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the impact of research papers on both patents and software repositories. With a
computational social science approach, we collected, curated, and analyzed a
large-scale dataset of 200K papers published between 1980 and 2022 across the
research areas of Al, Computer Vision, Data Mining, Databases, HCI, and NLP, including
conferences like NeurlPS, ICML, ACL, CVPR, CHI, KDD, and The Web Conference. We
found that, on average, 7.1% of papers from these venues became patents and 11.6%
went into repositories—significantly higher than top general science journals (3.8%
for patents and 0.02% for repositories). Despite being a minority, these papers have
received a disproportionate number of citations—4% of Al papers became patents,
and 18% went into repositories, yet they have received 29% and 42% of the area’s
academic citations, respectively. However, after correcting for papers published at
different times with survival analysis, we found that there is a significant time lag
between patents or repositories and papers (10-15 years for patents, 5 years for
repositories in Computer Vision and NLP, and even longer for top general science
journals at 30 years). As for consistent trends, Deep Learning has become
exponentially popular, and “papers with code” are becoming the norm. Finally, we
showed that a paper’s publication venue and the extent to which a paper builds
upon (un)conventional knowledge determine the impact on patents and
repositories, with greater conventionality predicting impact on patents, and lesser
conventionality predicting impact on repositories.
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1 Introduction

The impact of research on innovation is often measured by the amount of scientific knowl-
edge that is ‘transferred’ to produce novel products and services [1-4]. Typically this im-
pact is measured through bibliometrics and network science, both of which require a
combination of heterogeneous data to understand the dynamics and impact of scientific
research [4]. In practice, Semantic Scholar [5] and Microsoft Academic Graph (now Ope-
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nAlex [6]) have been used [2] to model citations among millions of research papers using
tools such as Grobid [7] to generate bibliographic data and Crossref to cross-reference
them [8]. By analyzing 70 thousand patent citations to premier Human-Computer Inter-
action (HCI) research venues, Cao et al. [2] found that HCI research has a significant im-
pact on innovation, with systems-oriented research being the most highly cited by patents.
More broadly, by analyzing 4.8 million U.S. patents and 32 million research papers, Ah-
madpoor et al. [9] found that nanotechnology and computer science were among the fields
closest to patents. It has also been observed that high-impact science is primarily built
upon a combination of well-established ideas and some new, and unconventional ideas,
emphasizing the importance of striking a balance between the two [10].

However, this body of literature may overlook another crucial aspect of research im-
pact, that is, its influence on software development. A relatively small body of literature
has explored the characteristics of influential code repositories, similar to the study of
influential accounts on social media [11]. This literature found that influential reposito-
ries on GitHub are, unsurprisingly, those with high numbers of followers [12, 13], which,
in turn, tend to guide others towards new software projects [14, 15]. In the contempo-
rary research landscape, the interplay between academia and development is becoming
increasingly important, with the potential to drive innovation and spur technological ad-
vancements. Hence, it is important to quantify the full extent of research papers’ impact
on both innovation and development while considering a broader spectrum of influential
factors.

To partially address these gaps, we explore the factors that contribute to the impact of
scientific papers, aiming at gaining a comprehensive understanding of the two pathways
through which research can influence innovation and development. Drawing upon pre-
vious literature [2, 9, 10, 16], we ask questions about factors related to temporal aspects,
the distribution of topics, authors’ affiliations, and the extent to which papers draw upon
(un)conventional knowledge. These questions are not typical research questions with hy-
potheses but rather focus on the factors that make research papers impactful. The sim-
plicity hides substantial work on cross-referencing a variety of datasets (which have never
been cross-referenced at this scale). In answering these questions, we made two main con-
tributions:

1. We collected and curated a large-scale dataset of 200,000 research papers published
between 1980 and 2022 across the research areas! of Al, Computer Vision, Data
Mining, HCI, and NLP (Sect. 3). This dataset contains 85,000 citations between
these papers and United States Patent and Trademark Office (USPTO) patents, and
350 million stars and forks of the GitHub repositories associated with these papers.
Using this dataset, we developed a set of five metrics that capture the amount of
research impact on patents and repositories, its time evolution, and the main
factors that shape it, including scientific topics, authors’ institutions, and papers’
conventionality.

