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Abstract: Prior literature has described the importance of firms’ attention to external knowledge for 

innovative performance, but it has focused exclusively on drivers of attention that are internal to the firm. 

We propose that external elements also shape firms’ attention. Specifically, we show that firms’ selective 

attention is drawn to academic discoveries that originate in “hubs” of commercial R&D in a particular 

field. Testing the impact of hubs on firms’ attention is difficult because different papers may be more or 

less valuable for industry. We address this identification challenge by analyzing simultaneous discoveries 

where multiple researchers report the same finding in “twin” papers. Hubs may attract attention to local 

academic science by enabling informal interactions among academic scientists and industry inventors; 

indeed, we find that the hub effect is strongest in cities where many scientific conferences are hosted. 

Hubs’ “lamppost effect” is moderated by institutional prestige and by formal connections between 

academia and industry.  
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Introduction 

Firms’ ability to take advantage of external knowledge is a critical driver of performance. A large 

literature has highlighted how a firm’s cognitive structures, resources, routines, and players affect its 

allocation of scarce attention and determine the types of knowledge that it might absorb (Simon 1947; 

March and Simon 1958; Cohen and Levinthal 1990; March 1991; Ocasio 1997). Those drivers, however, 

are all internal. It is possible that external elements also influence a firm’s attention to external knowledge 

and therefore its capacity to absorb it. There might be sources of systematic variance in the visibility of 

external knowledge—independent of its actual relevance—that affect the menu of options a firm 

considers. 

 We focus on firms’ attention to science and argue that firms that are developing new technologies 

systematically pay more attention to scientific discoveries from a hub—defined as a concentration of 

commercial R&D in a particular field—than to knowledge that emerges elsewhere. Not only does 

knowledge in those hubs disseminate across collocated firms “as if it were in the air” (Marshall 1895: 

330), but we propose that hubs also draw the attention of noncollocated firms to local knowledge because 

they are areas of transit in which informal interactions across organizations take place regularly. 

Knowledge emerging in hubs might therefore be significantly more visible to firms, all else equal. 

Testing this hypothesis empirically is not straightforward because knowledge emerging in hubs 

may differ fundamentally from knowledge originating elsewhere. Firms might pay more attention to 

scientific knowledge produced in hubs if that knowledge tends to be more relevant to them. However, 

there might be other reasons. To identify the effect of the location of knowledge on the attention firms 

pay to it, we exploit the occurrence of simultaneous scientific discoveries (Merton 1961).1 When two or 

more scholars publish the same findings, they create “paper twins.” We measure firms’ attention to those 

papers by observing citations in their patents of sets of paper twins where one paper emerged from a hub 

and the other does not—with fixed effects for the set-of-paper-twins/patent dyad. Our main analysis 

focuses on 147 simultaneous discoveries disclosed through 316 academic publications and the citation or 

noncitation of those papers in 697 industry patents.  

Our results suggest that firms pay more attention to academic publications when they emerge in 

hubs. In our data, academic papers of which at least one author is located in a hub are approximately 10% 

more likely to be cited in patents assigned to firms than papers with no authors located in a hub. A similar 

                                                      

1 We focus on the natural sciences, but simultaneous discoveries occur in other fields. In economics, for 

example,  the  discovery of a competitive equilibrium in a market economy by McKenzie and by Arrow 

and Debreu in 1954 is one famous example (Weintraub 2011); other cases have also been reported 

(Stigler 1980; Niehans 1995).  
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effect is not observed for citations in patents assigned to academic institutions. It may be that academics 

already have a good view of the scientific literature and therefore do not rely on hubs’ “lamppost effect.” 

The effect of hubs on firms’ attention is robust to a number of specifications and we find no evidence that 

it is driven by formal social networks. However, we do find evidence suggesting that it might be driven in 

part by informal interactions. In our data, the effect of hubs appears to be stronger for hubs that host 

numerous scientific conferences attended by both academics and firms.  

 This paper makes three contributions. First, while prior literature has highlighted the internal 

drivers of firms’ attention to external knowledge (Ocasio 1997; Monteiro 2015; Piezunka and Dahlander 

2015), our results show that external elements also matter. Second, we highlight one external element that 

systematically affects firms’ attention to science other than the well-documented effect of distance (Jaffe, 

Trajtenberg, and Henderson 1993; Zucker, Darby, and Brewer 1998; Belenzon and Schankerman 2013): 

R&D hubs act as lampposts, increasing the degree to which local academic work is visible to industry. 

Third, our findings contribute to the literature on hubs (Jacobs 1970; Glaeser et al. 1992; Saxenian 1994; 

Padgett and McLean 2006) by highlighting that they foster the circulation of ideas not only among co-

located organizations, but also beyond the hubs’ borders.  

 

1. Firms’ attention to science 

Whether deliberately or not, firms constantly select the knowledge that they will pay attention to and the 

knowledge that they will overlook (Simon 1947; March and Simon 1958; Cyert and March 1963). Simon 

(1947: 124) noted: “In the contemporary world all of us are surrounded by, even drowned in, a sea of 

information, only an infinitesimal part of which can be attended to. Although we may wish to have certain 

kinds of information that are not available (e.g., reliable forecasts), the critical scarce factor in decision-

making is not information but attention. What we attend to, by plan or by chance, is a major determinant 

of our decisions.” Given the importance of this process for firm performance, a vibrant literature has 

developed, over the past two decades, an attention-based view of the firm to examine how firms’ rules, 

players, positions, and resources shape the allocation of attention (Ocasio 1997; Hansen and Haas 2001; 

Ocasio 2010). 

Firms’ attention to external knowledge affects innovation performance in a number of ways. Li 

and collaborators (2013) investigate the relationship between top management teams’ attention and firm 

innovation in 61 public US high-technology firms, finding that innovation is driven both by the selection 

of what managers attend to and by the intensity of that attention. Monteiro (2015) examines managers’ 

attention to external opportunities at a large telecommunication services provider and finds that managers 

at headquarters pay a disproportionate amount of attention to confirmatory and proven external 
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knowledge, even when it is reported by a unit that was specifically established to overcome local search.  

Similarly, Piezunka and Dahlander (2015) undertake a study of 105,127 suggestions that were submitted 

to 922 organizations and find that organizations that solicit external ideas with the goal of gaining access 

to distant knowledge often end up filtering out that same knowledge.  

It is noteworthy that the drivers of firms’ attention highlighted in prior research are all internal. 

Yet, external elements might also influence the knowledge that the firm will attend to. After all, some 

opportunities are more salient than others and this variance might systematically affect the menu of 

options that firms will contemplate. 

Discoveries published by academic scientists are an important type of external knowledge for 

innovative firms. Even though some academic science is patented or subject to license, the methods and 

findings of such research are communicated via public disclosure. Since the first scientific article was 

published in the Journal des Sçavans in Paris on January 5, 1665, over 50 million manuscripts have been 

published and the speed at which new contributions are added to the scientific commons is still increasing 

(Jinha 2010). The rapid advancement of public science constitutes a growing burden for researchers, who 

find they must lengthen their training, specialize, and collaborate in order to stay up to date (Jones 2009; 

Agrawal, Goldfarb, and Teodoridis 2016). The implications of this burden for firms, however, are less 

clear. Firms routinely invest in absorbing external scientific knowledge to increase their innovative 

performance (Cohen and Levinthal 1990). Considering the breadth of the scientific literature, the way 

they allocate their attention to it is likely to determine what they absorb, which will in turn shape the 

direction and efficiency of their invention efforts (Fleming and Sorenson 2004). Clearly, internal elements 

will affect their attention to the scientific literature; prior research indicates that firms are likely to pay 

more attention to academic discoveries that match their skills and experience. However, external elements 

might also matter. 

