any given time we notice only a tiny fraction of
the opportunities that are objectively present (…). A major initial step— and by no means an assured
one— in technological or social invention is (…) to attend to the right cues” (Simon 1947: 123).
Indeed, cues play an important role in science and in technology. The imperfection of the system
of communication in science has been known for decades. Most studies have focused on the cue
conferred by an author’s social status (Merton 1968; Simcoe and Waguespack 2011; Azoulay, Stuart, and
Wang 2013). The underlying idea is straightforward: since scientists cannot possibly keep track of the
entire scientific literature, they use the status of the authors to assess how much attention a publication
deserves. Innovators also use cues to assess the potential of various technological niches. Several such
cues have been examined, including the social status of the innovators (Podolny and Stuart 1995) and the
recognition that they received (Rao 2004). Interestingly, science itself can bolster the prominence of new
technologies because the review process acts as a certification mechanism that mitigates some of the
uncertainty surrounding new technologies (Azoulay 2002; Polidoro and Theeke 2011; Polidoro 2013).
Thus, informational cues shape the evolution of science and of technology, but their impact on the
interface between the two remains unknown. This paper constitutes a first step in exploring that question.
2.3. The impact of institutional origin on inventors’ attention
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Inventors are likely to pay less attention to a discovery “made in academia” than to one “made in
industry” because they know that academics are broadly shielded from commercial pressures. At the end
of World War II, Vannevar Bush (1945: 241) argued that academic scientists should be protected “from
the adverse pressure of convention, prejudice, or commercial necessity.” Kuhn (1970: 163) noted that the
insulation of scientific communities is unparalleled: “There are no other professional communities in
which individual creative work is so exclusively addressed to and evaluated by other members of the
profession.” This feature is consequential: “Just because he is working only for an audience of colleagues,
an audience that shares his own values and beliefs, the scientist can take a single set of standards for
granted. He need not worry about what some other group or school will think and can therefore dispose of
one problem and get on to the next more quickly” (163). Taking into account that the “other group” might
be inventors sheds some light on the challenge that academia as an institutional environment raises for
science-based invention. Scientists and inventors do not approach scientific knowledge in the same way
(Stokes 1997). The findings of academic scientists are not primarily evaluated for their practical
usefulness. Conversely, inventors do not assess scientific discoveries chiefly for their contribution to
fundamental understanding (Fini, Jourdan, and Perkmann 2017).
In particular, academic origin might signal poor replicability. Pressures to publish or perish in
academia are well known throughout the preclinical literature (Mobley et al. 2013; Begley and Ioannidis
2015).2 A recent survey of faculty and trainees at MD Anderson Cancer Center illustrates those pressures:
“When trainees at the institution were asked if they had ever felt pressure to prove the mentors’
hypothesis, even when the data that the trainee generated did not support it, 31.4% reported that they had
felt pressure. Furthermore, 18.6% of trainees said that they had been pressured to publish findings about
which they had doubts. Additionally, when asked if they were aware of mentors who required a high
impact journal publication before a trainee can complete his or her training in the laboratory of their
mentor, 48.9% (68/139) reported that they were aware of this requirement” (Mobley et al. 2013).

2

I thank an anonymous reviewer for these references.
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Industry origin, on the other hand, is likely to signal commercial value. From the perspective of
inventors, the fact that scientific publications were “made in industry” indicates that a firm believes
enough in the economic value of that area of science to invest in its exploration. Polidoro (2013) studies
instances in which firms decide to enter new technological niches by developing drugs using new
mechanisms of action in 14 therapeutic classes. He finds that rivals are more likely to enter when
pioneering companies have published about their technology, presumably in part because these
publications draw attention to the practical benefits of the new mechanism of action for the development
of new drugs. Industry publications in top scientific journals might also be more replicable than academic
papers. Publication is not crucial from a firm’s standpoint (Stern 2004). Since scientists in firms have
much less pressure to publish than those who work in academia, one might expect that they are less likely
to publish shaky results (Casadevall and Fang 2012).
In sum, an institution-of-origin effect might shape inventors’ attention to science. Inventors might
not pay close attention to discoveries stemming from academia, at least as compared with discoveries
published by firms. Since inventors’ relative attention to the scientific literature is visible in their
references to it in their patents, I posit that:
HYPOTHESIS. Inventors are less likely to refer in their patents to a publication from academia than to a
publication originating from industry that discloses essentially the same discovery.

