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Abstract 

Many studies rely on patent citations to measure intellectual heritage and impact. In this 
article, we use a vector space model of patent similarity, and new data from the USPTO, to 
show that the nature of patent citations has changed dramatically in recent years. Today, a 
small minority of patent applications are generating a large majority of patent citations, and 
the mean technological similarity between citing and cited patents has fallen dramatically. 
We replicate several well-known studies in industrial organization and innovation economics 
and demonstrate how overly generalized assumptions about the nature of patent citations 
have misled the field. 
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1. Introduction 

A substantial amount of research adopts patenting as an empirical measure of innovation. Seminal 

work by Griliches measured patent counts (Griliches 1981), and later work weighted such counts by the 

number of forward citations received by each patent on the view that more important patents receive more 

references (Trajtenberg 1990). In this vein, studies have used patent citations to measure private patent 

value, (Lanjouw and Schankerman 2001, Harhoff, Scherer et al. 2003), firm market value (Hall, Jaffe et al. 

2005), cumulative innovation (Caballero and Jaffe 1993, Trajtenberg, Henderson et al. 1997), geographic 

spillovers (Jaffe, Trajtenberg et al. 1993), technology life-cycles (Mehta, Rysman et al. 2010), social 

importance (Moser, Ohmstedt et al. 2013), originality (Jung and Lee 2015), and technological impact 

(Corredoira and Banerjee 2015). Overall, a search for “patent citations” on Google Scholar (conducted 

January 1, 2018) returns over 21,000 results. 

Recent research, however, has begun to call into question a straightforward interpretation of patent 

citations. Abrams, Akcigit et al. (2013) find an inverted-U relationship between patent citations and market 

value, suggesting that high citation counts may indicate strategic use of the patent system (instead of 

impactful innovation). Evidence also has emerged that the search for and disclosure of prior art varies 

between applicants in systematic ways (e.g., Sampat 2010, Lampe 2012). Citations may suffer from 

significant noise and measurement error (Gambardella, Harhoff et al. 2008, Roach and Cohen 2013), and the 

comparison of patents between cohorts can be problematic because citation counts have inflated 

substantially over time (Marco 2007). Failing to correct for time period, technology, and geographic region 

can introduce significant bias into an analysis (Lerner and Seru 2015). Correcting citation counts to return to 

the original goal of devising a measure of innovation activity that is broadly comparable across contexts, 

however, is problematic due to endogeneity in the pendency, citation lags, and filing years of a given sample 

(Mehta, Rysman et al. 2010). 

In this article, we highlight an important change in the data generating process of patent citations in 

the last five years that dramatically changes the statistical nature of patent citation measures and the 
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appropriate use of raw patent citation counts in future research. Specifically, we observe a dramatic increase 

in the number of citations generated per year and relate that change to a small proportion of patents flooding 

the patent office with an overwhelming number of references. Figure 1 shows the number of backward 

citations over time, split by the number of citations made by each patent. In recent years, 46.8% of 

references derive from less than 5% of patents with more than 100 backward citations.1  

--- Insert Figure 1 and Figure 2 about here --- 

To examine how the aforementioned changes affect the information content and quality of citations, 

we compute a vector space model that compares the text of every patent, to every other patent, granted by 

the USPTO. The measure allows us to determine the technological distance between each citing/cited pair of 

patents based on the technical description of each patent. We find that the information quality of patent 

citations has changed dramatically in recent years. Patents today have a much larger pool of relevant prior 

art to draw from than patents in the past – and one therefore might expect that the average similarity of 

citing and cited patents would be increasing over time (or at least not decreasing)2 – but that has not been the 

case. Figure 2 shows that the mean similarity of patent citations has declined significantly from 1985 to 

2014. The trend suggests that the technological relationship reflected by the average patent citation has 

weakened over time, and that the decline is continuing to accelerate.  

We argue that the cause of falling average technological similarity is a mixture problem; the cause is 

not what is cited, but rather how many citations are submitted by a certain portion of the population. As a 

preview of our findings, Figure 2 includes a nearly-horizontal line (dot-dashed) that plots the estimate of an 

OLS regression of textual similarity on citing patent issue year, controlling for the number of backward 

citations (the precise estimate is reported later in Model 2 of Table 2). After including fixed effects for each 

integer count of backward citations (i.e., a method to estimate the trend within that fixed level of generating 

citations), textual similarity is modestly increasing over time. Thus, the number and scope of cited 

                                                      
1 Conversations with patent examiners suggest that reviewing more than 100 citations is extremely difficult given time constraints.  
2 Of course, one might reasonably hold the opposite prior belief – that textual similarity will decline over time due to an ever-
expanding pool of prior art. Such a pattern might hold in some cases for academic articles, but discussions with patent attorneys 
indicate that patent applicants are only required to cite the prior art that is believed to be material to patentability, and are not required 
to cite prior art that is “cumulative” or common knowledge in the field. 
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references has expanded dramatically over time to now include citations that are much further afield from 

the citing patent than was the case in the past. 

We also employ new, internal data from the USPTO to better understand the data generating process 

for patent citations. We show: that publicly available data misattributes the source (i.e., applicant-submitted 

or examiner-added) for a small but significant proportion of patent citations; that a large and growing 

number of patent citations are made to pending patent applications (not issued patents) and therefore are 

missed by scholars; and that citations are frequently submitted long after a patent application is filed, 

potentially challenging the view that patent citations are an indicator of direct knowledge inheritance.  

The main contribution of this article is to provide prima facie evidence that the analysis of patent 

citations is now generating significant measurement error for many academic studies. We demonstrate the 

widespread violation of core assumptions relied on in the empirical literature and show that violations are 

leading to tenuous and potentially unsubstantiated conclusions. To illustrate the problem for a general 

audience, we replicate the analysis of four foundational studies in industrial organization and show how a 

more detailed analysis of more comprehensive data supports substantially different conclusions. We also 

review the diverse empirical objectives of studies in economics that rely on patent citations and conclude 

that a “one-size-fits-all” correction for counts of citations is unlikely to work reliably across each and every 

research context. As such, we argue that future research with patent data will require new measures and 

methods, and we encourage future research to seek out measures that are not based on patent citations at all.3 

The paper is organized as follows. Section 2 describes many core assumptions that justify the use of 

patent citations in empirical analysis. Section 3 introduces the data sources for the paper (many of which are 

new), and then Section 4 tests the validity of assumptions from Section 2. Finally, in Section 5, we replicate 

the analysis in several well-known articles and show how the results change when using more recent and 

comprehensive data. Section 6 discusses implications and concludes. 

                                                      
3 Proposing and validating an entirely new set of measures was beyond the scope of this paper. Given that patent citations have been 
used extensively throughout the field, we first focus on making the case that a serious problem exists. 
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2. Assumptions 

Strong assumptions about the patent system have helped economists to shed light on what might 

otherwise be an intractable problem in the presence of severe limitations on data availability. As Krugman 

points out, “knowledge flows… are invisible; they leave no paper trail by which they may be measured and 

tracked, and there is nothing to prevent the theorist from assuming anything about them that she likes” 

(Krugman 1993, p. 53; also cited in Jaffe et al., 1993).  

At the risk of overgeneralizing, the dominant view of patenting by economists is that it is a process by 

which inventors stand on the shoulders of giants to create inventions based on prior knowledge from others 

who came before them. Sometimes that knowledge is known explicitly to the inventor; other times it is 

known implicitly, as background information. The inventor reveals knowledge of what came before by 

disclosing it in a patent application, and then the patent examiner conducts an independent search to find 

prior art that was unknown to the inventor. The examiner grants a patent only after considering all references 

and evaluating the claims of the patent application in light of the prior art.  