IThese areas were selected among the fifty-six subcategories within Google Scholar’s “Engineering and Computer Science”
category, and they are considered foundational to modern Computer Science with their papers impacting many disciplines
(e.g., drug discovery and protein folding [17]). However, this classification puts NLP, Computer Vision, and Al separately.
Although there is an overlap, for example, in multimodal AI systems combining language and vision, Google Scholar’s
classification considered these three areas to maintain distinct identities due to unique challenges and data types they
handle. At the same time, our selection criteria and the focus on specific venues may introduce biases, particularly in
terms of the overrepresentation of highly cited papers and the underrepresentation of niche subdomains. To partly tackle
that, we included a comparative sample of average (papers from venues with lower h-index) computer science papers.
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2. We found that a small number of highly-cited papers went into (were cited by)
patents or into (were linked by) repositories (Sect. 4). Overall, 9% of them went into
patents and 11% into repositories, but with a significant time lag for this
translational impact. This lag goes from 2 to 30 years for patents, and for
repositories, it is either 1 year or the paper does not go into a repository at all. Also,
the extent to which a paper builds upon (un)conventional knowledge determines its
impact on patents and repositories, with greater conventionality being associated
with patents, and lesser conventionality with repositories.

In light of these results, we discuss the implications of our work for future quantitative

analyses and modeling of the impact of research papers on society (Sect. 5).

2 Related work
The computing field continually advances through specialized tasks such as language gen-
eration and pattern recognition. Conferences like NeurIPS, ICML, ACL, CVPR, KDD,
CHI, and The Web Conference (Table 4, Appendix) stand as vital hubs for knowledge ex-
change across various computational domains, with their papers significantly influencing
the modern technological advancements.

The interplay between these research outputs and their subsequent impact on gener-
ation of patents and software repositories has been explored, but these two have been

mainly studied in isolation.

Impact of research on innovation It is often measured by the amount of scientific knowl-
edge that is ‘transferred’ to produce novel products and services [2, 3]. Two typical ways
of measuring this impact are through bibliometrics and network science, both of which
require a combination of heterogeneous data.

Semantic Scholar [5] and Microsoft Academic Graph (now OpenAlex [6]) have been
used [2] to model the citations among millions of research papers. That was achieved by
using: Grobid [7] to generate bibliographic data; Crossref to cross-reference such data [8];
and bespoke tools to ultimately match such data with innovation metrics [18].

More recently, by analyzing 70K patent citations to premier HCI research venues, Cao
et al’s [2] study found that HCI research has a substantial impact on innovation, partic-
ularly with systems-oriented research being the most frequently cited by patents. Tijssen
[19] examined the impact of Dutch-authored research papers on international inventions,
emphasizing the complex dynamics of knowledge flows, including indirect links between
research and innovation. Despite similarities with our work, their method relied primarily
on simple bibliometric counting methods, which may not fully capture the extent of these
indirect impacts.

The field of scientometrics, leveraging tools from network science, provides a quanti-
tative approach to understanding the dynamics and impact of scientific research [4]. By
analyzing 4.8 million U.S. patents and 32 million research papers, Ahmadpoor and Jones
[9] found that mathematics was the field most distant from patents, while nanotechnology
and computer science were among the fields closest to them. Mariani et al. [20] analyzed
the U.S. patent citation network from 1926-2010, and introduced the rescaled PageR-
ank metric, which proved more effective in early identification of historically significant

patents than traditional citation counts. Similarly, Park et al. [21] examined six decades
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of data across 45 million papers and 3.9 million U.S. patents, and found that recent pa-
pers and patents are more closely following established trends in science and technology,
making it less likely to break from a field’s traditions and forge new research directions.

Impact of research on development The impact of research on development remains rel-
atively unexplored. However, a body of literature has explored the characteristics of influ-
ential code repositories, similar to the study of influential accounts on social media [11].
This literature found that influential repositories on GitHub are, unsurprisingly, those with
high numbers of followers [12, 13], which, in turn, tend to guide others towards new soft-
ware projects [14, 15].