This paper identifies one such external element: whether or not the academic authors of a 

particular paper are located in a hub. We propose that hubs of commercial R&D may act as “lampposts” 

that draw the attention of firms to local academic discoveries.  Hub location might attract local firms’ 

attention because of the sheer number of collocated firms (Jaffe, Trajtenberg, and Henderson 1993; 

Zucker, Darby, and Brewer 1998; Adams 2002; Zucker, Darby, and Armstrong 2002; Furman and 

MacGarvie 2007; Belenzon and Schankerman 2013). However, we propose that originating in a hub 

might also increase the attention a scientific publication receives from firms outside the hub. This 

proposition draws on a long tradition in the economic literature. Smith (1776) and later Mill (1848) 

proposed that proximity to ports, roads, and railways—i.e., location in hubs— enables access to more 

distant markets. Our argument does not focus on the role played by a hub’s physical infrastructure, but 

rather on the role of informal interactions.  R&D hubs are not only destinations to which corporate 
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inventors are likely to travel, they are also settings in which informal interactions naturally take place 

between industry and academia. Since those informal interactions are a key channel through which public 

research influences industrial R&D (Cohen, Nelson, and Walsh 2002), one might naturally expect that 

local academic work will be more salient to firms. 

Firms’ attention to academic science can be measured by observing their citations of the scientific 

literature in their patents. Patent-to-paper citations are a relatively good measure of the flow of public 

science to firms (Roach and Cohen 2013) and an increasingly popular one (Azoulay, Graff Zivin, and 

Sampat 2012; Belenzon and Schankerman 2013). In the case paper twins, it makes no legal difference 

whether a patent cites one or the other or all of them. As we describe below, we find in 21 interviews that 

a firm’s differential citation of papers from a set of paper twins reveals the differential attention it paid to 

those papers. Patent citations to paper twins thus provide a window onto firms’ selective attention to the 

academic literature. We therefore hypothesize: 

HYPOTHESIS. Firms are more likely to refer in their patents to a publication from a hub than to a 

publication that discloses essentially the same discovery but is not from a hub. 

. 

 

2. Data Construction 

A. Empirical Approach 

Identifying the impact of hub as lamppost attracting firms’ attention to local knowledge is nontrivial 

because the emergence of knowledge in specific locations is not exogenous to the geographic distribution 

of firms. In particular, firms influence nearby academic research (Sohn 2014). For our purpose, this raises 

a well-known identification challenge. How can the empiricist “divine whether a particular citation would 

have taken place, if contrary to the fact, either the citing or the cited producer had been located 

elsewhere?” (Azoulay, Graff Zivin, and Sampat 2012, 13). 

To address this challenge, we use simultaneous discoveries in the natural sciences. Because 

simultaneous discoveries constitute instances in which the same or very similar knowledge emerges in 

multiple locations, “paper twins” present a unique opportunity to unbundle producers from their products. 

Rather than creating a control sample of non-referenced publications or patents (Jaffe, Trajtenberg, and 

Henderson 1993), these paper twins allow us to measure firms’ attention directly by examining patent 

references to the academic publications which make up each set of twins while accounting for the 

characteristics of the individual scientists and of their institution. The next three sections describe (1) the 

paper twins; (2) our measure of firms’ attention to academic science; and (3) the way we identify whether 

a publication stems from a hub or not. 

B. “Paper Twins” 
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This study is based on the first automatically and systematically collected dataset of simultaneous 

discoveries. Before describing the process by which such publications were found, we illustrate the nature 

of a simultaneous discovery with an example. The August 1998 issue of Cell contains two papers 

reporting the same scientific discovery, shown in Figure I. Both papers report the discovery of an 

important molecule involved in cell death or “apoptosis.” The two teams found that after activation of the 

death receptors on the cell membrane, the death signal is carried to the mitochondria by a cytosolic 

protein called BID. Confirming that these two papers truly report the same scientific discovery, an August 

21 2000 article in The Scientist notes that “[t]hese two Cell papers outline two independent identifications 

of a critical missing link in [the apoptosis] signaling pathway” (Halim 2000). Frequently in the case of 

simultaneous discoveries authors send their manuscripts to the same journal, sometimes leading to back-

to-back publications2 (in this case: pages 481-490 and 491-501; in our dataset, 46% of the simultaneous 

discoveries are published back-to-back in the same issue of the same journal). 

Figure I about here 

 To detect simultaneous discoveries, an algorithm was built that identified frequently co-cited 

pairs of papers and then scrolled through the scientific literature to spot instances in which two papers are 

consistently cited in the same parenthesis, or adjacently. The method is detailed in a companion paper 

(Bikard 2012), but we present a summary here for convenience.  

Sociologists of science have found that citations provide a window into the scientific 

community’s allocation of credit (Cozzens 1989). While two publications that are consistently cited in the 

same literature might be complementary rather than overlapping, the fact that co-citations are consistently 

adjacent suggests that the credit for a discovery is being shared. The algorithm that was used therefore 

considers pairs of scientific publications that are consistently cited together—i.e., in the same parenthesis, 

or adjacently. The algorithm proceeds as follows. A dataset consisting of 42,106 scientific articles 

published between 2000 and 2010 was built from the 15 non-review scientific journals having the highest 

impact factor in 2009.  Three-quarters of a million unique references from these articles were grouped 

into pairs that (a) were co-cited at least once, (b) were written no more than a calendar year apart, (c) have 

                                                      

2 Editors sometimes publish manuscripts back-to-back, recognizing a tie in the race for priority and 

allowing both teams to receive equal credit for their work. Well-known examples of back-to-back 

publications include that of evolution by natural selection by Darwin and Wallace in the Journal of the 

Proceedings of the Linnean Society of London published on 20 August 1858 and the discovery by Richter 

and Ting of the J/ψ meson published in Physical Review Letters on 2 December 1974. While 

simultaneous discoveries appear often (but not always) back-to-back in scientific journals, not all back-to-

back publications correspond to simultaneous discoveries (Drahl 2014). 
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no overlapping authors, (d) in which at least 5 citations for each reference are observed. A Jaccard co-

citation coefficient was then calculated for all pairs meeting these criteria; pairs with a Jaccard coefficient 

>50% were retained. Finally, those pairs for which 100% of the co-citations took place in the same 

parenthesis or adjacently were retained. These 720 pairings of 1,246 papers disclose 578 unique 

discoveries since there are instances of discoveries involving three or more teams.   

From this set, we discard 80 papers published by firms or whose only twin is a firm-published 

paper as our aim is to understand which academic papers firms focus on. We also drop 804 publications 

from sets of paper twins where none of the papers received any references from patents assigned to firms. 

This could happen if none of the papers were referenced by any patent, if they were referenced only by 

academic patents (which we will later use in a placebo test), or if the citation was a self-citation. Finally, 

we removed 17 publications where any patent referencing one paper from a set of paper twins references 

all of the papers from that set (and thus does not provide variation on our dependent variable; however, 

our results are robust to using linear probability models, which include these). Excluding those leaves 345 

publications.  

For each publication, we collect its geographic origin, journal, and whether the discovery was 

itself patented. (Whether the focal paper reporting a simultaneous discovery was patented by its authors is 

an essential control as doing so forms a “patent paper pair” (Murray 2002).) To account for the author 

heterogeneity, we collect the corresponding author’s stock of patents and papers at the time of 

publication. Similarly, we capture the institution’s stock of patents (past five years). As a measure of the 

institution’s prestige in the particular field of that paper, we count the number of papers ever published by 

that institution in the top 15 scientific journals relevant to that paper, as calculated from 1,858 Medical 

Subject Heading (MeSH) keywords since 1955. For each article, we gathered the ISI classification most 

frequently associated with each of its MESH keywords and produced an ordering based on the frequency 

of ISI classifications for those keywords. 3 Summary statistics for all 1,166 academic twin papers are in 

Table I, segmented by whether none of the twins were cited by commercial patents (804), the twins were 

always cited jointly (17), sometimes cited jointly (138), or cited but never jointly (207).  