The above narrative offers a way out of a difficult measurement problem by highlighting patent 

citations as a tool for measuring knowledge flows. Although scholars have long known that measures based 

on patents and patent citations are noisy in practice, the belief has prevailed that a large-sample analysis can 

model an unbiased “typical” case such that a valid signal will rise above the noise. However, the prevailing 

narrative also reveals many implicit yet commonly-held assumptions about the data generating process for 

patent citations. In this section, we parse the narrative above to examine three broad categories of 

assumptions, which in later sections we demonstrate are systematically violated in ways that have important 

implications for empiricists.  

A. Assumptions about the Duty of Disclosure  

The patent applicant owes to the U.S. patent office “a duty to disclose . . . all information known to 

that individual to be material to patentability” (37 C.F.R. 1.56). The duty is not merely a negative obligation 

to abstain from fraud, but rather an affirmative duty to disclose “all information” known to the individual. If 
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an applicant fails to cite a reference it knew about and believed to be relevant, then a future infringer of the 

patent can allege that the applicant committed inequitable conduct and a court may rule the patent to be 

unenforceable, even if the patent is otherwise valid. Because failure to disclose can put the entire patent at 

risk, including any business strategies and products built around the patent, researchers assume that 

applicants generally comply with the duty of disclosure, and that they do so in a similar way. 

ASSUMPTION A1: Applicants comply with the duty of disclosure in a uniform 
manner. 

The duty of disclosure, however, is not limited to inventors – it also applies to other employees of the 

firm, such as an attorney who is responsible for drafting and filing the patent application. Nevertheless, the 

inability to determine the actual individual who was responsible for a submitting a particular citation has led 

scholars to assume that applicant-submitted citations are identified and provided by the inventor. This 

assumption has been critical for many areas of research – the empirical literature on knowledge spillovers, 

for example, often uses patent citations to identify intellectual inheritance by inventors.  

ASSUMPTION A2: Citations marked as applicant-submitted were identified by 
inventors (not legal or administrative personnel). 

B. Assumptions about the Technological Relatedness of Patent Citations 

Another core assumption is that the applicant decides to a cite a patent based on an active review and 

evaluation of the technological relatedness of two inventions (Jaffe, Trajtenberg et al. 1993). Recent 

research, however, suggests that applicants also act strategically to influence the patent examination process 

Lampe (2012), such that the citations selected for each application may not be an impartial representation of 

the relevant prior art. Whether one believes that applicants act in good faith, act with strategic intent, or are 

conditioned by other factors, the general assumption has been that the applicant submits citations based on 

the technological content of each document. 

ASSUMPTION B1: Applicants actively review and decide which patents to cite 
based on the technological content of the potentially cited patent.  

Related to Assumption B1 is the implicit assumption that the technological relatedness of citations is 
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stable over time. After all, scholars rely on validation work performed using now historical data when 

drawing conclusions about analysis performed on more modern data. 

ASSUMPTION B2: A patent citation indicates a level of technological relatedness 
between the citing and cited patent, and that relatedness is independent of the filing 
date and issue date of the citing and cited patents. 

C. Assumptions about the Patent Examination Process 

Given the complexity of the U.S. patent system, scholars have had to make simplifying assumptions 

about the patent prosecution and examination process in order to gain traction on other, more fundamental 

questions to economics. To begin, we note that the early literature generally assumed that patent examiners 

were the ones who generated patent citations. More recently, however, scholars have been able to separate 

citations based on who submitted them – i.e., the patent applicant or examiner (Alcacer and Gittelman 

2006). As such, research on knowledge spillovers assumes that inventors hold knowledge about the cited 

invention, but that that is not the case if the citation is added by the examiner (Thompson 2006). Scholars 

also have found that citations submitted by examiners are associated with greater patent impact than those 

submitted by applicants (Alcacer, Gittelman et al. 2009, Hegde and Sampat 2009). To draw these 

conclusions, scholars have relied on one indicator variable from the USPTO.  

ASSUMPTION C1: Citations indicated in publicly available data as examiner-
submitted were originally submitted by examiners. 

An often-overlooked aspect of the patenting system is that patent examination and prosecution 

constitute a back-and-forth process that unfolds over time. Somewhat surprisingly, the examination process 

typically does not begin until a year or more after the filing, and pendency varies wildly between examining 

divisions in the patent office (i.e. “art units”), and over time. Patent citations can be added to the record at 

any time during examination, but scholars have lacked the data to control for the process and timing of when 

citations are submitted. Scholars therefore have been forced to assume a date for each citation – typically the 

filing date (or year) for the application.  

ASSUMPTION C2: Patent citations originate on the filing date of the patent. 
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In summary – looking across all of the assumptions – we again stress that researchers have made 

these assumptions and relied on these assumptions due to limitations in publically available data. In order to 

test the assumptions, we had to compile and construct several new sources of data, including new data from 

the USPTO. We describe that process in the following section. 

3. Data 

The data for our analysis derive from several sources. For the period from 1976 through 2004, we 

import data from the updated NBER patent data file (Hall, Jaffe et al. 2001).4 For the period from 2005 

through 2015, we collected patent citations and patent bibliographic data from PatentsView.org. For the 

period from 2005 through 2008, we collected patent rejections data from the bulk data files published by the 

USPTO and aggregated by Google (2016). Throughout all periods, we also collected new data from internal 

USPTO citation submissions forms; we thank the Office of the Chief Economist at the USPTO for access to 

this data. Our final sample includes data for 5,027,882, patents issued between January 6, 1976 and March 

17, 2015, and 62,104,091 patent citations made on the citing side between January 6, 1976 and December 

30, 2014. For most regressions, we restrict the sample to citations made by patents issued 2005 through 

2014 in order to exploit the more expansive bibliographic data for patents issued during this time period.5  

As an improvement over how citations have been counted in the past, we also include 7.6 million 

citations to patent publications. A change in the patent law in 2001 (American Inventors Protection Act, 

1999) has led to patent applications being “published” for public review after (typically) 18 months, and 

well before they actually issue. As a consequence, a patent application alone can now become a source of 

prior art for another application (i.e., an applicant and/or an examiner can search for it, find it, and cite it). 

Although a patent’s claims can change between filing and issuance, the technical description of the 

invention will almost always stay exactly the same between application and issue because patent law 

precludes the applicant from adding new matter to the application after it is filed (35 U.S.C. 132(a)). All 

                                                      
4 As updated by Jim Bessen at https://sites.google.com/site/patentdataproject/ (data accessed June 1, 2017). 
5 There are 19.2 million citations made by patents issued before 2005, and 35.4 million by patents issued 2005 or later.  



 
8 

citation-based measures that we know of, however, ignore citations made to patent publications because the 

USPTO does not update citation records to link references to publications forward to patent numbers when 

they issue. Publication citations now make up 25% of all citations (as of 2015), a proportion that has been 

growing in both size and importance. For the large majority of cases, the publication document is the only 

version of the document that is cited (not the patent that ultimately issues from the publication); failure to 

roll the publication citation reference forward to the resulting patent therefore misses these citations in most 

analyses. The Appendix includes a more detailed discussion of publication citations.  

Table 1 summarizes definitions, source, summary statistics, and correlations for all variables. Given 

the large number of variables, and the technical importance of each variable for the particular analysis to 

which it is related, we define and discuss each variable when it appears in the analysis.  

--- Insert Table 1 about here --- 

4. Results from Testing Assumptions 

The objective of this section is to evaluate the degree to which the assumptions set forth above are 

systematically violated. Section 4A shows that applicant behavior has changed dramatically in recent years, 

leading to the emergence of extremely high-citing patents; Section 4B shows that the textual similarity of 

patent citations has fallen off dramatically over time, and that the drop has been driven primarily by high-

citing patents; Section 4C shows that the attribution of citations to applicants and examiners is incorrect in a 

small but important subset of citations, that many citations are submitted long after the application is filed, 

and that citations exhibit substantial heterogeneity in technological relatedness across a number of 

dimensions.  