Research questions In summary, our study seeks to address existing research gaps by
conducting a comprehensive analysis to assess the impact of research on both innova-
tion and development. For the purposes of this study, we define innovation as the process
of translating research findings into new technologies, products, or methods that create
significant advancements in a field. Development, on the other hand, refers to the sub-
sequent stage where these innovations are refined, scaled, and integrated into practical
applications, including commercial products, industrial processes, or societal implemen-
tations. Drawing upon previous literature [2, 9, 10, 16], we set out to understand the fac-
tors that make research papers impactful, including temporal aspects, the distribution of
topics, authors’ affiliations, and the extent to which papers draw upon (un)conventional
knowledge. More specifically, we formulated five key questions:

Qp: Impact. What is the impact of papers on patents and repositories?

Q2 Time. How long does it take for papers to have an impact?

Qs: Topics. Which topics determine the impact?

Qg Institutions. Which institutions produce impactful papers?

Qs: Conventionality. How does combining conventional and unconventional knowledge

in papers affect their impact?

3 Methods

3.1 Data collection

Papers We collected 200 million papers from Semantic Scholar’s [5] May 2023 release,
and filtered them based on three criteria. Papers were retained if they: a) had comprehen-
sive metadata fields, including ‘venue; ‘title; ‘year; ‘citation count, ‘citations; ‘DOI, ‘ArXiv
id; and ‘authors’; b) were published between 1980 and 2022; and ¢) were written in the

English language. This filtering yielded a dataset of 50 million papers.

Patents We collected 15 million USPTO patents from the Google Patents Public Dataset,
filed between 1980 and 2022. For each patent, we extracted relevant attributes using Big-
Query [22], including publication number, country code, publication date, inventor data,
abstract, title, and non-patent citations.

Repositories  We collected 1 million papers from “Papers With Code” [23] that had at
least one link to a GitHub repository.

To allow for reproducibility, we made our data and code publicly available: https://social-
dynamics.net/impact and discuss the data sources in detail in Appendix B.
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3.2 Data preprocessing

We first extracted citations by matching papers referenced in patents with the Semantic
Scholar metadata. We then identified and matched the titles of the venues under study
(Table 4, Appendix), and filtered the dataset based on this selection.

Retrieve citations in patents To link Semantic Scholar’s papers metadata and USPTO
patents, we faced a challenge: patents cite documents using varied plain text formats with-
out consistent document identifiers, apart from other cited patents. To systematically ex-
tract the title and author data from these references, we used the deep-learning frame-
work Grobid [7]. For data retrieval efficiency, we indexed both Semantic Scholar papers
and references within USPTO patents by the first letter of the author’s last name and the
initial letter of the paper’s title. Titles from both sources were then embedded using the
Sentence-T5 model [24].

After embedding, we executed pairwise comparisons within each indexed group, char-
acterized by the initial letter of the author’s last name and the title’s first letter. Cosine
similarity was used to identify potential title matches by applying the elbow rule on the
similarity curve to set a distance threshold at 0.06 (Appendix, Fig. 7a). To ensure preci-
sion, we cross-referenced author names from Semantic Scholar with those in patent refer-
ences using the Levenshtein distance metric as suggested by Marx and Fuegi [25]. We set
a similarity threshold above 0.8 for this comparison using an elbow strategy (Appendix,
Fig. 7b). Our method overcomes the shortcomings of two alternative methods: the rule-
based scoring technique [25] and a pure machine learning-based approach [8]. The former
comes with reproducibility issues and adaptability to new datasets [26], while the latter is

not scalable, given the extensive pairwise comparisons.

Select research areas To ensure comprehensive coverage, we selected venues from six
core Computer Science areas using Google Scholar’s classifications: Artificial Intelligence
(Al); Human-computer interaction (HCI); Natural Language Processing (NLP); Database
& Information Systems; Data Mining & Analytics; and Computer Vision.

For comparative analysis, for each area, we included ten highly-ranked venues based on
Google Scholar’s h5 index.? Papers from these venues account for over 88% of all citations
within each area (Fig. 6, Appendix). These areas were benchmarked against two reference
areas: average Computer Science and top General Science. For the average Computer Sci-
ence, we randomly selected ten venues from the top 10 listings in other Computer Science
venues, and for the top General Science, we selected the ten most impactful venues, in-
cluding Nature, Science, and Lancet. The full list of venues and statistics is provided in
Table 4, Appendix. Finally, we manually matched the titles of these venues with any alter-

native titles found on Semantic Scholar.