Table I about here 

Table II provides a breakdown of the most frequent cities and institutions among the academic 

publications in our analyses, for which one but not all papers of a set of paper twins were referenced. As 

                                                      

3 The ISI keywords for our journals are Biochemistry & Molecular Biology, Biotechnology & Applied 

Microbiology, Cell & Tissue Engineering, Cell Biology, Physical Chemistry, Genetics & Heredity 

Immunology, Materials Science, General & Internal Medicine, Research & Experimental Medicine, 

Nanotechnology, Oncology, Applied Physics, Condensed Matter Physics, and Interdisciplinary. 
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is visible in Panel A, many of our papers stem from high-status institutions, including nearly 5% from 

Harvard University alone. This underscores both the importance of accounting for the prestige of the 

institution (since industry inventors may be more likely to be exposed to such discoveries). A similar 

concern also applies in Panel B, which shows that nearly 20% of all twin papers are published in Boston, 

New York, and San Diego. 

Table II about here 

C. Measuring Firms’ Attention to Academic Science 

Determining whether firms pay attention to academic science is challenging. A firm is a collection of 

individuals, and reliably tracking whether each employee paid attention to every relevant piece of 

scientific knowledge would involve a daunting amount of fieldwork. However, among some of the most 

innovative employees of the firm—namely, patenting inventors—one proxy for their attention is the 

works they cite in their patents. One possibility is to look at patents cited by patents assigned to firms, 

originally pioneered by Jaffe, Trajtenberg, and Henderson (1993), but these have substantial limitations. 

First, patent citations are often added by patent attorney and patent examiners (Alcácer and Gittelman 

2006; Alcácer, Gittelman, and Sampat 2009) and can be used strategically (Lampe 2012), obfuscating 

whether the inventor was actually aware of or built upon the cited work. Second, each patent is unique, 

making interpretation of non-citation difficult since each applicant makes decisions about the relevance of 

a given article based on the particularities of the patent in question. Concerns regarding the definition of a 

control group of non-citing patents has led to major debates in the literature (Thompson and Fox-Kean 

2005; Henderson, Jaffe, and Trajtenberg 2005). Third, and perhaps most importantly for the present 

study, only a tiny fraction of academic knowledge is patented. Instead, academic institutions primarily 

disclose knowledge through scientific publications (Agrawal and Henderson 2002; Belenzon and 

Schankerman 2013; Roach and Cohen 2013).  

Instead using citations from patents to academic papers (Belenzon and Schankerman 2013; 

Azoulay, Graff Zivin, and Sampat 2012) helps overcome these challenges. Roach and Cohen emphasize 

that “citations to nonpatent references, such as scientific journal articles, correspond more closely to 

managers’ reports of the use of public research than do the more commonly employed citations to patent 

references” (Roach and Cohen 2013, 505) and thus should afford a better sense of where the firm 

allocates its selective attention. In addition, the simultaneous discoveries in our sample are 

overwhelmingly from the life sciences (to which most of the highest-impact-factor scientific journals 

belong), which is advantageous because in the life sciences the use of publications and patents by firms is 

widespread (Branstetter and Ogura 2005).  

Another advantage of using patent-to-paper references stems from the fact that although every 

patent by definition represents a unique invention; the patent system does not recognize “ties” in the race 



  

9 

 

for priority; thus simultaneous or independent inventions are debated by legal scholars (Vermont 2006; 

Lemley 2007). But the same is not true for scientific publications: when two researchers make the same 

discovery and send it for publication at around the same time, multiple papers are frequently published 

disclosing very similar knowledge (e.g., Cozzens 1989). Hence, it may be that an inventor is not aware 

that a discovery was reported in two or more academic publications—and that all of those publications 

could in principle be referenced in the patent as prior art. In practice, the U.S. Patent and Trademark 

Office imposes no duty on the inventor to reference every paper disclosing the same simultaneous 

discovery. According to USPTO Rule 56 (37 CFR 1.56): “information is material to patentability when it 

is not cumulative to information already of record or being made of record in the application.” In other 

words, if multiple papers disclose the same knowledge, referring to just one is sufficient. Even if 

individual inventors are not aware of Rule 56, its existence entails that patent lawyers need not pressure 

inventors to be exhaustive in coming up with a list of patent-to-paper references in the case of paper 

twins. 

Despite the growing literature using patent references to the academic literature as a measure of 

knowledge dissemination (Narin, Hamilton, and Olivastro 1997; Agrawal and Henderson 2002; Azoulay, 

Graff Zivin, and Sampat 2012; Roach and Cohen 2013), the actual mechanism underlying such references 

remains little understood (Callaert et al. 2006). To our knowledge, the actual process through which those 

references emerge has not yet been systematically studied. To uncover the “data generation process” for 

our data specifically, we interviewed 21 inventors in July-October 2016. We identified the 50 individuals 

that were listed as inventors in a large number of patents while avoiding instances in which two 

individuals are repeatedly co-inventors on the same set of patents. 21 of the 50 inventors accepted to 

answer our questions over the phone or in person. They are researchers occupying senior R&D positions 

at a variety of pharmaceutical or biotechnology firms in the US and in Europe. Those interviews do not 

constitute a comprehensive (or representative) survey of inventors’ citation practices, but they do provide 

a window onto an important process that has received to date very little scrutiny. In particular, three 

themes emerged from those interviews.  

First, patent references to the academic literature seem to be  generally included by the inventors, 

not by the attorney or the examiner (Carpenter and Narin 1983). While our interviewees generally 

outsourced the patent-to-patent citations to their attorney, the same is not true of their patent-to-paper 

citations. About half of our inventor interviewees reported that they produced 80-100% of the academic 

references in their patents, and nearly a third said that they produced over 60% those references. The few 

inventors that reported less involvement mentioned that their attorneys used templates when writing 

patents and that those templates typically already involve a number of scientific references. 
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Second, we found that most inventors that we interviewed do not try to be exhaustive when it 

comes to citing the academic literature in their patents. In this sense, the process is very different from 

that of citations in academic publications. Only three of our 21 interviewees believed that exhaustiveness 

is important when it comes to academic references in their patents. Said one inventor, “scientists are not 

as careful for patents as they are for their own publications (…)” Another recalls: “You know, it is sort of 

an abbreviated list of citations that establish a certain sense of what’s known in the art but it’s not 

necessarily exhaustive or for that matter even fair in terms of giving credit.”  

Third, our interviewees indicated that the main reason why one paper gets referenced and not 

another is inventor’s degree of awareness of or familiarity with the paper. We asked “why did you cite 

this paper and not this other one in this patent?” Eighteen of our interviewees mentioned that they were 

less familiar with the paper that they did not cite, and 14 mentioned that they might simply not have 

known about the other paper. As an example, one inventor answered: “The more familiar paper comes to 

mind first, plus the citation makes the point. Done! I think it is convenient to say that we know about all 

the other papers, but there might be examples where in fact we don't know. I can't say that it is always 

true that we were aware of everything.” In some cases, the inventors did not know the twin that they did 

not cite. However, our interviews suggest that systematic differences in references are likely to be 

primarily driven by the degree of attention paid to those papers.  

Perhaps surprisingly, given the prevalence of “strategic” patent-to-patent citations (Lampe 2012), 

only a few of our interviewees admitted to such behavior. Moreover, those who noted the possibility of 

strategic citations made opposite predictions about its direction. One interviewee highlighted that he 

would be more likely to reference a competitor so as to demarcate his work, while two other interviewees 

made the exact opposite argument, that some inventors might avoid citing their competitors. Although 

this is a very small sample, strategic citation does not seem a key factor for patent-to-paper citations. 