A. The Duty of Disclosure 

Assumptions A1 and A2 suggest that applicants comply with the duty of disclosure in a uniform 

manner and that citations submitted by applicants were in fact identified by inventors (as opposed to say an 

attorney or other actor in the firm). We now assess the extent to which that is the case. As shown in Figure 

3a, most patents include 20 or fewer citations – a level we label as “routine.” The proportion of routine 
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patents has fallen over time, but as of 2014 more than 75% of patents still have 20 or fewer citations. As the 

number of citations rises from 20 to 100, discussions with patent attorneys and examiners suggest that 

reviewing each citation becomes much more “difficult” given time constraints. Although there are cases 

with particularly complex technologies where documentation for 50 or even 100 citations may be required, 

reviewing every citation in such a list imposes a substantial burden on the patent examiner. As seen in 

Figure 3a, the portion of patents citing a “difficult” number of references has grown steadily over time, from 

0 in 1980 to approximately 20% in 2014. Next, we label as “extreme” patents with backward citation counts 

of 101 to 250 citations, because it is difficult to imagine anyone (at either the applicant’s office or the patent 

office) reviewing that many documents in detail. Finally, we label backward citation counts of 251 or more 

as simply “impossible” given the time constraints of examiners. We also note that “extreme” and 

“impossible” levels of citations also strongly suggest that those citations were not identified by inventors, 

for doing so would leave little (to no) time for actual invention. 

--- Insert Figure 3 and Figure 4 about here --- 

Although patents that cite “difficult” or “extreme” numbers of references form a relatively small 

percentage of all patents, note that they contribute disproportionately to the number of backward citations 

generated in a particular year, and that influence is growing quickly. Figure 3b shows the percentage of 

patent citations made in a given year attributable to patents in each category (routine, difficult, extreme, 

impossible). By 2014, patents that cite an “extreme” or “impossible” number of citations are responsible for 

more than 46% of all patent citations, even though they comprise less than 5% of all patents issued in that 

year. In contrast, the 75% of patents that make a “routine” number of 20 or fewer citations, are responsible 

for less than 24% of the total number of citations. Figure 4 illustrates this change starkly by plotting Lorenz 

curves for backward citation counts across patents issued in 1984, 1999, and 2014.  

From the above results, we conclude that the data generating process for patent citations has changed 

over time in a way that now systematically and substantially violates Assumptions A1 and A2. The empirical 

evidence is clear that there is great heterogeneity in the way that citations are generated now, and that a 
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pooled analysis of all citations will overrepresent a relatively small portion of the population of citing 

patents. In an Online Appendix (“Applicant Cross-Citing and the Generation of Patent Citations”) we argue 

that several institutional features in the patenting regime are leading some applicants to over-cite the prior 

art (Kuhn 2011), which in turn is leading to a proliferation of low-information citations. Specifically, the 

duty to disclose prior art, in conjunction with the rise in the strategic importance of patent families, has led 

certain applicants to mechanically “cross-cite” anything and everything they have ever come across. Cross-

citing is relatively costless and there is no penalty for citing prior art that does not in fact have much to do 

with a given patent. Incentives to over-cite are sharpest in situations where a patent application is likely to 

produce a valuable patent and where many potential citations are unearthed, such as with a group of 

interrelated patent applications called a “patent family.” Again, the rise of cross-citing strongly violates 

Assumptions A1 and A2, with important implications for well-established empirical methods in the 

economics literature – issues we focus on in Section 5. 

B. The Technological Relatedness of Patent Citations 

To better understand how the technological relatedness of citations has changed over time, we 

leverage the work of Younge and Kuhn (2015) who compute and validate a textual similarity measure for 

all 14 trillion possible pairwise combinations of USPTO patents. The Similarity variable measures the 

textual similarity between the technical specifications of two patents, where a higher value indicates a 

greater level of similarity between the citing and cited patent. Although textual similarity is not a perfect 

representation of technological relatedness – for technologies can be related in implicit ways that are not 

represented in the text – we show in related work that the computed similarity measure correlates strongly 

with both expert and lay person evaluations, and that it also predicts such characteristics as shared patent 

class and patent family. 

To compute Similarity, each patent is given a vector that positions the patent in a vector space with 

more than 700,000 dimensions, one for each substantive word that appears in the text of an issued patent. 

Each vector is determined via a term-frequency inverse-document-frequency (TFIDF) approach that up-
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weights rare words and down-weights common words. Although the TFIDF approach is relatively simple, a 

related benchmarking study shows that TFIDF generates top performance in contexts where there is long, 

extended, and highly-granular text.6 The similarity measure is then computed for each pair of patents by 

determining the angular distance between them using a cosine measure between the patents’ two vectors. On 

a scale of 0 to 100, citations in our sample have a mean similarity value of 27.9. 

Based on textual Similarity, citations generated by highly-citing patents appear to be particularly 

uninformative. Figure 5 plots the mean and inner quartile of Similarity for patent citations by the number of 

backward citations made by the citing patent. Whereas the citation similarity for patents citing one, two, or 

three references is 34, the mean citation similarity for patents citing hundreds of references falls to 20. The 

low similarity of citations made by high-citing patents, coupled with the small but increasing frequency of 

such patents, appears to be driving the overall decline in citation similarity. Table 2 presents estimates of 

ordinary least squares regressions of citing patent issue year on citation similarity. As shown in Model 1, 

citation similarity has declined over time at a rate of about 0.282 points per year (p<0.001), a result 

consistent with Figure 2. Model 2 adds level-by-level fixed effects for the exact number of backward 

citations made by the citing patent. With fixed effects included, citation similarity is nearly constant over 

time, increasing slightly at a rate of 0.014 points per year. (p<0.001). That is, there is little difference in 

citation similarity between two patents issued at different points in time that have the same number of 

backward citations.7 Controlling for the log of the backward citation count produces a similar result, as 

shown in Model 3. Figure 2 presents the results graphically by plotting the mean similarity of patent 

citations over time along with a dotted line plotting the estimate of Model 2 from Table 2. 8 

--- Insert Figure 5 and Table 2 about here --- 

We conclude from the above analysis that the data generating process for patent citations has changed 

over time in a way that systematically and substantially violates Assumption B2, which assumes there to be 

                                                      
6 Technical report available from the authors: “Patent-to-Patent Similarity: A Comparative Study of Semantic Text Similarity using 
Vector Space Models.” (Shahmirzadi, O., Lugowski, A. and Younge, K. , 2018). 
7 One might be concerned that the effects in Column 2 are only on average within a level of backward citations. Nevertheless, the 
effect of Citing Patent Issue Year is positive within the highest categories of Figures 4A and 4B.  
8 Running the analysis at the patent level rather than the citation level produces results consistent with those in Table 2. 
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a stable level of technological relatedness between citing and cited patents. Further, the results suggest that 

the decline in citation similarity is driven by the small but growing portion of patents that cite very large or 

extreme numbers of relatively unrelated references, and not by a secular trend in the textual similarity of 

patents. As such, we also conclude that the evidence for a large proportion of patent citations suggests a 

violation of B1, which assumes that applicants actively decide which patents to cite based on a review of the 

technological content of each patent. 