Final datasets statistics ~After excluding papers from the comparative groups (i.e., aver-
age Computer Science and top General Science), we were left with 200,000 papers. We
excluded benchmarks, tutorials, surveys, and other non-research-oriented publications,
which are unlikely to end up in patents or repositories. Of these, 28,000 went into patents

2Google Scholar defines the h5 index as the h-index for publications from the past five full years. It represents the highest
value of h for which there are h papers released between 2018 and 2022, each receiving no fewer than h citations.
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Table 1 Variables used in the analysis

Variable Description

P Set of patents in the corpus (1980-2022, USPTO).

R Set of repositories in the corpus (2008-2022, GitHub).

X Generic set of citing entities; could be P or R.

u Set of papers in the corpus (1980-2022, written in the English language).
H Set of papers from the venues under study.

H Set of papers not from the venues under study.

Cin(y) Set of papers associated with a document y (@another paper or a patent).
Cout (L) Set of documents (among papers and patents) citing paper u.

HIX Set of papers in H that went into patents or into repositories.

(H] XY Set of papers in H that did not become patents or go into repositories.
H | X Set of papers in H' that went into patents or into repositories.

X|H Set of patents or repositories that cite papers in H.

UlH Set of papers that cite papers in H.

r(H) Proportion of papers in H that went into patents.

rH') Proportion of papers in H' that went into patents.

(AI: 21.8%, Computer Vision: 30.5%, Data Mining: 9.3%, Database: 20.4%, HCI: 5.9%, NLP:
12.2%) and 34,000 went into repositories (Al: 38.8%, Computer Vision: 28.7%, Data Min-
ing: 5.2%, Database: 5.4%, HCI: 0.4%, NLP: 21.6%).

3.3 Metrics

Our metrics target either patents or repositories. For simplicity, when discussing either,
we use the variable X to indicate one of the two sets. A list of the symbols used is provided
in Table 1.

Impact We use citations from patents to measure a paper’s impact on innovation, and the
creation of a GitHub repository to measure the impact on development. We used a Z-test

to evaluate the difference between r(H | X) and r(H' | X), defined as follows: r(H) = %,

and r(H') = ‘(1‘{];',)‘(” , where H is the set of papers from the venues under study; H|X is the
set of papers in H that went into patents (or repositories) X; H' is the complement set of

papers (i.e., all papers in the venues other than those considered in H); and H'|X is the

set of papers in H' that went into patents (or repositories). A straightforward extension to
c(H|X)
o(H)
To assess the difference in academic impact, we conducted an unpaired ¢-test be-

count the number of total citations (denoted as ¢(-)) in the H set is r(H) =

tween the average citation counts of papers that went into patents (or into repositories)

iix, and those that did not iy, where urip = ey Lneqa Con(h), and waxy =
1

(HIX)] Zhe(mx)/ Cout(h).

Time We investigated the time difference between the publication of a paper and its first
citation in a patent (or link to a repository). This analysis posed a time-to-event problem
involving right-censored papers, meaning that the event of interest (first association with
a patent) may not occur at the time we wish to draw inferences. To tackle this challenge,
we used the survival analysis model Kaplan-Meier estimator [27].

The non-parametric estimator of the survival function S(¢), which represents the prob-
ability that a paper’s “life” (i.e., the time from its publication year until it receives its first
citation by a patent) extends beyond time ¢, is given by S(t) = ]_[mi <t (1 - %), where ¢; de-
notes a time when at least one event (citations by a patent) occurred, d; represents the
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number of events (i.e., citations by a patent) that happened at time ¢;, and #; refers to the
papers known to have “survived” (i.e., not yet cited by a patent or censored) up to time ¢;.

Topics To identify the areas where the papers had an impact on patents (or repositories),
we conducted a comparative analysis of the topics covered by two sets of papers: those that
went into patents (or into repositories) and those that did not. To identify the topics, we
employed a Latent Dirichlet Allocation (LDA) model [28] on all the abstracts. We then
extracted the topics from both sets (i.e., those that went into patents or into repositories,
and those that did not) to conduct further analysis and comparison (Fig. 8, Appendix).
To determine the number of topics, we used a coherence-based measure [29] (Fig. 9a,
Appendix) as it typically improves topics’ interpretability compared to a perplexity mea-
sure [28].

Institutions We collected all papers going into patents or repositories and linked these
papers to the unique institutions of their co-authors. We then aggregated the total number
of such papers for each institution, enabling us to identify the institutions with the high-
est impact. In our analysis, we focused on the top 50 institutions by the total number of
papers and ranked them according to the average proportion of papers going into patents

or repositories across all research areas.