3. METHOD AND DATA
3.1. Structure and composition of the dataset
My empirical approach is probably best explained by considering an example. In 2001, a San
Diego-based company called X-Ceptor invented a new method for treating a number of diseases,
including obesity, using liver X receptor (LXR) compounds. This invention was based on recent scientific
developments. Patent US6924311, which describes the invention, includes 28 references to the scientific
literature. Those references provide a window onto the attention that the inventors paid to the scientific
literature that was relevant to this invention. However, among all the publications that were not
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referenced, how can one gauge which were relevant but were omitted? One way to address this challenge
would be to observe essentially the same discovery “made in academia” and “made in industry” and then
to examine whether inventors are more likely to cite one or the other in their patents. I take this approach
here by focusing on paper twins. Table 1 presents five such sets of paper twins drawn from my dataset.
[Insert Table 1 and Figure 1 about here]
In particular, consider the example presented in Figure 1. Both papers report the discovery that a
point mutation in the OB-R gene (a receptor for leptin) explains the obese phenotype of diabetic mice. XCeptor’s inventors could in principle have referenced both papers in patent US6924311. In fact, they cited
the former paper, which was published by Millennium Pharmaceuticals in Cambridge, MA, but not the
latter one, which was published by Rockefeller University in New York. My empirical strategy consists
of focusing on inventors such as those from X-Ceptor and on the citations they make in their patents
when they have a choice of “paper twins”— one from academia and one from industry. The level of
observation is therefore the patent–paper dyad. Here, patent US6924311 forms one dyad with the
Millennium paper and another dyad with the Rockefeller paper. In structuring the dataset that way, I can
observe not only realized citations but also citations that were possible but not realized. This, in turn, lets
me estimate for each dyad whether the paper’s academic or industrial origin predicts citation.
[Insert Figure 2 about here]
For clarity, the dataset and its structure are presented in Figure 2. It consists of 479 patents
(including US6924311) and their citations or noncitations of 90 scientific papers (including the
Millennium and Rockefeller papers). Those 90 papers constitute 39 sets of paper twins: 28 pairs, 10 sets
of triplets and 1 set of quadruplets. Paper twins tend to be published around the same time in very similar
outlets. The combinations between the 477 patents and those 90 papers amount to 924 patent–paper
dyads. The data are drawn from several sources. Data for each publication come from ISI Web of Science
and Scopus. Details about the corresponding author as well as each author’s address come from an
analysis of the text of the publications. Patent data and patent-level variables were collected using
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Harvard’s IQSS patent database (Li et al. 2014) and impact-factor data come from the ISI website. Table
2 lists the main variables and their definitions.
[Insert Table 2 about here]
I complement my quantitative analysis with 48 interviews with scientists and inventors, one
interview with a patent lawyer, and one interview with an editor at a prestigious scientific journal. I do not
use these qualitative data to test my hypothesis. Rather, those interviews provide a deeper understanding
of how inventors navigate the scientific literature and how this is reflected in their patent citations to
scientific papers—especially in the case of paper twins. Those interviews were important for two reasons.
First, patent citations to the academic literature remain poorly understood and the process of patent
citation in the case of paper twins has not been studied before. My interviews therefore provided key
insights about how I should interpret the results from my quantitative analysis. Second, since I study the
allocation of attention, my interviews helped me understand how inventors think about the institutional
origin of scientific discoveries. This provided more fine-grained insights about my results, which
complement my quantitative analysis. The interviews lasted from 30 minutes to two hours and were all
recorded and transcribed—except for three interviewees who refused to be recorded.
3.2. Paper twins
The algorithm used to produce the sample of paper twins is based on findings from the sociology
of science about the allocation of credit in the case of simultaneous discoveries. Of particular interest is
the insight that scientists use citations as “votes” highlighting which team they think deserves the credit
for the discovery. When they believe that credit ought to be split, they typically cite two or more papers
adjacently (Cozzens 1989). Based on this insight, simultaneous discoveries can be identified
automatically by observing instances in which two or more teams share the credit for a specific discovery;
that is, two or more papers are consistently cited within the same parentheses or adjacently. In practice, I
did not restrict my search to specific disciplines. Rather, I sought to identify all the pairs of papers that
were consistently cited adjacently in every research paper published by the top 15 non-review scientific
journals between 2000 and 2010. The general method used to identify paper twins, its theoretical
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foundations, the algorithm, and various robustness analyses are detailed in a separate paper (Bikard
2012). To identify the sample of 39 sets of paper twins that I use here, I used a six-step process.
In step 1, I used ISI Web of Knowledge to collect information about 42,106 research articles that
appeared in the top 15 non-review scientific journals (2009 journal impact factor ranking) between 2000
and 2010. Those journals are Nature, Science, Cell, New England Journal of Medicine, JAMA, Lancet,
CA: A Cancer Journal for Clinicians, Nature Genetics, Nature Materials, Nature Medicine, Nature
Immunology, Nature Nanotechnology, Nature Biotechnology, Cancer Cell, and Cell Stem Cell. In step 2, I
gave each reference listed in those papers a unique identifier using PubMed and CrossRef. I identified
744,583 unique references made by those 42,106 scientific articles. In step 3, I generated a database of
pairs of all references that (a) were co-cited in at least one paper, (b) were published no more than a
calendar year apart, (c) had no overlapping author, and (d) were cited at least five times in the 42,106
papers that I began with. In all, 17,050,914 pairs were considered and 449,417 met those criteria. In step
4, I computed the Jaccard co-citation index for each of those pairs. I selected 2,320 pairs that had a cocitation index greater than 50%. In step 5, I used a parsing algorithm to identify those pairs for which cocitation was always within the same parentheses or adjacent. I excluded 495 pairs for which I was not
able to parse at least three co-citing articles. I found that 720 of the remaining 1,825 pairs had been cited
adjacently in 100% of the co-citing articles. Finally, in step 6, I collected the addresses of corresponding
authors for each of the 1,246 papers that constitute these 720 pairs and coded them as academic or
industrial. I found 49 pairs that involved one paper from academia and one paper from industry. In several
cases, the same paper was paired with more than one other paper. Those instances formed 10 triplets and
1 quadruplet—which I also refer to as “paper twins” for simplicity. In total, these efforts yielded a sample
of 90 papers constituting 39 sets of paper twins. To my knowledge, this is the first sample of discoveries
made simultaneously in academia and in industry ever built.
Considering my research question, this sampling strategy has three important advantages. First, to
identify paper twins, I looked for frequent co-citations in the most prestigious and highly visible journals.
This means that I am excluding poorly cited discoveries. This is a study of inventor’s selective attention
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to science and it is important to note that I am not measuring their attention to some obscure scientific
findings. Second, my focus on frequent co-citation in the scientific literature means that, in principle,
those publications are equally citable in patents. It is unlikely that one paper is of much higher quality
than its twin. Finally, the fact that I identify co-citation in the text of papers published in the top 15
journals means that the resulting sample of discoveries belongs to the disciplines that those journals
publish; that is, the natural sciences in general, with a focus on the life sciences. Those fields are likely to
be particularly useful for technology development (Rosenberg and Nelson 1994). In addition, the fact that
at least one firm took part in each of the 39 set of paper twins further points to the commercial value of
those projects.
3.3. How similar are the twins?
The question of the comparability of simultaneous discoveries was a topic of fierce debates in the 1960s
and 1970s (e.g., Schmookler 1966; Merton 1968). Merton (1968: 9–10) noted: “It is no easy matter to
establish the degree of similarity between independently developed ideas. Even in the more exact