The implications of the highly skewed mixture problem, described above, are stark: measures that 

count the number of forward patent citations from current years are capturing the contribution of a very 

small fraction of all patents. Even though our data suggest that the data generating process began to change 

most significantly after 2005, it is important to note that the observed effects are not themselves isolated to 

years after 2005. Because backward citations are “caught” as forward citations by patents back in time, even 

measures for patents back in 1995 or 2000 are now being affected by the new citation patterns.9 Moreover, 

an increase in volume of patents issued per year is compounding the problem. Whereas the number of 

patents issued per year increased slowly from 75,000 in 1976 to about 150,000 in 2009, it doubled to 

300,000 only 5 years later and continues to grow. Together, the rise in patent volume and the change in 

citation similarity suggest that citations generated today are far more numerous and far less informative than 

in years past. We suspect that these trends are likely to increase in the coming years. 

Importantly, the reduction in similarity over time is driven by applicant-submitted, not examiner-

added, citations. The percentage of backward citations submitted by examiners quickly approaches zero as 

the number of backward citations increases. (See Figure A5 in the Appendix). The precise mechanisms 

behind this trend are difficult to pin down with certainty. However, The Online Appendix provides an in-

                                                      
9 A common attempt to control for such changes has been to include year fixed effects in a regression analysis. However, a patent 
citation is a link between a citing patent (applied for one point in time, and issued at a second point in time), and a cited patent 
(applied for at a third point in time, and issued at fourth point in time). Many studies use the issue date of the cited patent as the focal 
point in time, but the data is actually generated by the citing patent which typically (but not always) is issued later than the cited 
patent (often by many years). Patent citations issued by patents in 2014 effectively “reach back” into the past, affecting the forward 
citation counts of earlier patents. The fact that patent citations are generated in the backward direction, but aggregated in the forward 
direction, means that the effect of time controls on regression models is not clear. Different firms, technologies, or industries can 
exhibit very different degrees of citation time lags. Including different combinations of fixed effects may be necessary (but not 
sufficient) for robustness. 
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depth discussion of the institutions and incentives that give rise to citations and presents evidence suggesting 

that the increase in quantity and reduction in similarity of applicant citations is driven by cross-citing, as 

discussed in Section 4A. 

A reduction in the technological relatedness in applicant citations over time could suggest that 

applicant citations are no longer informative – a conclusion bolstered by publicly available USPTO data. 

Internal USPTO data, however, reveals a somewhat different picture. The USPTO provides information to 

the public as to whether an applicant or an examiner submits a citation reference in a “bulk data” file 

available on its website; the indicator variable in that file, however, is misleading. In particular, the USPTO 

identifies a citation as being submitted by the examiner even if the same citation was previously submitted 

by the applicant. That is, if the patent applicant first submits a citation and then later the examiner (perhaps 

as a result of an independent search) re-submits the same citation, the bulk data identifies the citation as 

having been submitted by the examiner (not the applicant). Table 3 presents summary statistics comparing 

citation attribution in the USPTO bulk data versus internal data. Of 7.6 million citations identified in the 

USPTO bulk data as being submitted by the patent examiner, about 506,000 (or around 6.6%) were actually 

submitted first by the patent applicant and only later by the patent examiner.  

--- Insert Table 3 about here --- 

C. The Patent Examination Process 

Above we show that applicants are responsible for generating the flood of citations in recent years, 

not examiners. That is likely due to the fact that examiners search for prior art with a particular goal in mind 

– finding references to support a rejection. Moreover, patent examiners are evaluated and promoted (at least 

in part) based on the quality of their examination, and therefore the quality of their search. Because 

examiners are time-constrained and operate under a quality control system, they are incentivized to find 

relevant references, and disincentivized from spending time listing irrelevant ones. In contrast, applicants 

face strong incentives to disclosure any information known to them and essentially no disincentive to cite 

irrelevant references. We believe such incentives explain why patent examiners submit citations that are, on 
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average, more technologically related than those submitted by applicants (Figure 6). Indeed, although the 

similarity of applicant-submitted citations fell steadily from 2005 to 2014, the similarity of examiner-

submitted citations has held steady at 32% and the similarity of citations submitted by both applicant and 

examiner has been even more stable over time with an average similarity of 38%. 

To evaluate how confusion or misattribution of citations between examiners and applicants might 

affect empirical analysis, we constructed two indicators for whether a citation is examiner submitted: Is 

Examiner Citation (Bulk Data)? is an indicator as to whether the citation was flagged as examiner-submitted 

in the public bulk data file; Is Examiner Citation (Internal Data)? is an indicator from internal USPTO 

records that is coded 1 if the citation was first submitted by the examiner, and otherwise 0. When both the 

patent applicant and the patent examiner submit the same reference (regardless of who submitted it first), we 

refer to such that situation as a “duplicate citation,” as indicated by the variable Is Duplicate Citation?. For 

control variables we calculated Citation Lag as the difference in years between the filing year of the citing 

patent and the filing year of the cited patent;10 Submission Lag as the time in years between the filing date of 

the citing patent and the date on which the citation was submitted as indicated on the USPTO citation form; 

Filing Citation is a dummy variable indicating whether the citation was submitted within the first 90 days of 

the filing of the citing patent; Form Index indicates the order of the USPTO citation form containing the 

citation (the first form submitted has an index of 1, the second has an index of 2, etc.) – applicant and 

examiner forms are numbered independently. 

Table 4 presents results from five models that investigate the impact of discrepancies in the 

measurement of applicant-submitted versus examiner-submitted citations. Each citation (i.e., observation in 

the analysis) must be submitted first by either the examiner or the applicant, as indicated by the dummy 

variable: Is Examiner Cite (Internal Data)?. Each citation is classified as a “duplicate citation” if it is 

eventually submitted by both the applicant and the examiner, as indicated by Is Duplicate Citation?. The 

constant term therefore corresponds to the effect where citations are submitted only by the applicant. Across 

                                                      
10 We use filing year rather than date because the data do not include filing date for patents issued before 2005. 
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all models, applicant-only citations exhibit similarity values of between 26.1 and 27.5 percent (p<0.001); 

examiner citations are more similar than applicant citations by between 2.2 and 6.2 percentage points 

(p<0.001); and duplicate citations are the most similar category, at between 11.9 and 12.5 percentage points 

(p<0.001) more similar than non-duplicate applicant-submitted citations. These results show that a small but 

significant percentage of citations identified in the bulk data as examiner-submitted were in fact first 

submitted by applicants – a systematic violation of Assumption C1. Moreover, these duplicate citations are 

particularly relevant, with substantially higher technological similarity on average than citations submitted 

by either examiners or applicants alone. 

--- Insert Table 4 about here --- 

Table 4 also reveals new information with respect to the timing with which citations are submitted. 

Many applicant citations are submitted long after the application is filed, in successive rounds of submitting 

forms to the USPTO, where citations become less and less similar. Each additional year between patent 

filing and citation submission is associated with a reduction in Similarity of between 0.74 and 1.26 

percentage points (p<0.001), and each successive form (i.e., batch of citations received into the system at the 

USPTO) is associated with a reduction in citation Similarity of between 0.74 and 1.23 percentage points 

(p<0.001). Citations submitted at filing are between 1.72 and 3.36 percentage points (p<0.001) more similar 

than later-submitted citations. Late citation does not necessarily imply a lack of knowledge inheritance,11 but 

late submission does suggest that knowledge inheritance did not occur through the patent – which casts 

some doubt on the use of patent citations as a “paper trail” for knowledge flows. 

Finally, we observe that the higher similarity associated with examiner citations seems to be driven 

entirely by two facts: first, that citation similarity declines with the number of citations submitted; and 

second, that applicants submit so many more citations than examiners. Model 6 includes fixed effects for the 

number of citations submitted and fixed effects for the submitting party (i.e., the applicant or the examiner). 

Controlling for the number of citations submitted, applicants submit more similar citations than examiners. 