Conventionality We studied how conventional and unconventional knowledge affects
the impact of papers on patents and repositories. Building upon Uzzi et al. [10]’s method-
ology, we used the pairwise combinations of references within a paper’s bibliography as our
proxy for conventionality. For each paper, we defined a conventionality score based on all
possible pairs of venues referenced in the paper. For each pair of venues, we computed the
empirical co-occurrence observed in the whole dataset and the co-occurrence that would
be randomly observed in a null model. More specifically, we used a randomization tech-
nique as per [10]. For each paper and venue, we preserved two quantities: the distribution
of citations and the chronological sequence of those citations (i.e., the year of publica-
tion). To accommodate these criteria, we augmented the pair of venues (venue;, venue;)
with the publication year of the paper in which the two venues are referenced. Hence, we
denote the list of co-occurrences as: {(venue;, venuej, year) - - - }. To randomize these co-
occurrences, we shuffled all entries related to venue;, pairing them with entries from the
same years. This process was repeated 1000 times. As a result, the co-occurrence count
remains constant, preserving both citation patterns and chronological order through the
selection step in the shuffle process.

3.4 Limitations of data processing

We acknowledge that our analysis might not comprehensively cover all published papers,
given its reliance on Semantic Scholar. Our dataset includes papers from the top 10 venues
in six core areas of computer science as classified by Google Scholar, with a focus on highly
impactful and cited papers. Consequently, our results may represent an upper bound, as
less-cited papers are less likely to appear in patents or repositories. At the same time, our
dataset covers 200,000 papers written in the English language, which, while extensive, rep-
resents a fraction of the total literature. This may introduce language and regional bias,
or lead to an overemphasis on trends observed in highly active research areas and in-
stitutions, potentially understating the impact in less active regions or subfields. Despite
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such limitations, Semantic Scholar is extensively used in previous studies [2] and its scope
is comparable to Google Scholar’s [30]. Future research could benefit from incorporat-
ing alternative databases such as Crossref [31] and OpenAlex [6]. Moreover, while our
method of associating Semantic Scholar articles with patent citations through title match-
ing proved to be effective, it is possible that not all relevant papers were identified. Future
efforts could investigate alternative title matching strategies such as those provided by Bib-
lio Glutton [8] or the approach by Marx and Fuegi [25]. Another limitation concerns the
specific intentions behind citations, and our method’s ability to accurately discern them.
For example, when we attempted to classify citation intentions through terms suggested
by previous work [32] (e.g., extension, future, and use), we obtained suboptimal results
due to the difficulty in establishing a reliable benchmark for these intentions. Other po-
tential confounding variables may include the time of paper publication, or the number
of authors [33]. While we adjusted for the time of publication through survival analysis,
our analysis did not account take into account the number of authors in each paper as it
may not be directly linked with research impact. Additionally, our metric for capturing
research impact is limited to data exclusively derived from the US Patent and Trademark
Office (for patents) and GitHub (for code repositories). Future studies could extend the
scope of data sources to achieve a more comprehensive evaluation of research impact.
Finally, the use of repositories to measure the impact of computer science research has
limitations, especially as many papers include code or datasets at submission time. This
may skew our metrics as the initial repository creation may not reflect subsequent impact.
However, to partly fix that, we also performed our analysis on top general science papers,
which served as a baseline to adjust for any potential bias. Alternative measures include
tracking software adoption and usage over time, which can provide a more accurate pic-

ture of research impact.

4 Results
Throughout the results, we refer to two sets of papers: (a) those that go into patents, and
(b) those that go into repositories.

4.1 What is the impact of papers on patents and repositories?

A small number of highly cited papers went into patents and repositories. Despite a mere
5.9% of Al papers (out of 105K) went into patents (Table 2, and Table 5, Appendix), these
papers disproportionately received 42.8% of academic citations in Al 15.1% of Computer
Vision (out of 57K) and 9.1% of Data Mining (out of 29K) papers went into patents but
received as much as 59.8% and 44.8% of academic citations in Computer Vision and Data
Mining (Fig. 1a), respectively.