In sum, in exploring the data generation process in our setting, we conducted what is to our 

knowledge the first attempt to provide systematic descriptive information about the process through 

which inventors in firms cite the academic literature in their patents. The number of interviews is small 

(21 with a 42% response rate) and these results should therefore be interpreted carefully. However, our 

results on patent-to-paper citations are strikingly different from what we know about patent-to-patent 

citations and to paper-to-paper citations. This is noteworthy because all three types of citations have been 

used in prior literature as measures of knowledge flow. Our interviews highlight that patent-to-paper 

citations in our setting may reflect the relative amount of attention that inventors paid to different 

scientific publications.  

Unlike patent-to-patent citations, which are presented in a formatted table in the header of the 

patent record, references to scientific publications are not straightforward to analyze. As is visible in 
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Figure II, patent-to-paper citations are listed as unstructured strings. One might match on title and journal 

name, but we found that names were abbreviated so often and in many different forms as to rule out such 

an approach. (For instance, Nature Genetics is abbreviated as Nat Genetics, Nat Genet.; Nature Genets, 

etc.) Titles are often omitted altogether. Instead, we used four simpler criteria: 1) surname of the first 

author 2) year of publication 3) volume of journal 4) starting page number. The resulting tuple is likely 

unique to the paper; nonetheless, we inspected by hand the resulting matches. We use patent data from 

Dataverse (G.-C. Li et al. 2014). We checked patents citing twin papers by hand to categorize them as 

academic or commercial (i.e., firm-assigned) patents. 

After locating all patent-to-paper references, we exclude two types of self-references (results are 

robust to including self-references). First, if the surname and first initial of any author on the paper 

matches any inventor on the patent, we remove the paper-patent dyad from consideration. (References 

from within the same organization, typically excluded from patent-citation studies, are not of concern 

because the patents are from firms while the papers are from academic institutions.) Second, we reviewed 

the acknowledgments section of each paper and then excluded references where the patent assignee was 

acknowledged as a sponsor of that research. This exercise yields our dependent variable REFERENCED.   

Figure II about here 

D. Determining whether a paper is in a hub 

Our analysis turns on whether a given paper is in a “hub” – i.e., a geographic concentration of industrial 

R&D relevant to the paper. We do this by detecting whether any of the authors on the paper is within 

commuting distance (50 miles) of geographic patent concentrations in relevant technological subclasses. 

Details of this process are described below. 

We start by collecting the technological subclassifications from all patents, whether industry or 

academic, that contain references to one of the papers of a set of twins in order to have the most complete 

possible representation of USPTO patent subclasses that are applicable to the discovery. Patents 

referencing papers that report the simultaneous discoveries are from 712 technological subclasses. For 

each of those subclasses, we collect all firm-assigned patents belonging to that subclass, whether or not 

they reference any of the twin papers. We find a total of 101,441 industry patents that were categorized by 

the USPTO into one of those 712 technology subclasses and note the location of each patent. 

For each of the 712 technology subclasses related to the simultaneous discoveries, we count the 

total number of industry patents for each half-decade and also the number in each city during that same 

time window. For each location, we divide the latter figure by the former to obtain the percentage of 

patenting activity in that subclass occurring there during that five-year period. A location is classified as 

having a geographic concentration of patenting for a given subclass if it satisfies two criteria. First, more 

than 5% of patents in that technology subclass must be in that location. Second, because this threshold 
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can easily be exceeded in technology subclasses with few patents (e.g., in a subclass with only 20 patents, 

every location has at least 5% of patenting), a location must have at least five patents in that subclass to 

qualify.  

This exercise yields a list of cities where patenting is geographically concentrated for the 712 

technology subclasses relevant to our simultaneous discoveries. (Some subclasses are geographically 

dispersed and thus do not have any such entries.) We then form a “hub” with that city in the center and 

sweeping a circle with a radius of 50 miles. We chose 50 miles as an approximation of reasonable 

commuting distance. The results presented below are not insensitive to this 50-mile assumption; although 

restricting to shorter commuting distances yields similar results, loosening the restriction by allowing 

commuting distances of 90 miles or greater fails to yield statistically significant estimates. 

As a final step, we check whether any of the authors on a given paper resides in a hub 

corresponding to the relevant subclasses for that paper, as determined above. Each author’s location is 

geocoded from their affiliation on the paper.(Calculating whether the paper is in a hub using only the 

location of the principal investigator yields similar results.) Applying this definition, 23.7% of the 

publications in our paper-patent dyads are in a hub. In many cases, all the papers of a set of paper twins 

are located outside a hub. Hubs for the 712 subclasses are shown in Panel A of Figure III; Panel B 

provides a U.S.-only zoom. 

Figure III about here 

To illustrate the concept of being located in a hub, we return to our simultaneous discovery from 

Figure I: two papers in the August 1998 issue of Cell, one at Harvard Medical School in Boston, MA and 

another at UT Southwestern Medical Center in Dallas, TX. (For both of these papers, all authors have the 

same affiliation.) In determining whether either of these research teams was in a hub, we first note that 19 

patents list one of these papers as a scientific reference. We then define the scope of relevant R&D by 

obtaining the USPTO technological subclasses for these patents. A few of the patents have the same 

subclass, yielding 17 unique subclasses. The next step is to locate geographic patenting concentrations in 

these technological areas. We find 3,858 firm-owned patents that were assigned to these subclasses during 

1995-1999. The patenting concentrations for the 17 subclasses include Milan, Italy; La Jolla, Santa Clara, 

and Solana Beach, California; Canton, Massachusetts; Silver Spring, Maryland; Berkeley Heights, New 

Jersey, and Bainbridge Island, Washington. We then check whether either institution is within commuting 

distance of those concentrations.  Boston is within 50 miles of Canton, Massachusetts, but Dallas is far 

from any of the cities listed so only the Boston-based paper is “in a hub.”  

F. Empirical Setup 

Our analysis leverages the simultaneous-discovery nature of our data because a patent that references one 

paper is presumably at a similar risk of referencing any of its twins. An observation is a dyad of a 
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published paper reporting a simultaneous discovery and a patent at risk of referencing the paper. To 

obtain a dataset that includes not only realized patent-to-paper citations but also unrealized citations to the 

twins of a focal paper, we pair each industry patent4 that references a paper with the other “twin” papers 

that disclose the same simultaneous discovery. That is, given a set of paper twins where one of the papers 

is referenced by a later patent, we also create an observation for that same patent together with the twin 

paper that was not referenced but could have been. This process yields 1,671 paper-patent dyads.  

For each paper-patent dyad representing a (potential) scientific reference, we account for both 

temporal and spatial separation between the paper and the patent. Given that our key explanatory variable 

reports whether a paper is located in a hub, the distance between paper and potentially-referencing patent 

is perhaps our most important control. One might worry that papers in hubs are simply within shorter 

distances of potentially-citing patents and thus may be more likely to be referenced by those patents for 

reasons previously established in the literature on distance and knowledge diffusion. We control for 

distance in a linear fashion with the logged count of miles between the paper and potentially-referencing 

patent. Also, twin papers are usually but not always published in the same calendar year, so we control for 

the lag between the publication of the twin and the potentially-referencing patent. Summary statistics are 

in Table III. 