                                                      
11 For example, the applicant may have known of a technology but have been unaware of its description in a patent. 
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--- Insert Figure 6 about here --- 

Across all results, the evidence suggests that the data generating process for patent citations changed 

significantly over the last 10 years. As such, we argue that it is no longer appropriate to rely on the 

assumptions in Section 2 for high-quality empirical work. The number of citations generated per year has 

increased dramatically, the distribution of backward citations has become much more skewed, the average 

citing-cited similarity of citations has decreased significantly, and publicly available data is misleading as to 

the origination of citations (i.e., applicant vs. examiner) for the cases that are mostly likely to be influential 

to the examination process. In the next section, we illustrate some of the implications of our findings.  

5. Results from Testing Replications 

In this section, we repeat the analysis reported in several foundational articles and show how a similar 

analysis would arrive at very different conclusions today.12 

A. The Private Value of Patents 

Scholars have long used forward patent citations as a proxy for patent value (Trajtenberg 1990, 

Trajtenberg 1990, Hall, Jaffe et al. 2005). For example, Hegde and Sampat (2009) recently studied the 

relationship between forward patent citation counts and whether the applicant pays the three renewal fees 

imposed by the patent office at 4 years, 8 years, and 12 years after a patent is issued (an important indicator 

of patent value). By differentiating between applicant-submitted and examiner-submitted citations (Alcacer 

and Gittelman 2006, Alcacer, Gittelman et al. 2009) they find that examiner-submitted citations are more 

predictive of renewal fee payments than applicant-submitted citations.  

In Table 5 we perform a similar analysis. Like Hegde and Sampat (2009), we select three cohorts of 

patents for analysis. The passage of time, however, allows us to select more recent years and analyze more 

                                                      
12 The goal is to replicate the estimation strategy of the earlier study on newer, and more comprehensive data. The goal is not to 
replicate the earlier study in exactly the same way or on the same data (i.e., test whether the study was executed correctly). Instead, 
we are trying to: 1) Understand how results change if one uses more recent data, and 2) Understand how the results change if one 
changes the selection criteria based on an updated understanding of the data generating process. We are not arguing that the studies 
were incorrect at the time. Instead, our point is to show that changes in the quality, quantity, and interpretation of citations data affect 
the conclusions one would arrive at today. 
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complete data (i.e., patents issued in 2000, 2004, and 2008, instead of patents issued in 1992, 1996, and 

2000). Unlike Hegde and Sampat (2009), we count applicant and examiner citations using the more 

accurate, internal data from the USPTO that is not publicly available. Like Hegde and Sampat (2009), we 

find that on the margin, an examiner citation is a stronger indication of renewal fee payment than an 

applicant citation. In Model 1, each examiner citation is associated with a 0.2 percentage point increase in 

the likelihood of paying the first renewal fee (p<0.001), whereas each applicant citation is associated with 

only a 0.1 percentage point increase (p<0.001). Unlike Hegde and Sampat (2009), applicant citations in our 

replication are a highly significant predictor of renewal fee payments across all models, albeit with a lower 

magnitude than examiner citations. The statistical significance of this finding may not be surprising, given 

our larger sample size and more complete data. The use of internal USPTO data, however, may also play a 

role. Earlier we demonstrated that examiners frequently receive credit (in public data) for highly similar and 

influential citations that were first submitted by applicants.  

--- Insert Table 5 about here --- 

The change in the pattern of patent citations over time, however, highlights an important problem in 

comparing the magnitude of the effect of applicant-submitted and examiner-submitted citations: because the 

number of applicant-submitted citations has increased dramatically in recent years, comparing the marginal 

effect of a single forward citation is increasingly an “apples to oranges” comparison. In Models 4, 5 and 6, 

of Table 5, we log the forward citation counts to better account for such differences and find that applicant 

citations are substantially more predictive (on a percentage basis) of paying renewal fees than examiner 

citations. For example, in Model 6, a 100% increase in the count of forward examiner citations is associated 

with a 1.5 percentage point increase in the likelihood of paying the third renewal fee (p<0.001), whereas a 

100% increase in the count of forward applicant citations is associated with a 4.0 percentage point increase. 

R2 also increases when logging forward citation counts, suggesting a better fit of the model to the data. 

From this replication, we conclude that the literature has been too quick to dismiss the importance of 

applicant-submitted citations (Cotropia, Lemley et al. 2013). Instead, after accounting for the true origin of a 
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citation, applicant-first-submitted citations are an important source of information, both for the examination 

process at the USPTO and for research. 

B. The Market Value of Firms 

Hall, Jaffe, and Trajtenberg (2005) demonstrated that a count of patents, weighted by a count of 

forward citations, can be a strong predictor of firm market value. In this section, we replicate their 

estimation strategy on more recent data and evaluate whether their findings continue to hold. We selected 

patents from U.S. firms that applied for patents between 2003 and 2007 and then linked those firms to 

financial data from Compustat.13 We identified all issued patents filed by those firms in those years, as well 

as all citations made to those patents within a 5-year window following filing date of each patent 

application.14 Following Hall, Jaffe et al. (2005), we then calculated a depreciated count of forward citations 

for each firm-year, by discounting citations received in years after filing at a yearly depreciation rate of 

0.15.15 We calculated the ratio of market value to asset value (Tobin’s Q) as our dependent variable (DaDalt, 

Donaldson et al. 2003).16 Finally, we estimated the following equation for each firm-year:17  

𝑙𝑛(𝑇𝑜𝑏𝑖𝑛′𝑠 𝑄𝑖𝑡) = 𝛼 + 𝛽 𝑙𝑛 (
𝐶𝑖𝑡𝑒𝐶𝑜𝑢𝑛𝑡𝑖𝑡

𝐴𝑠𝑠𝑒𝑡𝑉𝑎𝑙𝑖𝑡
) + 𝜀𝑖𝑡 

In the early range of our analysis, we find that beta coefficients (Figure 7a) for the strength of the 

relationship between forward citation count and firm market value were at or above 0.10 – values similar to 

results in Hall et al. (2005). The strength of the relationship, however, declines considerably over time, from 

a coefficient of 0.11 in 2003 to a coefficient of 0.06 in 2008. The explanatory power of the model (R2 ) also 

                                                      
13 We thank Hanley (2015) for data on firm disambiguation to link patents to firms to financial data from Compustat. The NBER firm 
disambiguation from Hall et al (2001) is no longer valid for recent research. 
14 We also tested 6-year and 7-year windows and obtained similar results. A window of less than 5 is increasingly left-censored due 
to pendency between filing and grant; more than 7 is increasingly right-censored due to availability of data. 
15 All forward citation counts suffer from rightward truncation bias because some unknown number of forward citations could be 
generated by patents that have not yet issued. Our method of addressing this issue differs somewhat from Hall et al. (2005). Whereas 
Hall et al. (2005) used existing citations to predict citations that had not yet been received, we believe that recent changes in the 
citation generating process render such an approach invalid today, and precludes a like-to-like comparison across different firm-year 
observations. Instead, we simply restrict the forward citation count to those citations received within a 5-year window following the 
filing date of each patent application. 
16 DaDalt et al. (2003) demonstrate that calculation of Tobin’s Q can induce sample-selection bias due to data unavailability and row-
wise deletion from the sample. We therefore calculated a simplified approximation of Q, defined as the market value of common 
stock + book value of total assets – book value of common equity, all divided by the book value total assets, and calculated from 
Compustat variables as Q = ( (PRCC_F * CSHO) + AT - CEQ) / AT. 
17 Subscripts for firm i, year t. Our estimation accords with bottom half of column three, Table 2 in Hall et al. (2005).  
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falls (Figure 7b), from an R2 of 0.18 in 2003 (again similar to results reported by Hall et al.) to a low of 0.07 

in 2008. Table A1 in the Appendix presents the regression results in tabular form. 