disciplines, such as mathematics, claims of independent multiple inventions are vigorously debated. The
question is, how much overlap should be taken to constitute ‘identity’?” To avoid getting caught in past
debates about identity or similarity, I built three measures of within-twin heterogeneity.
Publication month difference. The occurrence of races in science provides key evidence that the
contents of scientific manuscripts overlap—i.e., they are substitutes rather than complements. Failure to
submit by the time a competing paper has been published amounts to “getting scooped.” Teams that have
been scooped are generally constrained to submit to a lower-tier journal and/or to conduct extra work and
analyses in order to publish their findings. This supplementary work could create heterogeneity within
pairs of papers. As noted above, my algorithm matches papers based on co-citation and not on publication
month. It is striking, therefore, that the paper twins in my final sample were published on average only 2.2
months apart. For 36 sets of paper twins (92%), the gap between publications was less than six months.
To recognize a tie in the race for priority, editors who receive papers describing the same
discovery around the same time might decide to publish them back-to-back. Even though not all back-to-
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back publications correspond to simultaneous discoveries (Drahl 2014), simultaneous discoveries appear
often back-to-back in scientific journals. Several well-known discoveries were disclosed this way,
including the discovery of evolution through natural selection by Darwin and Wallace in the Journal of
the Proceedings of the Linnean Society of London, published on August 20, 1858, and the discovery by
both Richter and Ting of the J/ψ meson, published in Physical Review Letters, on December 2, 1974.
Interestingly, my sample of 39 simultaneous discoveries includes 24 instances of back-to-back
publications.
Semantic difference. Different teams are likely to use different words to describe even very
similar discoveries. I measured the semantic similarity of each pair with the PubMed-related citation
algorithm (PubMed 2016). For each scientific publication in PubMed, this algorithm ranks every other
scientific article based on the words they have in common, adjusted for length. If the pairs in my sample
were not closely related, they should use different words and should therefore be ranked far from each
other. Specifically, I assessed semantic difference by measuring rank difference in the PubMed-related
citation algorithm after dropping articles published more than a calendar year apart. PubMed ranks the
two papers in a pair right next to each other for 18 (49%) of the 37 sets of paper twins from my sample
that are included in PubMed. The rank difference is less than 10 for 33 (89%) pairs. To put these numbers
in perspective, the number of papers included in PubMed between 1994 and 2007 is 7,866,467. Hence, a
rank difference of less than 10 out of 1,685,671 on average means that two papers are in the top 0.0006%
most-related papers for that time period from a semantic standpoint.
Stylistic differences. To assess the stylistic differences among papers disclosing the same
discovery, I hired 10 postdoctoral researchers from prestigious universities with the appropriate
background in the life sciences and in applied physics. Each was asked to evaluate 4 to 17 sets of paper
twins and to write a few sentences highlighting what they perceived to be the main differences between
the manuscripts—which had been previously anonymized. Three researchers assessed each set of paper
twins. To be conservative, I considered two papers to be different along one dimension even if only one
of the researchers noted a difference. The researchers identified five types of difference and I translated
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those descriptions into five dummy variables capturing variance in (a) level of detail, (b) richness of the
theory, (c) general sophistication, (d) practical emphasis, and (e) clarity.
[Insert Table 3 about here]
Table 3 investigates the differences between the scientific style of the publications “made in
academia” and those “made in industry.” The left part of the table presents information about how often
the postdoctoral researchers found that paper twins differed along each dimension. The most common
difference is the level of detail. Those experts highlighted that one paper appeared more detailed than its
twin in 32% of the cases. The second most common difference is that one paper has more of a practical
emphasis—that is, an emphasis on practical implications—in 19% of the cases. In contrast, differences in
theory development (8%), general sophistication (7%), and clarity (4%) appeared to be less common. The
remaining columns further examine whether this heterogeneity actually means that academic publications
and their industrial twins differ significantly. They present the means and standard deviation of each
variable for papers of industrial and academic origin respectively followed by a Wilcoxon-Mann-Whitney
test of the statistical significance of the difference in means. The academic papers appear significantly
more detailed than their industrial twins. However, I do not find statistically significant differences in the
papers’ level of theory development, sophistication, clarity, or clinical orientation.
3.4. Dependent variable: Patent references to the scientific literature
I measure inventors’ attention to science by examining patent references to the scientific literature. Those
citations are known to be much less likely than patent-to-patent citations to be added by the examiner or
used strategically (Lampe 2012). Roach and Cohen (2013: 521) explore the validity of patent references
to the scientific literature as a measure of knowledge flow by comparing them to survey data and find that
“compared to citations to other patents, citations to nonpatent references correspond much more closely to
managers’ reports of the use of public research.” Note that I focus on references to paper twins. In those
cases, disclosing one paper is technically enough from a legal standpoint, since the two papers disclose
the same prior art and, under US Patent and Trademark Office Rule 56, patent applicants are not required
to disclose “cumulative” information. The inventors I interviewed indicated that, in practice, when they
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cited only one paper of a set of paper twins, they cited the one that came to mind first; that is, the one they
had paid the most attention to. A senior inventor at an East Coast-based biotechnology company noted:
It’s like checking the box. If you got one that serves the purpose, that’s good enough. The fact
that we missed one does not necessarily mean that we did not see the paper. It might just be lack
of thoroughness.
Differential patent citations in the case of paper twins therefore appear to measure of the differential
attention that those papers had received.
I tracked my main outcome measure, 𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑖𝑗𝑘 , by examining the references in the patent
literature to the 90 publications making up the 39 sets of paper twins. To find these references, I searched
each paper in the Dataverse patent database (Li et al. 2014), using the first author’s last name, the journal
name, the publication year, and the paper’s first-page number. I excluded all self-citations by screening
out all instances in which inventors of patent j work in an organization in which one or more of paper i’s
authors were also based. To correct for the fact that older sets of paper twins have had more time to be
referenced, only patents awarded within five years of the discovery’s publication were considered.
𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑖𝑗𝑘 is an indicator variable taking the value 1 if patent j cites paper i of set of paper twins k.
3.5. Empirical analysis
I examine inventors’ referencing (or nonreferencing) of academic and industry paper twins in their
patents. As described above, the unit of analysis is the patent–paper dyad. Since unobserved
characteristics of the inventor or invention (such as the inventor’s familiarity with the scientific literature)
might be correlated with the origin of the scientific discovery (academic or industrial), I used fixed effects
at the level of the referencing-patent/set-of-paper-twins dyad to avoid an omitted-variable bias. The
binary nature of the outcome variable could be modeled using a logistic regression. However, considering
the small number of observations per patent/set-of-paper-twins dyad, such a model would not be
consistent. The well-known incidental parameter problem can be solved by using a conditional likelihood
function instead of the usual maximum likelihood. I therefore carry out the estimation using a conditional
logit model (Chamberlain 1982) to model inventors’ choice to refer to paper i of set of paper twins k in
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patent j. My baseline empirical test for the impact of academic origin on whether patent j cites paper i of
set of paper twins k is
𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑖𝑗𝑘 = 𝑓(𝜀𝑖𝑗𝑘 ; 𝛼0 + 𝛼1 𝐴𝑐𝑎𝑑𝑒𝑚𝑖𝑐 𝑜𝑟𝑖𝑔𝑖𝑛𝑖 + 𝛼2 𝑋̅𝑖𝑗 + 𝛾𝑗𝑘 )
where 𝛾𝑗𝑘 is a fixed effect for patent j citing set of paper twins k, 𝛼2 𝑋̅𝑖𝑗 is a vector of control variables,
and 𝐴𝑐𝑎𝑑𝑒𝑚𝑖𝑐 𝑜𝑟𝑖𝑔𝑖𝑛𝑖 is my main explanatory variable. Robust standard errors are clustered at the level
of the set of paper twins.