Table III about here 

We specify a conditional logit model with fixed effects for the simultaneous discovery and a focal 

patent that references one but not all papers of the set of paper twins reporting that discovery. Thus, for a 

given patent that is arguably at equal risk of referencing any of the paper twins, our analysis reveals the 

factors associated with a particular twin being referenced. The regression equation is given as 

𝑅𝐸𝐹𝐸𝑅𝐸𝑁𝐶𝐸𝐷𝑖𝑗𝑘 =  𝑓(𝜀𝑖𝑗𝑘;  𝛼0 +  𝛼1𝐼𝑁_𝐻𝑈𝐵𝑖 +  𝛼2°𝑋̅𝑖𝑘 +  𝛾𝑗𝑘) 

where j represents the simultaneous discovery, i represents the paper reporting the simultaneous 

discovery, and k represents the potentially-referencing patent. 𝐼𝑁_𝐻𝑈𝐵𝑖 is the main explanatory variable 

and is defined at the paper-patent dyad level. 𝛾𝑗𝑘 is a simultaneous-discovery/patent fixed effect, which 

allows us to be unconcerned with characteristics of the patent (such as the assignee) other than in relation 

                                                      

4 Twin papers are cited by three general types of patents: those assigned to firms, those assigned to 

academic institutions, and unassigned patents which remain the property of the inventor(s). We reviewed 

every patent that cited any of the twin papers by hand in order to determine whether it was firm-assigned, 

university-assigned, or unassigned. Only firm-assigned patents are included in our principal analysis, 

although we use university-assigned patents as a placebo test. Unassigned patents do not enter into our 

estimations. 
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to one twin paper vs. another.5 Finally, 𝑋𝑖𝑘 is a vector of covariates including the geographic distance 

between the focal paper and the potentially-referencing patent. Standard errors are clustered at the level of 

the set of paper twins. 

 

3. Results 

A. Basic Results 

We begin our analysis in Table IV. In column (1) distance is negatively associated with the likelihood of 

a paper being referenced by a patent. This is broadly consistent with Belenzon and Schankerman (2013) 

finding that the likelihood of a firm citing an academic paper is decreasing in distance and helps to allay 

concerns that this set of twin papers might exhibit unusual characteristics.  

Table IV about here 

Column (2) of Table IV tests our hypothesis that hubs attract firms attention to locally produced 

academic research. In practice, we include an indicator that an author of a paper was located in a hub of 

relevant commercial R&D. The estimated coefficient on distance diminishes somewhat in magnitude 

compared to column (1). Paper twins located in hubs are 10.1% more likely to be referenced than their 

twin(s) located outside those hubs, with statistical significance on the estimated coefficient at p<.023. 

Thus it appears that the deleterious effect of being separated from a potential industry consumer of 

academic knowledge can be ameliorated if the academic scientist is in a hub.  

One concern is that our results could be driven by particular cities, especially those endowed with 

specific infrastructures (say, an airport) or those that host large concentrations of either academic 

scientists or industry inventors. In column (3) we introduce city fixed effects for the corresponding 

author’s location. The resulting estimate of the coefficient on hubs has somewhat stronger magnitude and 

similar statistical significance (p<.045). Moreover, the introduction of city fixed effects reduces both the 

magnitude and statistical significance of the distance covariate to almost nil. 

Column (4) adopts an alternative definition of a “hub.” Instead of defining a publication as 

stemming from a hub if any of its authors are within 50 miles from a patenting hotspot, we simply count 

                                                      

5 Of course, characteristics of the inventor, assignee, or patent itself may influence the construction of 

patent-to-paper citations. In unreported results, we replace simultaneous-discovery/patent fixed effects 

with fixed effects only for the simultaneous discovery. Although a less strict specification, this allows 

estimation of patent-level covariates. We cannot establish a connection between patent-to-paper citations 

and 1) number of inventors on the patent 2) number of prior patents per inventor 3) number of prior 

patents awarded to the assignee 4) whether one of the inventors is in a hub relevant to the focal paper. 
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the (logged) number of patents in the relevant subclasses within 50 miles of the corresponding author’s 

location. Although this measure ignores the fraction of patenting in the subclass and thus does not 

compare the concentration of relevant R&D activity vs. other locations, it does make use of more 

information regarding the magnitude of patenting activity. The estimate of the coefficient for the count of 

patents within 50 miles is positive with statistical significance at the p<.001 level. 

In column (5) we perform a placebo test that academic papers published in a hub are cited not just 

by firms but also by fellow academics. The analyses in Table IV until this point measure references to 

academic papers from patents assigned to firms in order to measure firms’ attention to academic research. 

If hubs draw attention to local academic papers only from firms, the geography of industrial R&D should 

not affect citation rates from within academia. For column (5) we construct dyads of paper twins and 

university-assigned patents, using a setup similar to that described in Appendix III. The estimated 

coefficient on being in a hub is not statistically significant at conventional levels (p<.133).  

B. Mechanisms 

The foregoing analysis establishes a connection between the location of academic scientists in 

hubs and the subsequent likelihood of their articles being cited by industry patents but shines little light 

on the mechanisms underlying this connection. Next we explore possible mechanisms, including within-

twin heterogeneity, formal networks, and informal interactions that arise from co-location. 

Regarding heterogeneity, although we refer to the simultaneous discoveries as “paper twins” they 

are not entirely identical. Teams working on the same discovery might use slightly different approaches 

and surely describe their findings in different ways, even when the underlying discovery is the same. We 

assembled an expert panel to evaluate differences between the twin papers, hiring ten postdoctoral 

researchers in life sciences and applied physics from Imperial College, Cambridge University, University 

College London, and King’s College. We focused their analysis on the 86 pairs of twins where one twin 

is in a hub and the other is not.  

The expert-panel investigation was organized in two phases. In phase one, pairs of postdoctoral 

researchers were asked to jointly evaluate several sets of paper twins and highlight the dimensions along 

which they differed most. Our panel reported four dimensions along which they could distinguish paper 

twins: 1) level of details 2) strength of the claims 3) clarity of exposition 4) clinical relevance. In phase 

two, we asked the expert panel to evaluate the sets independently and to contrast the papers of the same 

set along all four dimensions. We then translated the responses into variables, creating dummy variables 

for each dimension that takes the value 1 if at least one of the postdoctoral researchers believed that one 

paper was superior to its twin along the specific dimension and 0 otherwise. 

Table V presents results from our expert panel. The first two columns contain the means of those 

variables for hub and non-hub papers respectively. The third column evaluates whether the mean 
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difference is statistically significant. Heterogeneity was more apparent in some dimensions than in others. 

For example, our experts were able to tell that one paper was more detailed than the other or that it was 

more clearly written in about one-third of the pairs. In comparison, they saw differences in the papers’ 

clinical orientation in barely 7% of the pairs. We found that hub-based papers appear to make broader 

claims than their non-hub twin in 22% of the cases whereas the opposite was true in only 6.7% of the 

cases (p=0.042). On the other hand, we did not find any statistically significant difference in the amount 

of details, the clarity, or the clinical orientation of hub- and non-hub-papers. The only source of within-

twin heterogeneity that clearly differs between papers in hubs vs. those not in hubs is the breadth of 

claims.  

Table V about here 

However, in column (1) of Table VI the breadth of claims is not strongly correlated with the 

likelihood of being cited (p<0.162). In fact, the only source of heterogeneity correlated with citation 

likelihood is clinical orientation (marginal effect = 10.3%; p<.050). As noted in Table V, however, 

clinical orientation does not differ significantly among hub vs. non-hub papers. Moreover, unreported 

regressions interacting the hub variable with each measure of heterogeneity fail to achieve statistically 

significant estimated coefficients on any of the interaction terms. Hence, it does not appear that 

heterogeneity among papers belonging to the same sets of twins explains the hub effect. 