--- Insert Figure 7 about here --- 

From this replication, we conclude that the relationship between forward citation counts and firm 

market value appears to have attenuated considerably over time. Although it may be too soon to say exactly 

why the relationship between forward citation counts and firm market value has lost such predictive power 

over time, the changes that we document certainly are not helping. 

C. The Geographic Localization of Knowledge Spillovers 

Jaffe, Trajtenberg, and Henderson (1993, henceforth “JTH”) used patent citations to demonstrate that 

knowledge spillovers are geographically localized to a greater extent than one would expect from the prior 

distribution of inventive activity. Their identification strategy matched a sample of patent citations (citations 

going to an “originating” set of patents), to a counterfactual sample of non-citations (a selected set of patents 

that did not cite those patents), and then compared the difference between the localization of citations and 

the localization of matched non-citations.18 The econometric design of JTH has been challenged on the basis 

that the selection process for the JTH control underestimates factors that would lead inventors to co-locate, 

even in the absence of spillovers (Thompson and Fox-Kean 2005). However, setting aside questions about 

the quality of the JTH control, it is important to stress that results from JTH depend on the core assumption 

that patent citations are an unbiased indicator of knowledge spillovers in the first place. If citations do not 

indicate knowledge spillovers, then no degree of improving the matching procedure can un-bias the result. 

The great majority of empirical research in the tradition of JTH continues to assume that patent citations 

represent actual knowledge spillovers19 (i.e., almost all research in this vein relies on a combination of 

Assumptions A2, B1, and C1).  

In this section, we replicate the JTH methodology on newer data and test the assumption that a simple 

                                                      
18 The measurement of “colocation” requires a geographic boundary. JTH estimated colocation rates at the national, state, and 
consolidated-MSA levels. We estimated colocation at the MSA level. 
19 It should be noted that Thompson (2006) differentiates between citations, assuming that applicant-submitted citations can proxy for 
spillovers while examiner-submitted citations can proxy for control.  
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selection of patent citations can be used as an unbiased indicator of knowledge spillovers. We do this by 

comparing the geographic localization rates of a full JTH analysis (on newer data) to an analysis of citations 

that would appear, prima facie (from better data), to be more likely to actually be spillovers. Our purpose is 

not to estimate the true localization rate of knowledge spillovers (doing so would also require addressing 

concerns about the control, which is beyond the scope of this paper); rather, our purpose is to demonstrate 

that the violation of assumptions identified earlier in this paper have caused the empirical patent literature to 

substantially over-estimate the magnitude of knowledge spillovers.20  

Our replication proceeds as follows. First, we set up two analyses of patent citations made to 

originating patents every five years from 1975 to 2010: (1) a “conventional analysis” that selects all citations 

to originating patents (plus a standard JTH matched counterfactual set of non-citations); and (2) an 

“improved analysis” that selects only those citations that are more likely represent a true spillover (plus a 

standard JTH matched counterfactual set of non-citations). For the conventional analysis, we selected all 

citations by U.S. firms, excluding self-citations. For the improved analysis, we selected all citations by U.S. 

firms, but then excluded several groups of citations, including: (1) self-citations, (2) citations identified in 

the USPTO internal data as being submitted by an examiner, (3) citations made by patents citing more than 

20 references, (4) citations submitted more than one year after the citing patent was filed, (5) citations 

submitted after the initial submission of prior art, and (6) extremely high-Similarity citations above a value 

of 97.5.21 For both analysis, we limit forward citations to a five-year window,22 stop the analysis in 2010, and 

include citations to pending patent applications. 

To better understand how well the selection procedures described above identify knowledge 

spillovers, Figure 8 plots the textual Similarity between citing and cited patents for the conventional 

                                                      
20 Thompson and Fox-Kean (2005) challenged the validity of the control structure for JTH, while holding treatment fixed. Our 
replication challenges the validity of treatment, while holding control fixed. Doing so allows us to examine the effect of changing 
patent citation, but it does not allow us to accurately estimate a true effect for knowledge spillovers. 
21 Manual inspection indicates that citations with a Similarity score over 97.5 either share an inventor (and thus are not “spillovers”) 
or are self-citations that were missed due to ambiguities in patent assignment and firm disambiguation. 
22 We select a 5-year forward window and stop the analysis in 2010 in order to limit the effect of rightward truncation bias. If all 
citations are used, then the distribution of citation time-lags would trend downward by cohort, as cohorts advance from 1976 to the 
present, due to the increasing rightward truncation of patent citations. JTH did not face this problem and did not estimate effects for 
cohorts over time, as they examined only one “originating” cohort in 1975. 
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analysis, and for the improved analysis. The difference between the two distributions is stark: at the low end 

of the distribution, the conventional approach selects many more citations of very low Similarity than the 

improved approach;23 at the high end of the distribution, the conventional approach selects many more 

extremely high Similarity citations than the improved approach.24 These differences support the argument 

that the “improved approach” adjusts the sample in the right direction, making it more likely that the 

“improved approach” captures more true knowledge spillovers, and less noise.  

--- Insert Figure 8 and Figure 9 about here --- 

To better understand whether the estimation of spillovers from patent citations may be biased, we 

compare results from the conventional analysis to results from the improved analysis. If the conventional 

analysis is not biased, then removing noise from the proxy (i.e., estimating the effect from a selection of 

citations that are more likely to capture true knowledge spillovers) presumably should not affect the results. 

However, if the results are affected, then the direction of change would indicate the direction of bias. 

Moreover, substantial attenuation of the effect towards zero would challenge the view that the conventional 

analysis captures a true spillover effect. Figure 9 plots the results of this comparative analysis.  

In Figure 9a, we observe that the rate of geographic colocation for patent citations in the conventional 

analysis trends upward over time, going from a colocation rate at the MSA level of 3.9% in 1976, to 6.4% at 

the end of the analysis, for a proportional increase of 62%; the colocation rate for citations in the improved 

analysis, however, remained more consistent, going from 4.3% in 1976, to 4.7% at the end of the analysis, 

for a proportional increase of 10%. The divergence in Figure 9a suggests that bias in the estimation of 

colocation rates may have increased over time.  

To fully understand the substantive effect of these results, however, one must consider the rates in the 

context of the matched research design, and the estimation of the average treatment effect (ATE) that results 

from removing the colocation rate of the control. One way to visualize the ATE is to plot the ratio of the 

                                                      
23 As discussed in Section 4A and the Online Appendix, very low Similarity citations are disproportionately generated by applicants 
that over-disclose and submit citations that the firm comes across tangentially.  
24 Extremely high Similarity citations typically share an inventor or are from the same firm, and thus are not spillovers. 
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colocation rate of citations to the colocation rate of non-citation controls. A ratio of 1 : 1 would indicate no 

effect – the colocation rate of citations (i.e., the presumed spillovers) is the same as the colocation rate of 

control non-citations (i.e., the prior distribution of inventive activity). Figure 9b therefore plots this 

comparative ratio for cohorts over time. The ratio between colocation rates for the conventional analysis 

(again at the MSA level) varies overtime, but averages around 3.9 : 1.25 For the improved analysis, however, 

we find that the ratio between colocation rates at the MSA level starts at 3.1 : 1, but then falls to a low of 

1.7 : 1. In particular, it appears that the drop off in the ratio of colocation rates for the improved analysis may 

accelerate over time.  