4. RESULTS
4.1 Sample Characteristics
Table 4 shows the summary statistics for the 924 dyads. It presents the means and standard errors of the
main variables for the full sample as well as for the “industrial origin” and “academic origin” dyads
separately. Sixty-eight percent of the potential citations are realized and one can already see that the mean
of citation is considerably higher for “industrial origin” dyads (74%) than for “academic origin” ones
(62%). The fact that the papers in the sample tend to have practical implications is visible in the high rate
of patent–paper pairs (61%). Note also the high impact factor (23.17) of the journals in which paper twins
are published. Of the 90 papers included in this study, 40 were published in Nature, Cell, and Science.
The other papers were published in Nature Genetics, Immunity, PNAS, Journal of Biological Chemistry,
Nature Immunology, Journal of Experimental Medicine, Molecular Cell, Current Biology, Molecular and
Cellular Biology, Nature Materials, Physical Review Letters, Toxicological Sciences, Genes &
Development, Journal of Leukocyte Biology, Nature Medicine, NEJM, Physical Review B, American
Journal of Human Genetics, EMBO Journal, and Nature Biotechnology. The average number of authors
per paper is 17.3 due to large collaborations in several gene-sequencing sets of paper twins. The set with
the largest collaborations was for the first sequencing of a full Arabidopsis thaliana chromosome in 1999
by a team led by Celera Genomics (37 authors) and an academic consortium (231 authors)—and my
results are robust to its exclusion. The articles in the data were published between 1994 and 2007 and the
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patents’ application dates were between 1995 and 2008. The sum of each author’s count of past
publications is 347 papers on average per authoring team by the time of patent application.
[Insert Table 4 about here]
4.2. Main effect
Table 5 presents my main results. Note that the number of observation is not 924 but 523. In 401 (43%)
of the 924 observations, inventors cite both paper twins in their patent. The patent/set-of-paper-twins
fixed effects mean that those observations are dropped from the conditional logit regressions. Model 5-1
shows the main control variables. Inventors tend to cite US-based publications more, which suggests the
possible existence of a “country-of-origin effect” (e.g., Verlegh and Steenkamp 1999) whereby inventors
systematically pay more attention to science “made in America.” However, this apparent US bias might
also be driven by my choice of the US Patent and Trade Office as a data source. Note also that my
measures of a paper’s style—such as clarity, level of detail, and emphasis on practical implications—
appear to predict citation, whereas author characteristics (such as past publications and past patents) do
not. This absence of author-level effect seems surprising. It is worth noting that inventors acquire
scientific knowledge primarily through open channels such as journal articles, informal interactions, and
conferences (Cohen, Nelson, and Walsh 2002). They might not use author characteristics as a cue because
they do not know those authors or because they do not consider that past publication and patenting
activity are good signals of the value of a person’s current work.
Model 5-2 tests my main hypothesis—that inventors are less likely to cite a paper in a patent if
that paper emerges from academia (as opposed to industry). Indeed, I find that Academic origin is a
strong and negative predictor of citation (p<0.006). The effect is large. When inventors cite only one of
the paper twins in a patent, they are twice as likely to cite the corporate paper as they are to cite its
academic twin. After accounting for the cases in which all the papers in a set of twins are cited, this
amounts to a 23% discount in the citation of papers “made in academia” as opposed to those originating
from industry. Model 5-3 tests the same hypothesis but using a linear probability model (LPM). Because
LPM, unlike conditional logit, does not drop instances in which inventors cite all the papers of a set of
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twins, I can use my entire dataset of 924 patent/paper dyads. This advantage comes at a cost, however.
Since I do not observe cases in which inventors could have cited a set of twins but did not cite any of the
papers in that set, the introduction of the cases in which all paper twins are cited might actually bias my
estimates. I therefore use conditional logit in the rest of my analysis, but my results are generally robust to
using LPM.
[Insert Table 5 about here]
4.3. Robustness analysis
In light of the small number of sets of paper twins in my sample, one might be concerned that a few
outliers drive my results. I examine this possibility in Table 6. First, Models 6-1 and 6-2 exclude,
respectively, higher-order sets of paper twins (triplets and quadruplets) and the sets of paper twins that
receive the most patent citations. To eliminate the cases in which the papers are likely to be the least
similar, Models 6-3 and 6-4 exclude, respectively, the sets of paper twins in which the papers appeared
more than 10 ranks apart in PubMed’s related citation ranking and those in which the papers were
published more than six months apart. Finally, to eliminate concerns relating to specific authorship
patterns, Models 6-5 and 6-6 exclude, respectively, the sets of paper twins in which at least one paper
involved more than 20 authors and those in which at least one corresponding author had a dual academiaindustry affiliation. My main result remains strong across all these specifications.
[Insert Table 6 about here]
4.4. Mechanism
Table 7 attempts to shed more light on the mechanism underlying the observed institution-oforigin effect. First, inventors might pay more attention to publications from industry simply because they
are better connected to the authors of those publications. I investigate the role of social networks in
several ways. Model 7-1 excludes every instance in which any of the inventors on the patent had ever
been a coauthor of any of the paper twins’ authors. The result remains strong (p<0.036). Model 7-2 adds
controls for whether the team is mixed between industry and academia and for the stock of every author’s
prior publications with industry. Admittedly, those authors who collaborate with individuals in firms are
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likely to be, on average, better connected with the community of inventors. Again, the main result on
Academic origin remains strong (p<0.004). Model 7-3 examines whether the effect holds for both
inventors from firms and those from academia. After all, academic inventors are likely to be better
connected with other academics whereas industry inventors are likely to be better connected with
scientists working in other firms. I find that the main result holds for both academic (p<0.078) and
corporate (p<0.024) inventors. In unreported analyses, available upon request, I also use a number of