Table VI about here 

Another possible explanation for the hub effect might be found in social networks. Singh (2005) 

shows that citations from one firm’s patent to another firm’s patent are strongly explained by patterns of 

co-inventorship, but it is unclear whether similar networks would facilitate the flow of knowledge 

between communities such as from academia to industry. We construct networks between academic and 

industry as overlap between authors on twin papers and inventors on patents citing them, including 

second-degree connections (i.e., any of the coauthors of any author on each paper overlapping with any of 

the co-inventors of any inventor on the patent). Column (2) of Table VI includes our measure of cross-

community network overlap. The estimated coefficient is not statistically significant at conventional 

levels (p<0.926). Thus it does not appear that the hub effect is explained by networks.  

Our failure to find that academic-industry networks explain why firms cite particular academic 

papers, although initially puzzling, may be explained in part by an observation from Dr. Michael Rogers, 

Research Scientist at Boston Children’s Hospital and Professor of Surgery at Harvard Medical School: 

“The industry network and the academic networks connect distally within themselves but only connect to 

each other locally.” In other words, it may be that hubs fill the gap in formal networks between academia 

and industry by facilitating interactions between academic and industry scientists. Such interactions may 

arise when scientists from the two communities attend seminars or bump into each other at social 
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engagements. Of course, informal interactions are difficult to observe compared to the networks visible in 

co-authorship and co-invention. However, Dahl and Pedersen (2004)’s extensive survey work has 

documented that workers in the northern Danish telecom industry shared knowledge with those at other 

firms where no formal alliances or collaboration existed. In the remaining columns of Table VI we 

examine one observable proxy for informal interactions among commercial and academic scientists as an 

example of how these might arise in hubs. 

Our proxy for informal interactions is the number of conferences held in a specific scientific field. 

The assumption is that when academic and industrial scientists attend the same conference, knowledge 

will be more likely to flow between these communities. Field experiments have shown that informal 

interactions such as at conferences can spur creativity and innovation (Boudreau et al. 2017). We 

combined the locations and topics of all Gordon Research Conferences—which are attended by scientists 

from academia, government, and industry—since 1970 with data from allconferences.com in the same set 

of scientific fields used to classify organizational prestige. In all, we found 2,383 academic conferences. 

Importantly, conferences were not exclusively or even primarily located in hubs (781, vs. 1602 in non-

hub locations). Popular conference destinations include Bar Harbor, Maine and Santa Fe, New Mexico, 

which were not hubs for any scientific field among our twin papers. Conferences were geocoded and 

categorized according to sub-field and then matched to each of the papers if within 50 miles of the 

principal investigator’s location.  

In column (3) and (4) of Table VI we include the number of conferences relevant to the focal 

paper. The number of nearby conferences in a relevant field is somewhat predictive of the academic paper 

being cited (p<0.078), as seen in column (3), but the hub effect persists. Moreover, in column (4) a 

median split of the hub definition on the number of conferences reveals that the hub effect obtains 

principally among hubs with a higher number of conferences. Relative to non-hub locations, hubs with an 

above-average number of conferences have a marginal effect on citation of 10.1%, with statistical 

significance at p<0.026. By comparison, the estimate of hubs with a below-average number of 

conferences is imprecisely estimated (p<0.613). In unreported results, the distinction between hubs with 

more vs. fewer conferences is preserved when splitting by 75th, 90th, or 95th percentile. (Note that all 

results include a control for the population of the corresponding author’s city.) We emphasize that these 

results should not be interpreted to mean that conferences are the only mechanism by which hubs promote 

awareness of academic knowledge among firms, rather than they represent an observable instance of the 

sort of informal interactions between academic scientists and industry inventors that may arise in hubs. 

C. Heterogeneity across academic institutions 

Given our hypothesis that locating in hubs will facilitate awareness by a larger set of industry inventors, 

we expect that our results will be attenuated by characteristics of the academic institutions that might 
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attract firms’ attention to the focal paper.  

First, formal relationships between academia and industry may substitute for the informal 

interactions that may arise given location in a hub. (Given that this data is collected from the Association 

of University Technology Managers, our analysis is necessarily limited to North American institutions.) 

In column (1) of Table VII, we introduce a set of indicators interacting whether the paper is in an R&D 

hub with four levels of commercial funding of R&D at the institution: (1) no funding (“none”); (2) 

funding totaling less than $5MM (“little”); (3) more than $5MM but less than $22MM, i.e. the 75th 

percentile (“more”); (4) more than $22M (“most”). The interactions of hub with “none” and “little” are 

significant at p<.028 and p<.030, respectively, whereas the estimated coefficient on the interaction of hub 

with “more” funding is p<.058 and with “most” is p<.460. We graph the coefficients in Panel A of Figure 

IV. It appears that academic institutions that otherwise lack formal connection to industry benefit most 

from being in a hub.  

Table VII and Figure IV about here 

Next, we consider whether institutional reputation or prestige might generate exposure for papers 

located outside of hubs by compensating for those papers’ lower visibility among commercial inventors. 

We interact the in-hub indicator with indicators for a median split of institutional prestige in column (2) 

of Table VII and rely again on the graphed coefficients for inference in Panel B of Figure III. The 

estimated coefficient on hubs interacted with below-median prestige is significant at p<0.001 whereas 

with above-median prestige fails to achieve statistical significance (p<.379). It appears that institutions 

with below-average prestige in the field of the focal paper benefit most from being in a hub.  

Finally, we examine the interplay between hub location and the distance between the paper and 

the potentially-referencing patent. Following Singh and Marx (2013), in column (3) of Table VII we 

switch from a linear distance covariate to a non-parametric series of dummies in order to capture the 

nuances of localization. We add interaction terms for all distance dummies. The pattern revealed in the 

plot of linear-probability coefficients in Panel C of Figure III suggests a three-tiered effect of separation 

from relevant R&D hubs. For paper-patent dyads very close to each other (i.e., less than 20 miles), being 

in an R&D hub appears not to have an effect. This is visible as the estimated coefficient on the interaction 

of hub and no more than a 20-mile separation is significant at only p<.623. It appears that when an 

academic scientist and an industry inventor are already co-located, the latter is likely to pay attention to 

the discovery regardless of whether the former is in a hub. 

For paper-patent separation more than 20 miles but less than 2000 miles, it appears that hubs help 

attract firms’attention. The estimated coefficient on hub interacted with separation between 20 and 2000 

miles is positive and significant at p<0.001. By contrast, when the separation between the focal paper and 

focal patent is very large, hubs appear to be less efficacious. This in reflected statistical significance of 
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p<.766 on the estimated coefficient of hubs interacted with a separation of more than 2000 miles between 

paper and patent. One might be concerned that this reflects the influence of bicoastal networks between 

say, San Diego and Boston. However, less than half of paper-patent dyads separated by more than 2500 

miles are within the U.S. (39.9%), while all but one of the non-U.S. dyads with similarly large separation 

are on different continents.  

In sum, Table VII and Figure III suggest that academic discoveries in hubs attract firms’ attention 

mostly 1) when the author’s institution lacks formal connections with industry, 2) when the institution has 

low prestige in that paper’s scientific subfield, and 3) when the paper and potentially-citing patent are not 

already collocated. However, it appears that there are limits to the ability of hubs to draw firms’ attention 

to academic research across extremely long distances. 

 

4. Discussion 

We interpret our results cautiously. The fact that an academic paper wasn’t cited in a patent does not 

mean that the inventor was unaware of it. Hence, the economic significance of the variance in attention 

paid to knowledge from inside and outside R&D hubs is difficult to assess. In addition, our sample of 

twin papers is relatively small and largely concentrated in the life sciences (albeit not by design), limiting 

the generalizability of our results to other industries and to different types of external knowledge. 

Nevertheless, our setting provides a unique opportunity to study the impact of the location of external 

knowledge on firms’ attention by exploiting the occurrence of simultaneous discoveries. 