Overall, we conclude that the JTH approach likely overstates the true magnitude of the geographic 

localization of knowledge spillovers when the method is applied today, in today’s institutional environment, 

and on today’s data. Specifically, we document bias in how patent citations are selected and used to proxy 

for treatment. The JTH method, of course, may also suffers from problems with finding an appropriate 

control (Thompson and Fox-Kean 2005). We believe that future research in this vein will have to find new 

ways to address both problems (problems with selecting the treatment, and problems with selecting the 

control) if such research aims to accurately estimate knowledge spillovers from patent data. 

D. Strategic Manipulation of the Patent Process 

Lampe (2012) argues that firms strategically withhold 21 to 32 percent of relevant prior art citations 

from the patent office, in violation of their legal duty to disclose such information. Because the decision to 

grant a patent and the scope that a patent is awarded both depend on identifying prior art, a firm that 

strategically withholds patent citations might gain more patent protection than it is due (although it would 

also run a greater risk of such patents being invalidated at a later date). If accurate, Lampe’s argument 

suggests that systematic withholding of patent citations may be leading to substantial differences in patent 

protection between firms.  

                                                      
25 A direct comparison to JTH is difficult because JTM use an amalgam of MSA, consolidated SMSA, and phantom SMSAs for rural 
areas by states. Because the rate of colocation increases (by definition) as boundaries increase (until all observations are collocated 
on planet Earth), results from JTH at the consolidated SMSA level are at a larger scale with a higher expected rate of colocation. 
Nevertheless, JTH report results with a ration of colocation rates of around 7:1. 
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In this section, we replicate Lampe’s argument using new data and different assumptions that are in 

line with our findings from Section 4. Lampe (2012) defines a citation as being “strategically withheld” if it 

meets two criteria: First, the citation is cited in a focal patent by the patent examiner; and Second, the 

citation is cited in a different patent that is owned by the same firm and issued in a year prior to the focal 

patent. Table 6 revisits Lampe’s analysis and re-evaluates the evidence. From internal USPTO data, we 

select all citations from 2001 to 2014 that meet Lampe’s broadest definition of strategic withholding. We 

find that 18.1% of citations in the sample, although identified in the USPTO bulk data as being examiner-

submitted, were in fact first submitted by the patent applicant when considering internal USPTO data. 

Further, we find that 14.1% of citations in the sample were first submitted in the focal patent rather than a 

different patent. Because applicants can submit citations long after a patent application is filed, the fact that 

Patent A issued prior to Patent B does not necessarily imply that a citation submitted in Patent A was 

submitted to the patent office prior to a citation submitted in Patent B. Together, these results show that 

30.0% of citations under Lampe’s broadest definition of “strategically withheld” were not in fact withheld.  

--- Insert Table 6 about here --- 

Applicants also may need time to review citations that are unearthed in one application before they 

can provide them to the patent office in another application. Allowing applicants at least a year to perform 

this administrative task seems reasonable given the slow pace of patent examination (typically several years) 

as well as the burdens of reviewing many thousands of citations made across even a modestly sized patent 

portfolio. We find that another 14.8% of citations in the sample were likely not withheld when one allows 

for this administrative delay. Finally, applicants sometimes submit no citations at all (perhaps due to a lack 

of diligence) and at other times submit more than 100 citations (likely too many to review with great care). 

Either situation may be problematic, but neither suggests that an applicant has chosen to strategically 

withhold particular citations. Together, these conditions total 26.3% of citations in the sample. In sum, 

65.3% of citations that meet Lampe’s broadest definition of strategic withholding were in fact probably not 

withheld, when considering the totality of the circumstances as shown in the data. And for the 34.7% of 
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citations in the sample for which we can identify no specific problems, many of them could easily have been 

not disclosed for some other legitimate reason such as lack of inventor involvement in the patent application 

process, lack of communication between an attorney and an inventor, or “information overload” from 

having too many references to review and coordinate across a portfolio (Kuhn 2011). 

Overall, we conclude that in contrast to the findings of Lampe (2012), the data do not support a 

finding of widespread strategic withholding of citations by patent applicants. Collectively, the results in 

Section 5.D show that employing more complete citations data and considering the practicalities and 

patterns at play in citation submission lead to a substantially different interpretation. 

E. The Use of Citations in Future Work 

In sections above, we investigate corrections to how patent citations can be used to predict the private 

value of patents (Hegde and Sampat 2009), the market value of firms (Hall, Jaffe et al. 2005), and the 

geographic colocation of knowledge spillovers (Jaffe, Trajtenberg et al. 1993). In each analysis, we show 

how taking into account the changing pattern in patent citations over time can lead to different conclusions 

from those reported in well-known studies. The exercises, however, also show how a one-size-fits-all 

correction is complicated by the many ways that patent citations are used to measure different phenomena, 

at different levels of analysis.  

At the citation level, scholars have used individual patent citations as an unbiased indicator of 

knowledge spillover (Jaffe, Trajtenberg et al. 1993). Although that assumption may hold for an average 

citation made by a patent issued in 1990, we show that changes in the data generating process cast doubt on 

whether the assumption is warranted today. In Section 5.C, we proposed new selection criteria for 

identifying citations that are more likely to indicate an actual knowledge spillover. Future work at the 

citation level may benefit from selecting more representative citations for analysis, although the particular 

criteria for each sample selection may depend on the research question and a consensus built up through 

future research.  

At the patent level, scholars have aggregated forward citations to measure private patent value and 
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often emphasize citations submitted by the patent examiner as being more meaningful (Hegde and Sampat 

2009). Using more comprehensive data, we present evidence that the relationship between forward citation 

counts and private patent value continues to hold, but that applicant citations are substantially more 

impactful than examiner citations when considered on a percentage basis and when using more detailed 

internal data from the USPTO. Future work at the patent level may need better public data and model 

specifications that account for the highly-skewed nature of patent citations. 

At the firm level, scholars have weighted patent counts by the count of forward citations to proxy for 

firm market value (Section 5.B). We present evidence that this relationship has weakened over time, but we 

do not know exactly why. In unreported results, we found that attempting to correct patent citation counts by 

weighting for textual similarity, collapsing to patent families, and following selection criteria as described in 

Section 5.C, did not improve predictability. Future work at the firm level may need to explore new methods 

and measures for modeling the market valuation of patents and other intangible assets (see Lev 2000). 

Based on all of the above, we have concluded that a simple and general correction for patent citation 

counts may not exist. Instead, as demonstrated by the replication exercises in Section 5, we believe that 

different phenomena require different empirical techniques. Even within a particular analysis, corrections 

such as focusing on examiner citations or using fixed effects for time are unlikely to address the entire 

problem, and may only introduce a different bias. For example, collapsing citation counts to patent families 

generates counts that vary based on filing strategies and how inventions are divided into patent applications. 

Similarly, weighting patent citations by textual similarity risks undercounting cases where inventors have 

learned from distant technologies – often a particularly important type of learning. Selecting citations based 

on the phenomenon of interest provides a promising avenue for future work. However, patent citations 

already are selected by their very nature, and a selection-based correction therefore imposes a second 

selection process on top of the original one. A concern running across all of these approaches is that both the 

problem and the solution are moving targets in time and it is difficult to know whether an (even imperfect) 

correction today would remain valid tomorrow. 
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6. Conclusion 

Scholars have long used patent citations for empirical analysis in economics. In this paper, we have 

reexamined many of the commonly-held (but implicit) assumptions that underlie the use of patent citations 

to proxy for a phenomenon of interest. We have argued that many of these assumptions are no longer valid. 

Although backward patent citation counts have always been skewed, the distribution has become even less 

representative over time. Moreover, whereas an average citation from a patent in 1995 was likely to be 

highly informative, an average citation from a patent in 2015 is likely to be mostly noise. These changes in 

the data generation process for patent citations present significant problems for an applied economist, and 

the use of long-accepted methods of analysis now pose risks of generating invalid results.  