different measures of geographic distance; my results remain unchanged.
[Insert Table 7 about here]
Model 7-4 examines whether the effect holds for patents that emerge right after the discovery, for
those that emerge two to three years later, and for those that emerge four to five years later. The effect
holds across the board, but appears to weaken over time (respectively, p<0.023, p<0.035, and p<0.085).
This apparent weakening of the main effect is consistent with the idea that the uncertainty surrounding the
discovery dissipates over time and that the institution-of-origin cue therefore becomes less important.
Finally, Model 7-5 considers whether the effect is visible for both high- and low-status academic
institutions. Inventors might pay more attention to higher-status academic institutions and the effect might
therefore be less salient for sets of twins involving those institutions. To measure academic status at the
time of invention, I considered the institutions that, according to Scopus, were the top 10 sources of
publications in Science and Nature in the years in which the patents emerged (1995 to 2008). Those high
status institutions were UC Berkeley, MIT, Harvard University, Oxford University, Harvard Medical
School, University of Cambridge, Stanford University, University of Washington (Seattle), UC San
Francisco, and Caltech. I then split my Academic origin variable in two, depending on whether or not any
author of the academic publication was at any of those top 10 institutions. Model 7-5 shows that the
effect of Academic origin is statistically significant in both cases (p<0.030 and p<0.055, respectively).
Prestigious academic institutions do not seem to be immune from the negative effect of academic origin,
perhaps in part because top universities are disproportionately involved in retractions (Furman, Jensen,
and Murray 2012). Besides, the results from the splines in Models 7-3 to 7-5 should be interpreted
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carefully. My sample of paper twins is small and the difference in the splines’ coefficients might in part
reflect differences in the underlying sets of paper twins. Overall, the institution-of-origin effect does not
seem to be driven by social networks, inventor type, or social status.
At the same time, my interviews highlighted that publications made in academia generally inspire
less confidence among inventors than those stemming from industry. A senior scientist at a fast-growing
East Coast biotechnology firm noted:
If we see that a competing company has published promising data on a project, we will put a lot
of weight on that data. We will think that we should pursue this, whereas if the same paper came
from an academic lab, I think we would be a lot more skeptical. Is it real or perception, I don’t
know, but I think that there is some reality to it based on perception in the industry of things not
reproducing when you try to bring the project internally.
The academic scientists that I interviewed were well aware of this skepticism. A senior immunologist
based in Canada observed:
One of the issues that we’re running into is that companies all think that—at least the ones I’m
dealing with—that the academics are all just—we’re kind of fudging our data to get their money.
So they’re kind of suspicious of us. For whatever reason, they don’t trust the academics. And it
kind of bothers me and my colleagues because science is built on your reputation.
When asked why they have so much more faith in the value of research produced in industry, my
interviewees consistently discussed the institutional differences between industry and academia. A senior
scientist at a large West Coast biotechnology firm explained:
The principle that I follow is that in academia, the end game is to get the paper published in a as
high-profile journal as possible. In industry, the end game is not to get a paper published. The end
game is getting a drug approved. It’s much, much, much harder, okay? Many, many more hurdles
along the way. And so it’s a much higher bar—higher standards—because every error, or every
piece of fraud along the way, the end game is going to fail. It’s not gonna work. Therefore, I have
more faith in what industry puts out there as a publication.
The results from my interviews therefore complemented my quantitative analysis by highlighting that the
institution of origin effect often takes the form of skepticism. The inventors that I interviewed appear to
have generally less confidence in the reproducibility of scientific work when it was made in academia
than when it was made in industry.
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5. DISCUSSION AND CONCLUSIONS
Inventors use a discovery’s institutional environment of origin—whether industry or academia—as a cue
to how to allocate their attention to the scientific literature. Science-based invention involves considerable
uncertainty. Not only is scientific knowledge complex and tacit, but the scientific literature is vast,
changes rapidly, and is often unreliable. Boundedly rational inventors are likely to struggle in gauging
which new discoveries deserve their attention. I argue that inventors resort to informational cues to
resolve this uncertainty and to identify the discoveries that they will attend to. The institutional
environment of origin is one such cue. Scientists in industry face strong incentives to produce knowledge
that will have commercial value and that will be replicable, while academics tend to be shielded from
commercial pressures. Inventors, aware of those institutional differences, are likely to pay significantly
less attention to discoveries “made in academia” than to those “made in industry.”
Because scientists in firms work on more applied projects than their academic colleagues,
inventors might naturally pay more attention to their publications anyway. However, I hypothesize that
the institution shapes the amount of attention that a discovery receives, above and beyond the amount
warranted by the nature of the discovery. In other words, I propose that the same discovery receives
different levels of attention depending on whether it emerges in industry or in academia. To test this
proposition, I use a novel empirical approach based on the occurrence of simultaneous discoveries in
science. Specifically, I focus on simultaneous discoveries in which at least one discovery emerged from
academia and one from industry. I measure inventors’ differential attention to these papers by tracking
citations in patents and find that inventors are more likely to refer to a scientific publication if it was
“made in industry” than if it was “made in academia.” The size of the effect is large. In the 57% of cases
in which inventors do not refer to both paper twins, they are twice as likely to refer to the firm paper than
to its academic twin. This effect is robust to a number of specifications. It does not appear to be driven by
social networks, status, location, or subtle differences between the paper twins. Moreover, the effect holds
whether the inventor is based in academia or in industry.