We find that academic articles of which at least one author is in a hub of industrial R&D are 10% 

more likely to be cited in firm-assigned patents than articles with no authors located in a hub. Results are 

robust to the addition of city fixed effects and to defining hubs according either to the relative 

concentration of activity or to absolute levels of activity. Moreover, location in a hub only draws the 

attention of inventors based in firms and not those based in academia. Hubs’ “lamppost effect” is 

amplified for academic institutions that have little industry funding or that are relatively unknown in that 

particular field. Finally, the effect is not explained by heterogeneity among twin papers or by formal 

networks. Our finding that firms pay more attention to academic papers authored in hubs of industrial 

R&D does not mean that firms are irrational in doing so. After all, it is possible that the cost of “looking 

beyond the lampposts” is not worth the return. However, it is also possible that firms might be able to 

spot hidden opportunities by paying attention to discoveries emerging outside of hubs.  

Our results complement the current literature on hubs (Saxenian 1994; Ellison, Glaeser, and Kerr 

2010) by highlighting that their influence goes beyond their borders. We also depart from the emphasis on 

the stickiness of academic knowledge characteristic of prior work on science-based invention (Cockburn 

and Henderson 1998; Zucker, Darby, and Armstrong 2002) and highlight instead the breadth of the 
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scientific literature and firms’ challenge in allocating their scarce attention to it. Perhaps most 

importantly, our analysis indicates that elements external to a firm can shape what it does or does not pay 

attention to.  

The benefits in building a richer understanding of external drivers of attention should not be 

understated. Firms’ selective attention defines the menu of available opportunities that they consider. 

Innovation performance will suffer if they pay too much attention to unpromising opportunities and too 

little attention to promising ones. By underlining the effect of hubs as “lampposts” attracting firms’ 

attention, we hope to highlight the fact that a firm’s absorption of external knowledge depends not only 

on its internal capacity, but also on the salience of the external opportunities to which it has access.  
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Table I: Summary statistics for twin academic papers reporting simultaneous discoveries. N=1,166. 

  

  

Mean Std. Dev. Min. Max.

Number of patents referencing twin paper 0.000 0.000 0 0

Journal impact factor 21.889 12.047 0 51.410

Paper located in U.S. 0.604 0.489 0 1

Paper was patented 0.103 0.304 0 1

Corresponding author stock of patents 1.042 3.541 0 55

Corresponding author stock of papers 74.005 87.304 0 754

Institution's 5-year stock of patents 181.315 321.256 0 2308

Institution's prestige in the paper's field 17.292 30.957 0 176

Number of patents referencing twin paper 1.389 0.502 1 2

Paper author(s) in a hub of relevant R&D 0.222 0.428 0 1

Journal impact factor 20.468 11.019 2.19 32.906

Paper located in U.S. 0.500 0.514 0 1

Paper was patented 0.222 0.428 0 1

Corresponding author stock of patents 1.056 2.071 0 6

Corresponding author stock of papers 50.222 54.051 9 192

Institution's 5-year stock of patents 144.041 184.729 0 584

Institution's prestige in the paper's field 23.389 44.942 0 176

Number of patents referencing twin paper 7.652 9.742 0 56

Paper author(s) in a hub of relevant R&D 0.184 0.388 0 1

Journal impact factor 25.724 10.594 4.18 51.410

Paper located in U.S. 0.671 0.471 0 1

Paper was patented 0.316 0.467 0 1

Corresponding author stock of patents 1.816 6.849 0 75

Corresponding author stock of papers 82.532 110.840 0 640

Institution's 5-year stock of patents 111.670 179.352 0 1394

Institution's prestige in the paper's field 21.281 35.285 0 176

Number of patents referencing twin paper 1.962 4.168 0 37

Paper author(s) in a hub of relevant R&D 0.108 0.311 0 1

Journal impact factor 22.412 11.466 0 51.410

Paper located in U.S. 0.643 0.480 0 1

Paper was patented 0.141 0.348 0 1

Corresponding author stock of patents 1.341 3.442 0 25

Corresponding author stock of papers 72.735 83.456 0 560

Institution's 5-year stock of patents 170.480 247.137 0 1415

Institution's prestige in the paper's field 20.102 33.885 0 176

 Academic "twin" 

papers from 

simultaneous 

discoveries where 

no  paper was 

referenced by any 

corporate patent 

(N=786)

 Academic "twin" 

papers from 

simultaneous 

discoveries where 

twins were always 

referenced jointly 

(N=18)

Academic "twin" 

papers from 

simultaneous 

discoveries where 

twins were 

sometimes cited 

jointly (N=158)

Academic "twin" 

papers from 

simultaneous 

discoveries where 

twins were cited 

but never jointly 

(N=185)
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Table II: Location of academic publications belonging to sets of “paper twins” where one but not all papers are referenced 
  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: “Twin” papers report the same simultaneous academic discovery. The subset of 316 twin papers here are limited to simultaneous discoveries where one but 

not all twins was referenced by a firm-assigned patent. 

Freq. Percent Cum. Freq. Percent Cum.

Harvard University 15 4.79 4.79 Boston, MA 26 8.31 8.31

UT Southwestern Medical Ctr 11 3.51 8.31 New York, NY 23 7.35 15.65

UC San Francisco 9 2.88 11.18 San Diego, CA 13 4.15 19.81

Columbia University 8 2.56 13.74 Bethesda, MD 10 3.19 23

Johns Hopkins University 8 2.56 16.29 San Francisco, CA 9 2.88 25.88

MIT 8 2.56 18.85 Baltimore, MD 8 2.56 28.43

Salk Institute 7 2.24 21.09 Cambridge, MA 8 2.56 30.99

Rockefeller University 7 2.24 23.32 Dallas, TX 8 2.56 33.55

University of Toronto 6 1.92 25.24 London, UK 7 2.24 35.78

Yale University 6 1.92 27.16 New Haven, CT 7 2.24 38.02

UC San Diego 5 1.6 28.75 Toronto, Canada 7 2.24 40.26

Oxford University 5 1.6 30.35 Cambridge, UK 6 1.92 42.17

European Molecular Biology Lab 4 1.28 31.63 Heidelberg, Germany 5 1.6 43.77

London Research Institute 4 1.28 32.91 Houston, TX 5 1.6 45.37

Massachusetts Gen. Hospital 4 1.28 34.19 Oxford, UK 5 1.6 46.96

RIKEN 4 1.28 35.46 Philadelphia, PA 5 1.6 48.56

Cambridge University 4 1.28 36.74 Seattle, WA 5 1.6 50.16

Duke University 4 1.28 38.02 Chapel Hill, NC 4 1.28 51.44

University of North Carolina 4 1.28 39.3 Chicago, IL 4 1.28 52.72

New York University 4 1.28 40.58 Durham, NC 4 1.28 53.99

Stanford University 4 1.28 41.85 Los Angeles, CA 4 1.28 55.27

University of Washington 4 1.28 43.13 Palo Alto, CA 4 1.28 56.55

Panel A

Institutions with four or more "twin" academic papers

Panel B

Cities with four or more "twin" academic papers
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Table III: Summary statistics for academic-paper/industry-patent dyads   

 
Notes: Observations are constructed for all combinations of twin academic papers and patents where one but 

not all twin academic papers reporting a simultaneous discovery is referenced by a firm-assigned patent.  