While we have shown that these issues have important consequences for empirical research, we 

believe that a simple correction for all empirical contexts is unlikely to work reliably. Instead, scholars will 

have to determine the appropriate criteria for each analysis in order to most accurately reflect the 

phenomenon of interest. To support these efforts, we make much of our data and programming code 

publicly available on our websites for others to use. 
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Tables and Figures 

Table 1: Summary statistics.  

(a) Variable Definitions 

 
Notes: The unit of the analysis is a citing-cited citation dyad. The sample includes all citations made by patents issued 2005-2014 found in either USPTO bulk 
data or USPTO internal data. 

 

(b) Variable Correlations 

 
Notes: The unit of the analysis is the citation. The sample includes all citations made by patents issued 2005-2014 found in either USPTO bulk data or USPTO 
internal data. 
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Table 2: OLS estimates of citation similarity over time.  

 
Notes: The dependent variable is citation similarity. The sample includes 1 million patent citations made by patents issued between 1976 and 2014, with 
citations randomly selected from USPTO bulk data. Uncontrolled citation similarity declined significantly during the time period (Model 1), but increased 
slightly when including fixed effects for backward citation count (Model 2) and when controlling for the log of backward citation count (Model 3). Importantly, 
Model 2 includes fixed effects for each integer count of backward citations and not for categories of backward citation counts. In unreported results, the 
coefficients are substantially to those in Model 2 and Model 3 when running a subsample analysis limited to each of the four categories of patents identified in 
Figure 1 (i.e., having 0-20, 21-100, 101-250, 250+ citations). Standard errors in parentheses. Two-tailed tests: ***p<0.001, **p<0.01, *p<0.05. 

Table 3: The attribution of patent citations – public data vs. internal data.  

 
Notes: This table compares the attribution of patent citations between USPTO public XML bulk data downloads and USPTO internal data taken directly from 
application forms. The sample includes each citation (1) made by a patent issued between 2005 and 2014 and (2) that appears in both the USPTO bulk data files 
and the internal USPTO citation submission data. The Applicant and Examiner columns indicate the attribution of the citation in the USPTO XML files. The 
Source rows indicate how the citation appears in the raw USPTO citation submission forms. For example, a citation listed as “Applicant first” was initially 
submitted by an applicant but was later submitted by the patent examiner, according to the raw USPTO citation submission forms. Each citation-source dyad is 
represented once in the table.  

Table 4: OLS estimates of citation similarity by citation characteristic.  

 
Notes: The dependent variable is the similarity of citing-cited pairs of patent citations, as measured by the Vector Space Model. The sample includes 1 million 
randomly selected citations that (1) appear in both USPTO bulk data and internal USPTO citation submission forms and (2) were made by a patent issued 
between 2005 and 2014. Across all models, an increase in the lag between application file and citation issuance is associated with decreased citation similarity. 
Citations submitted by both the applicant and the examiner (i.e., duplicate citations) have substantially higher citation similarity, whereas an increase in 
backward citation count and an increase in the time between the issuance of the citing and cited patent are both associated with decreased citation similarity. 
Model 6 includes fixed effects for the number of citations submitted for the citing patent by the citing party (i.e., applicant or examiner) – controlling for the 
number of citations submitted, applicants submit more similar citations. Standard errors in parentheses. Two-tailed tests: ***p<0.001, **p<0.01, *p<0.05. 
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Table 5: OLS estimates of paying the renewal fee at 4, 8, and 12 years.  

 
Notes: The dependent variable is whether the renewal fee is paid at 4, 8, and 12 years after a patent is issued. All models are OLS linear probability models with 
(corrected) main class fixed effects. The sample includes all citations that (1) appear in internal USPTO citation submission forms and (2) were made by a 
patent issued between 2005 and 2014. The forward citation counts are unlogged in columns 1-3 and logged in columns 4-6. The data include citations from 
USPTO bulk data and USPTO internal data. Some citations appear in one of these data sets but not in the other. In unreported results, we re-ran the analysis 
while limiting the sample to include only citations made by patents for which every backward citation is included in both data sets. For each model, the sign and 
significance of each coefficient is the same, and the magnitudes of most coefficients are quite close. Standard errors in parentheses. Two-tailed tests: 
***p<0.001, **p<0.01, *p<0.05. 

Table 6: A re-evaluation of the evidence for “strategically withheld” citations.  
 

 
Notes: The sample includes all citations that (1) appear in both USPTO bulk data and internal USPTO citation submission forms, (2) that were made by a patent 
issued between 2005 and 2014, (3) that were listed as examiner-submitted in the USPTO bulk data, and (4) that were also made in a different patent (a) that 
issued in a year prior to the focal patent and (b) owned by the same firm as the focal patent. 
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Figure 1. Total citations made by year, divided by  

number of backward citations made by citing patent. 

 
Figure 2. Mean and inner-quartile range of Similarity for citations 
by citing year. Dot-dashed line plots OLS estimate of Similarity 

controlling for count of backward citations. 

 
(a) Percentage of patents 

 
(b) Percentage of citations. 

Figure 3. Area plot of citations by backward citation count of citing patent over time. 

 
Figure 4. Lorenz curves of cumulative proportion  
of patents by backward citation count, by year. 

 
Figure 5. Mean and inner-quartile range of Similarity for  
citations by count of backward citations by citing patent. 
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Figure 6. Mean citation similarity over time for  

citations from applications, examiners, both. 

 
Figure 8. Similarity density for a conventional and  

improved selection of citations to indicate spillovers. 

 

 
(a) Magnitude of association between 5-year  

patent forward citations and Tobin’s q. 

 
(b) Proportion of variance explained in  

Tobin’s q by 5-year patent forward citations. 

Figure 7. Forward patent citations and firm market value. 

 
(a) Rate of geographic colocation of citations,  

for all citations versus likely spillover citations. 

 
(b) Ratio of geographic colocation rates,  

for all citations versus likely spillover citations. 

Figure 9. Geographic colocation and knowledge spillovers. 
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Appendix 

Publication citations. Publication citations constitute a large and growing portion of patent citations. As 

shown in Figure A1, nearly 25% of citations made by patents issued in 2014 were to a published patent 

application, not an issued patent. Moreover, as shown in Figure A2, the mean similarity between the citing 

and cited reference is much higher for citations made to publications than to issued patents. Thus, these 

commonly omitted publication citations are on average much more technologically similar than citations to 

issued patents. 

Self-Citations. Applicants also submit citations to prior patents (or applications) by the same applicant 

(“self-citations”). Figure A4 reports the breakdown between self-citations and all other citations. The 

variable Is Self Citation? indicates whether the citing and cited patents were assigned to the same firm at the 

time they are issued. Self-citations make up 7% of our sample. Although self-citations may be cross-cited, 

such multiplicity is not necessarily spurious. Instead, frequent self-citations may indicate instances in which 

the applicant builds upon prior innovation. In Figure A3, we find that self-citations are on average more 

similar than citations to others’ inventions (approx. 45% for self-citations, relative to approx. 25% for all 

other citations, in 2014) and that they are not subject to the same decline in similarity over time. Although 

self-citation similarity declined somewhat prior to 1995, similarity held relatively constant after that date. 

The Share of Applicant vs. Examiner Citations. The percentage of citations submitted by the applicant 

is highly dependent on the total number of backward citations. As shown in Figure A4, the percentage 

quickly approaches zero as the number of backward citations increases. 
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Figure A1. Area plot of percentage of citations  

made to patent publications, issued patents, or both. 

 
Figure A2. Similarity of citations  

made to publications versus issued patents. 

 
Figure A3. Similarity of self-citations  

versus other citations. 

 
Figure A5. Percentage of examiner citations  

by patent-level backward citation count. 
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