23

This manuscript makes several contributions. First, it highlights a hitherto underrecognized
bottleneck in the translation of science into new technologies. Prior literature has focused on the
challenges in translating tacit knowledge (e.g., Cockburn and Henderson 1998; Zucker, Darby, and
Armstrong 2002). My findings complement this work by highlighting another challenge in this process.
The scientific literature is vast, fast-changing, and often unreliable, while inventors’ attention is scarce.
Promising scientific discoveries might therefore not garner the attention they deserve if they emerge from
researchers working under inventors’ radar. For scientists, inventors’ attention is likely to influence how
much impact their research has in industry. More broadly, the way inventors manage their scarce attention
is likely to affect the number and type of scientific discoveries that will be translated into new
technologies.
Innovators’ scarce attention is therefore likely to shape the evolution of technology. In exploring
the cognitive drivers of technological change, prior research on technology evolution has focused on the
equivocal nature of technology; that is, the actors’ tendency to interpret new knowledge and technology in
different and sometimes conflicting ways (Kaplan and Tripsas 2008; Murray and Kaplan 2010). Attention
scarcity is another cognitive driver of technology evolution but it remains poorly understood. Yet, my
results point to the importance of attention as a prerequisite to cumulative innovation. The way innovators
allocate their attention will determine which interpretations they consider. Here I explore the use of
cognitive cues in this process, but other elements, such as geographic location (Bikard and Marx 2018),
and innovators’ degree of specialization (Teodoridis, Bikard, and Vakili 2017) are also likely to influence
how they allocate their attention.
Second, my results highlight the existence of an institution-of-origin effect shaping the process of
science-based invention. Prior literature, by examining the role of informational cues in the cumulative
processes of science and technology separately (Merton 1968; Podolny and Stuart 1995; Simcoe and
Waguespack 2011; Azoulay, Stuart, and Wang 2013; Polidoro 2013), has overlooked some of the
challenges that the institutional boundary raises for cumulative work across institutions. By focusing on
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science-based invention across academia and industry, I can identify the role of institutional origin as an
informational cue and can document one way in which institutional boundaries affect cumulative work.
Third, this is the first paper to use simultaneous discoveries to conduct what amounts to a “twin
study of scientific knowledge.” Variance in the nature of scientific discoveries is an important challenge
in empirical studies of science and its dissemination (e.g., Azoulay, Ding, and Stuart 2009). An empiricist
who wishes to study the impact of location or of team composition, to take two examples, always faces a
challenge: it is relatively easy to observe a treated group but very difficult to identify a suitable control.
To solve this issue, one can use simultaneous discoveries as a series of natural experiments in which both
the treated and the control deal with essentially the same underlying knowledge. This approach opens the
door to studying important issues in a new way. Thus, this paper also attempts to contribute a new method
to the toolbox of researchers interested in scientific knowledge and its dissemination.
This study also has implications for firms’ innovation strategies. The benefits of academic
knowledge for firms’ R&D productivity are well known and there is a productive division of labor in
which firms commercialize insights from academic labs (Rosenberg and Nelson 1994; Aghion,
Dewatripont, and Stein 2008; Arora, Belenzon, and Patacconi 2017). However, the finding that inventors
pay (relatively) little attention to work made in academia highlights an important friction in this division
of labor. Taken together, the benefits of science for innovation and the challenge in identifying useful
academic knowledge mean that firms’ allocation of attention is likely to be a source of competitive
advantage. Innovation performance will be shaped by a firm’s ability to pay attention to valuable
academic discoveries and to avoid paying attention to less-valuable ones. Thus, this paper raises
important questions about how firms allocate their attention to science and how those choices compare
with the actual distribution of useful discoveries.
The findings from this research have their limits, opening several doors for follow-up studies.
Most importantly, this study relies on citations in the patent literature to a relatively small sample of 39
sets of paper twins emerging in academia and in industry, primarily in the life sciences. Although my
focus on paper twins makes for a relatively clean empirical strategy, it also makes it difficult to assess
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what would have happened had there been only one source for the knowledge. On one hand, the
interviews suggest that the presence of paper twins improves inventors’ confidence in the reliability of a
scientific discovery; my results might therefore understate the negative impact of academic origin. On the
other hand, I cannot examine the effect of institutional origin for cases in which no paper twin exists. In
the absence of a paper twin, the baseline against which citation rates could be compared remains elusive.
In addition, these results do not allow any normative conclusion about whether or not inventors
should pay more attention to discoveries “made in academia.” Systematically paying less attention to
discoveries made in academia than to those made in industry could be a good strategy in light of the
challenges in identifying academic publications that are promising and replicable. Future studies might
explore the extent to which publications from academia are indeed less replicable than those originating
in industry. They might also examine how replication studies affect inventors’ attention.
Finally, the fact that the vast majority of the inventors in my data are life scientists raises
questions about the generalizability of my findings to other scientific fields. The crucial role of scientific
research in the life-science industry is visible not only in patent citations but also in surveys and in
collaborations between industry and academia (Henderson, Jaffe, and Trajtenberg 1998; Zucker, Darby,
and Brewer 1998; Cohen, Nelson, and Walsh 2002). The fact that I find an institution-of-origin effect in a
field in which industry and academia have such a tight relationship raises the possibility that the effect
might be even larger in other fields, but this remains an open question.
In principle, there is no reason to expect that this institution-of-origin effect is one-sided. Just as
inventors are likely to pay more attention to publications “made in industry,” one might expect that
scientists pay more attention to publications “made in academia.” After all, there is evidence that
scientists working with firms produce papers that are poorer from a theoretical standpoint (Evans 2010)
and that they are more guarded about information disclosure (Blumenthal et al. 1996). Though my
analysis allows me to test only one side of the institution-of-origin effect, there is anecdotal evidence of
the other side. Seventy years ago, J. R. Oppenheimer (1947: 175–76) stated an opinion that was echoed
by some of my interviewees: “What you run into when you mix developmental activities, which are

26

programmed, planned and focused, with activities which are of an inquiring and scientific nature, is the
rivalry of two incompatible snobisms. The scientist is irritated by the practical preoccupations of the man
concerned with development, and the man concerned with development thinks that the scientist is lazy
and of no account and is not doing a real job anyway.” One should also note that the institution-of-origin
effect might take different forms at different institutional boundaries.
This study is only a first step toward a better understanding of the downsides of academia when it
comes to disseminating scientific knowledge to inventors. Prior studies have primarily focused on its
upsides; in particular, its traditional openness and emphasis on teaching (Bush 1945). However,
phenomena such as retractions, fraud, and general lack of reproducibility in science (Azoulay et al. 2012;
Furman, Jensen, and Murray 2012; The Economist 2013) have undermined the legitimacy of knowledge
“made in academia.” The challenge that inventors face in allocating their attention to academic science
therefore raises the question of whether new institutions could be imagined that would systematically
assess the shakiness of prominent scientific discoveries from the inventors’ perspective. The importance
of continuing research on this topic should not be understated. As individuals, firms, and nations continue
to rely on economic spillovers from academic research (e.g., Arora, Belenzon, and Patacconi 2017), it is
important to recognize that inventors’ scarce attention affects the rate and direction of science-based
invention.
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Figure 1. A set of “paper twins”

Figure 2. The structure of the dataset
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Table 1. Examples of sets of paper twins emerging from industry and academia
Discovery

Identification of a
molecule (FADD) that
promotes apoptosis

Identification of a
mutation in the leptin
receptor gene Obr in db/db
mice linking it to diabetes

Antagonists to the cIAP
protein trigger
programmed cell death
and activate important
general signalling
pathways
Novel magnetic tunnel
junctions based on Fe
alloys and MgO that result
in much higher magneto
resistance values than ever
reported at room
temperature

The protein TRPV3 is a
cation channel protein
sensitive to warm and hot
temperatures

Twin papers

Discovery
organization

Kischkel, F. et al. "Apo2L/TRAIL-dependent recruitment of endogenous
FADD and caspase-8 to death receptors 4 and 5" Immunity 12, 611-620
(2000)

Genentech

Sprick, M. et al. "FADD/MORT1 and caspase-8 are recruited to TRAIL
receptors 1 and 2 and are essential for apoptosis mediated by TRAIL
receptor 2" Immunity 12, 599-609 (2000)

German Cancer
Research Center

Chen, H. et al. "Evidence That the Diabetes Gene Encodes the Leptin
Receptor: Identification of a Mutation in the Leptin Receptor Gene in db/db
Mice" Cell 84, 491-495 (1996)

Millennium
Pharmaceuticals

Lee, G. et al. "Abnormal splicing of the leptin receptor in diabetic mice"
Nature 379, 632-635 (1996)