 

Obs Mean Std. Dev Min Max

Twin paper referenced by focal patent 1671 0.478 0.500 0 1

Paper author(s) in a hub 1671 0.244 0.430 0 1

Ln # of patents within 50 miles of corresponding author 1671 0.610 1.225 0 5.628

Ln # conferences in this field held within 50 miles 1671 3.703 1.661 0 6.033

Author(s) near hub * >median # of conferences 1671 0.235 0.424 0 1

Author(s) near hub * <median # of conferences 1671 0.010 0.097 0 1

Paper published before its twin(s) 1671 0.202 0.402 0 1

Paper more detailed than its twin(s) 552 0.408 0.492 0 1

Paper has more claims than its twin(s) 552 0.219 0.414 0 1

Paper written more clearly than its twin(s) 552 0.353 0.478 0 1

Paper more clinical than its twin(s) 552 0.069 0.253 0 1

Coauthor of a paper author is an inventor on patent 1671 0.155 0.362 0 1

Ln journal impact factor 1671 3.206 0.577 0 3.959

Paper located in U.S. 1671 0.668 0.471 0 1

Paper was patented 1671 0.245 0.430 0 1

Ln corresponding author stock of patents 1671 0.453 0.749 0 4.331

Ln corresponding author stock of papers 1671 3.567 1.343 0 6.463

Institution's 5-year stock of patents 1671 110.619 150.849 0 1415

Institution's prestige in the paper's field 1671 21.742 35.540 0 176

Ln population of corresponding author's city 1671 13.108 1.637 8.531 16.8

Publication lag, paper vs. patent 1671 5.135 3.215 0 17

Ln distance between paper and patent 1671 7.129 2.020 0 9.263

Paper and patent in same state 1671 0.101 0.301 0 1

Paper and patent in same country 1671 0.517 0.500 0 1
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Table IV: The impact of the location of academic institutions on paper citation in patents 

 

  
 

Notes: Observations are academic-paper/industry-patent dyads. All models are estimated using conditional logit and include simultaneous-discovery/patent fixed 

effects. Controls include those for the paper (U.S.-based, journal impact factor, paper was patented), corresponding author (stock of patents and papers, 

population of city), and institution (stock of patents and papers) characteristics as well as characteristics of the paper-patent dyad (publication lag). Standard 

errors are clustered at the level of the simultaneous discovery; *** p<0.001; ** p<0.01; * p<.0.05; + p<0.1.  

 

 

 

 

 

academic

(1) (2) (3) (4) (5)

Paper author(s) in a hub 0.717* 1.024* 0.496

(0.316) (0.514) (0.330)

Ln # patents within 50 miles 0.929***

  of corresponding author (0.183)

Ln distance between paper and patent -0.244*** -0.171** -0.108 -0.157** 0.0197

(0.0626) (0.0559) (0.0916) (0.0563) (0.0751)

Observations 1,671 1,671 1,671 1,671 1,088

# twin articles 316 316 316 316 381

Pseudo-R2 0.065 0.162 0.490 0.173 0.0554

Log-likelihood -547.4 -490.7 -298.8 -484.3 -359.6

paper, author, institution controls no yes yes yes yes

City fixed effects for principal investigator no no yes no no

Simultaneous-discovery/patent FE yes yes yes yes yes

industry

Dependent variable indicates that the "twin" paper was referenced by a patents of the following type
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Table V: Difference of means tests for within-twin heterogeneity 

Notes: Results of expert-panel evaluation of 86 “twin” papers by ten postdoctoral researchers in the life sciences and 

applied physics. Postdocs identified the four criteria in the first column and classified twin papers accordingly. 

 

Table VI: Mechanisms 

  
Notes: All models include controls for characteristics of the paper (U.S.-based, journal impact factor, discovery 

was patented), author (stock of patents and papers, city population), institution (stock of patents and papers), and 

paper-patent dyad (publication lag; spatial distance). Column (1) contains fewer observations as its analysis is 

limited to the twin papers evaluated for heterogeneity by the expert panel. Standard errors are clustered throughout 

at the level of the simultaneous discovery; *** p<0.001; ** p<0.01; * p<.0.05; + p<0.1. 

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

Paper author(s) in a hub 1.575*** 0.716* 0.641*

(0.467) (0.312) (0.307)

Paper published before its twin(s) -0.285

(0.609)

Paper more detailed than its twin(s) 0.382

(0.604)

Paper has more claims than its twin(s) -0.849

(0.608)

Paper written more clearly than its twin(s) 0.523

(0.416)

Paper more clinical than its twin(s) 1.346+

(0.688)

Coauthor of a paper author is an inventor on patent 0.0363

(0.391)

Ln # conferences in this field held within 50 miles 0.150+

  of corresponding author (0.0851)

Author(s) in hub * >median # of conferences 0.733*

(0.330)

Author(s) in hub * <median # of conferences 0.460

(0.908)

Ln distance between paper and patent -0.208 -0.171** -0.137** -0.170**

(0.163) (0.0566) (0.0509) (0.0565)

Observations 552 1,671 1,671 1,671

# twin articles 78 316 316 316

Pseudo-R2 0.260 0.162 0.170 0.162

Log-likelihood -143.4 -490.7 -485.9 -490.7

paper, author, institution controls yes yes yes yes

Simultaneous-discovery/patent FE yes yes yes yes

Papers in hubs (n=41) Papers not in hubs (N=45) p <

Paper is more detailed 0.390 0.311 0.447

Paper has broader claims 0.220 0.067 0.042

Paper is more clearly written 0.414 0.266 0.151

Paper is more clinically oriented 0.073 0.067 0.907
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Table VII: Institutional Heterogeneity 

 
Notes: Observations are academic-paper/industry-patent dyads. The dependent variable indicates whether the patent in the dyad references the paper. All models 

are estimated using simultaneous-discovery/patent fixed effects. All models include controls for the paper (U.S.-based, journal impact factor, discovery was 

patented), corresponding author (stock of patents and papers, population of city), and institution (stock of patents and papers) characteristics as well as 

characteristics of the paper-patent dyad (publication lag; spatial distance). Base variables for interactions are not shown. The omitted category for the interactions 

consists of papers that were located in hubs of commercial R&D in the same scientific field as the discovery. Panel A uses data from North America only due to 

the scope of data available from the Association for University Technology Managers. Standard errors are clustered at the level of the simultaneous discovery; 

*** p<0.01; ** p<0.1; * p<.0.05; + p<0.10. 

 

 

(1) (2) (3)

In a hub & no industry funding 1.645* In a hub & below-median prestige 2.250** Near a hub & within 20 miles of patent 0.152

(0.749) (0.704) (0.761)

In a hub & little industry funding 3.810* In a hub & above-media prestige 0.286 Near a hub & within 20-2000 miles of patent 1.582***

(1.758) (0.325) (0.437)

In a hub & more industry funding 0.835+ Near a hub & 2000+ miles away from patent 0.285

(0.440) (0.427)

In a hub & most industry funding 0.485

(0.657)

Observations 898 Observations 1,671 Observations 1,671

#  twin articles 166 #  twin articles 316 #  twin articles 316

Pseudo-R2 0.264 Pseudo-R2 0.156 Pseudo-R2 0.173

Log-likelihood -230.6 Log-likelihood -494 Log-likelihood -474.3

Simultaneous-discovery/patent FE yes Simultaneous-discovery/patent FE yes Simultaneous-discovery/patent FE yes

Panel A Panel B Panel C

Industry investment in the focal institution Institutional prestige Distance between focal paper and patent
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Figure 1: Example of “paper twins” reporting a simultaneous discovery 

 
 

Figure II: Patent-to-paper References 

 

  



  

32 

 

Figure III: Hub heatmaps 

 Panel A: worldwide 

 
 

Panel B: U.S. only 

 
 

 

  



  

33 

 

Figure IV: Institutional Heterogeneity  
 

Panel A: Hubs and Funding of R&D at the paper’s institution by industry 

 
 

Panel B: Hubs and Organizational prestige 

  
 

Panel C: Hubs and Distance between paper and patent 

   
Notes: Coefficients are plotted from linear probability models.  

Near a hub & within 20 miles of patent

Near a hub & within 20-2000 miles of patent

Near a hub & 2000+ miles away from patent

-.5 0 .5 1