Rockefeller
University

Varfolomeev, E. et al. "IAP Antagonists Induce Autoubiquitination of cIAPs, NF-κB Activation, and TNFα-Dependent Apoptosis" Cell 131, 669681 (2007)

Genentech

Vince, J. et al. "IAP antagonists target cIAP1 to induce TNFalpha-dependent
apoptosis" Cell 131, 682-693 (2007)

La Trobe
University

Parkin, S. et al. "Giant tunnelling magnetoresistance at room temperature
with MgO (100) tunnel barriers" Nature Materials 3, 862-867 (2004)

IBM

Yuasa, S. et al. "Giant room-temperature magnetoresistance in single-crystal
Fe/MgO/Fe magnetic tunnel junctions" Nature Materials 3, 868-871 (2004)

National Institute
of Advanced
Industrial Science
and Technology

Smith, G. et al. "TRPV3 is a temperature-sensitive vanilloid receptor-like
protein" Nature 418, 186-190 (2002)

GlaxoSmithKline

Xu, H. et al. "TRPV3 is a calcium-permeable temperature-sensitive cation
channel" Nature 418, 181-186 (2002)

Harvard University

Peier, A. et al. "A heat-sensitive TRP channel expressed in keratinocytes"
Science 296, 2046-2049 (2002)

Scripps

Table 2. Main variables and definitions
Variable
Citation
Academic origin
Paper is more detailed

Paper has richer theory

Definition

Source

Dummy variable equal to 1 if article i is cited in patent j; 0
otherwise
Dummy variable equal to 1 if paper i's corresponding author is
based in academia; 0 if he or she is based in a firm
Dummy variable equal to 1 if at least one postdoctoral researcher
believed that paper i is more detailed than any of its twin(s); 0
otherwise

Harvard IQSS patent
database

Dummy variable equal to 1 if at least one postdoctoral researcher
believed that paper i has a richer theory than any of its twin(s); 0
otherwise

Publication itself
Expert panel
(see section 3.3)
Expert panel
(see section 3.3)
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Paper is more sophisticated

Dummy variable equal to 1 if at least one postdoctoral researcher
believed that paper i is more sophisticated than any of its twin(s); 0
otherwise

Expert panel
(see section 3.3)

Paper has more practical emphasis

Dummy variable equal to 1 if at least one postdoctoral researcher
believed that paper i has more emphasis on practical applications
than its twin(s); 0 otherwise

Expert panel
(see section 3.3)

Paper is clearer

Dummy variable equal to 1 if at least one postdoctoral researcher
believed that paper i is clearer than its twin(s); 0 otherwise

Expert panel
(see section 3.3)

US paper

Dummy variable equal to 1 if the corresponding author of article i
is in the US; 0 otherwise

Publication itself

Journal impact factor

Impact factor (2009 value) of the journal that published article i

International
Scientific Institute
(ISI)

Patent-paper pair

Dummy variable equal to 1 if paper i has a patent-pair; 0
otherwise. Paper considered to have patent pair if there is at least
one patent (of all USPTO patents) on which at least two of the
paper’s authors are listed as inventors and whose application date
is the year of paper publication or the prior year.

Algorithm using
Harvard IQSS patent
database

Number of authors

Count of the number of authors on the paper (logged)

Publication itself

Authors' joint publication stock

Sum of the publication counts of each author⁺ listed on article i by
the year of patent j application (logged)

Scopus

Authors' joint publication with
industry

Sum of the counts of publications that included a firm in the
address field for each author⁺ listed on article i by the year of
patent j application (logged)

Scopus

Authors' joint patent stock

Sum of the patent counts awarded to each author⁺ listed on article
i by the year of patent j application (logged)

Harvard IQSS patent
database

Mixed academia-industry team

Dummy variable equal to 1 if article i includes authors from both
academia and industry; 0 otherwise

Publication itself

Prior co-authorship

Dummy variable equal to 1 if any of the authors listed on article i
has coauthored with an inventor on patent j by the year of patent
application

Harvard IQSS patent
database; Scopus

Time lag

Application year of patent j – Publication year of paper i

Geographic distance

Minimum geographic distance between all possible dyads between
all authors of article i on the one hand and all the inventors of
patent j on the other (logged)

Harvard IQSS patent
database; Web of
Science
Scopus; Harvard
IQSS patent
database; latlong.net

Same country

Dummy variable equal to 1 if the corresponding author of article i
is located in the same country as the first inventor of patent j; 0
otherwise

Harvard IQSS patent
database; Web of
Science

⁺ Based on the full publication and patent history of every author of every potentially cited paper with one
exception—a paper that has 231 authors. For that paper, I used information about the first five authors, the last five
authors, and the corresponding author. Results are robust to excluding that simultaneous discovery.
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Table 3. Within-twin heterogeneity
Total
(N=90)

Industrial
origin (N=41)

Academic origin
(N=49)

Mean diff. Acad. vs. Indus.

Variable

Mean

Std. dev.

Mean

Std. dev.

Mean

Std. dev.

p<

Paper is more detailed

0.32

0.47

0.17

0.38

0.45

0.50

0.01

Paper has richer theory

0.08

0.27

0.07

0.26

0.08

0.28

0.88

Paper is more sophisticated

0.07

0.25

0.07

0.26

0.06

0.24

0.82

Paper has more practical emphasis

0.19

0.39

0.22

0.42

0.16

0.37

0.50

Paper is clearer

0.04

0.21

0.05

0.22

0.04

0.20

0.86

Notes: Mean difference tested using a Wilcoxon-Mann-Whitney test. Of the 90 papers, 49 are of
academic origin and 41 are of industrial origin. The 39 sets of paper twins in my data include 10 triplets
and 1 quadruplet and those sets tend to have more academic than industry papers.

Table 4. Summary statistics (dyad level)
All dyads
(N=924)

Industrial origin
(N=399)

Academic origin
(N=525)

Variable

Mean

Std. dev.

Mean

Std. dev.

Mean

Std. dev.

Citation

0.68

0.47

0.74

0.44

0.62

0.49

Academic origin

0.57

0.50

Paper is more detailed

0.30

0.46

0.25

0.43

0.34

0.47

Paper has richer theory

0.06

0.25

0.08

0.28

0.05

0.22

Paper is more sophisticated

0.10

0.30

0.05

0.21

0.14

0.34

Paper has more practical emphasis

0.22

0.42

0.33

0.47

0.15

0.35

Paper is clearer

0.00

0.06

0.01

0.09

0.00

0.00

US paper

0.76

0.43

0.68

0.47

0.81

0.39

Journal impact factor

23.17

12.65

25.32

11.53

21.55

13.22

Publication year

2000.0

2.69

1999.9

2.82

2000.2

2.58

Patent application year

2002.4

2.79

2002.1

2.78

2002.6

2.78

Patent-paper pair

0.61

0.49

0.71

0.45

0.53

0.50

Number of authors (logged)

2.35

0.75

2.55

0.55

2.20

0.84

5.61

0.77

5.79

0.67

5.48

0.81

3.29

1.54

4.10

1.08

2.67

1.55

3.04

1.63

3.38

1.65

2.79

1.57

Mixed academia-industry team

0.37

0.48

0.34

0.47

0.40

0.49

Prior co-authorship

0.22

0.62

0.27

0.75

0.18

0.50

Time lag

2.42

1.61

2.32

1.63

2.49

1.59

Geographic distance (logged)

6.73

2.21

6.97

2.26

6.55

2.15

Same country

0.64

0.48

0.58

0.49

0.68

0.47

Authors' joint publication stock (logged)
Authors' joint publication with industry
(logged)
Authors' joint patent stock (logged)

Notes: There are more dyads with papers of academic origin (N=525) than dyads with papers of industrial origin
(N=399). The 39 sets of paper twins in my data include 10 triplets and 1 quadruplet and those sets tend to have more
academic than industry papers.
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TABLE 5. Impact of academic (vs. industrial) origin: Main results
Dependent variable = citation (1/0)
Conditional logit;
controls only
(5-1)
Academic origin

Conditional logit;
main effect
(5-2)

LPM;
main effect
(5-3)

-0.673***
(0.25)
0.755**
(0.30)
-1.096
(0.72)
-0.99
(0.80)
0.467
(0.32)
14.58***
(1.35)
1.701***
(0.66)
0.00264
(0.03)
-0.0079
(0.45)
0.0773
(0.39)
0.349
(0.32)
-0.117
(0.17)
0.506
(0.41)
-0.0949
(0.10)
-0.402
(0.55)

-0.238***
(0.07)
Paper is more detailed
0.623*
0.184**
(0.36)
(0.08)
Paper has richer theory
-1.073
-0.287
(0.87)
(0.18)
Paper is more sophisticated
-1.177
-0.249
(0.92)
(0.19)
0.593**
0.0843
Paper has more practical emphasis
(0.29)
(0.09)
Paper is clearer
14.55***
0.696***
(1.41)
(0.19)
US paper
1.544**
0.408***
(0.67)
(0.15)
Journal impact factor
0.0148
0.00118
(0.03)
(0.01)
Patent-paper pair
0.204
-0.0478
(0.51)
(0.10)
Number of authors
0.0745
-0.0588
(0.49)
(0.11)
Authors' publication stock
0.221
0.124
(0.34)
(0.08)
Authors' patent stock
-0.0401
-0.0367
(0.12)
(0.04)
Time lag
0.313
0.0641
(0.43)
(0.09)
Geographic distance
-0.115
-0.029
(0.10)
(0.03)
Same country
-0.426
-0.124
(0.53)
(0.14)
Constant
0.145
(0.36)
Observations
523
523
924
480
# simultaneous discovery/patent dyads
225
225
Pseudo-R2
0.149
0.119
0.153
Log-likelihood
-310.1
-163.3
-157.1
Simultaneous discovery/patent FE
yes
yes
yes
Notes: Observations are paper/patent dyads. Column (3) contains more observations as LPM does not drop cases in
which the patent cites all the paper twins. Fixed effects are at the set-of-paper-twins/patent dyad level. Standard
errors are clustered throughout at the level of the set of paper twins; *** p<0.01; ** p<.0.05; * p<0.1.
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TABLE 6. Impact of academic (vs. industrial) origin: Robustness analysis
Conditional logit; dependent variable = citation (1/0)

Academic origin
Observations
# simultaneous
discovery/patent dyads
Pseudo-R2
Log-likelihood
Controls included
Simultaneous discovery/
patent FE

Higher-order
twins
(triplets,
quadruplets)
excluded
(6-1)
-0.797***
(0.219)
332

5% mosthighlycited
discoveries
excluded
(6-2)
-0.999***
(0.215)
387

Twins with
PubMed related
citation rank
difference >10
excluded
(6-3)
-0.491***
(0.147)
393

Twins
published
>6 months
apart
excluded
(6-4)
-0.566**
(0.254)
475

(6-5)
-0.487**
-0.199
423

Dual
industrial and
academic
affiliations
excluded
(6-6)
-0.467**
-0.215
445

166

186

186

201

190

187

0.420
-66.7
Yes

0.32
-91.6
Yes

0.267
-100.7
Yes

0.139
-145.2
Yes

0.126
-130.3
Yes

0.096
-143.1
Yes

Yes

Yes

Yes

Yes

Yes

Yes

Large
collaborations
(>20 authors)
excluded

Notes: All models include controls for characteristics of the paper, author, institution, and paper/patent dyad.
Standard errors are clustered throughout at the level of the set of paper twins; *** p<0.01; ** p<.0.05; * p<0.1.

TABLE 7. Impact of academic (vs. industrial) origin: Mechanism
Conditional logit; dependent variable = citation (1/0)
Dyad excluded if
Controls for
Academic
High-status
Main
prior tie between
authors'
vs.
vs. low-status
effect over
authors and
involvment with
corporate
academic
time
inventors
industry
patents
origin
(7-1)
(7-2)
(7-3)
(7-4)
(7-5)
Academic origin
-0.575**
-1.148***
(0.274)
(0.397)
Mixed academia-industry team
0.538
(0.63)
Authors' publication with industry
-0.614*
(0.35)
Academic origin – Academic inventor
-0.633*
(0.36)
Academic origin – Corporate inventor
-0.624**
(0.28)
Academic origin – 0 to 1 years after publication
-0.912**
(0.40)
Academic origin – 2 to 3 years after publication
-0.621**
(0.30)
Academic origin – 4 to 5 years after publication
-0.531*
(0.31)
Academic origin – High-status institution
-0.691*
(0.36)
Academic origin – Low-status institution
-0.657**
(0.30)
Observations
404
523
523
523
523
# simultaneous discovery/patent dyads
179
225
225
225
225
Pseudo-R2
0.175
0.172
0.147
0.155
0.153
Log-likelihood
-117.6
-153.4
-158.2
-156.7
-157.1
Controls included
Yes
Yes
Yes
Yes
Yes
Simultaneous discovery/patent FE
Yes
Yes
Yes
Yes
Yes

Notes: All models include controls for characteristics of the paper, author, institution, and paper/patent dyad.
Standard errors are clustered throughout at the level of the set of paper twins; *** p<0.01; ** p<.0.05; * p<0.1.
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