Similarly, 16.9% of Computer Vision and 18.7% of NLP (out of 57K) papers went into
repositories, and received 30.6% and 32.4% of academic citations in Computer Vision and
NLP. 12.5% of Al papers went into repositories, and received 35.5% of academic citations
in AI (Fig. 1b).

The impact of the six research areas is, on average, greater than top General Science
and the average Computer Science. The research area of Computer Vision has the highest
percentage of papers that went into patents (Table 2, and Table 5 in Appendix), with three
times more than top General Science and almost two times more than the average Com-
puter Science papers. Conversely, NLP has the highest percentage of papers that went into
repositories, with 18 times more often than the average Computer Science papers.
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Table 2 For each research area (in the rows), the numbers in parentheses denote percentages of
papers going into patents or repositories, and percentages of academic citations received by papers
going into patents or repositories. The percentages of papers going into patents or repositories were
calculated by dividing the number of papers going into patents (or repositories) by the total number
of papers. Similarly, the percentages of academic citations received by papers going into patents or
repositories were calculated by dividing the number of academic citations of papers going into
patents or repositories by the total number of academic citations in all papers. The main research
areas considered (last six rows) are benchmarked against two reference areas: average Computer
Science and top General Science (first two rows)

Research area Papers going  Papers going  Papers  Number of Number of Number of
into patents into academic academic academic
repositories citations of papers citations of citations

going into patents papers going
into repositories

Top General Science 32,550 (5.5%) 244 (0.0%) 586,864 18,343,830 (31.6%) 141,183 (0.2%) 58,141,570
Computer Science 4806 (8.0%) 408 (0.7%) 60,232 734,263 (32.3%) 13,062 (0.6%) 2,270,612

NLP 3494
Computer Vision 8742

8.9%) 7394 (18.7%) 39475 883,689 (46.3%) 617,508 (324%) 1,908,013
15.1%) 9795(16.9%) 57,864 3,769,944 (59.8%) 1,924,702 (30.6%) 6,299,765

Al 6254 (5.9%) 13,237 (125%) 105,762 2,852,156 (42.8%) 2,368,236 (35.5%) 6,667,624
Database 5838 (124%) 1831 (3.9%) 47113 1,138,226 (44.2%) 110,701 (4.3%) 2,576,606
Data Mining 2666 (9.1%) 1770 (6.0%) 29,369 631,109 (44.8%) 148,549 (10.6%) 1,407,968
HCl 1698 (6.4%) 136 (0.5%) 26,733 254,767 (22.3%) 5066 (0.4%) 1,141,780
(
(

(a) Papers (b) Papers
® going into patents © going into repositories
not going into patents not going into repositorie:
Top General T
Science

Computer
Science

Al

Database
Data Mining
HCI

NLP

Computer

Vision
10° 10" 10* 10° 710° 10° 10" 10* 10° 10*
Log of academic citations  Log of academic citations

Figure 1 For each research area (in the rows), the number of academic citations is presented on a log scale.
(a) Distributions of papers going into patents (blue) and papers not going into patents (orange). (b)
Distributions of papers going into repositories (blue) and papers not going into repositories (orange). A wider
gap between the distributions in each plot indicates a greater ability of papers going into patents and
repositories to attract more academic citations compared to those that did not. The asterisk symbol (*)
indicates a statistically significant difference between the two averages of the distributions at the 0.001 level

4.2 How long does it take for papers to have an impact?
The probability of papers going into patents within the first two years after publication is
low. This probability significantly increases afterwards and continues to rise, even beyond

30 years (Fig. 2a). This means, for example, that in a given set of 100 Computer Vision
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Figure 3 For each research area, we show the total number of published papers (red), papers going into
patents (green), and papers going into repositories (blue). Total numbers are log-transformed

papers, none will go into patents within the first two years after publication. After 5 years,
10 papers may go into patents, and this number can increase to as many as 30 papers
after 30 years. By contrast, most of the papers (>80%) did not go into repositories, and the
ones that did would only do so within the first year of publication (Fig. 2b). This means, for
example, in the same set of 100 Computer Vision papers, 15 of them will go in a repository
within the first year of publication, and this number will only increase to 16 afterwards,
without further increase even after a much longer period.

Across all research areas, we observed a fast publication cycle but a slow patent produc-
tion. There is an upward trend of published papers, with annual numbers reaching several
thousands (Fig. 3). As for papers that went into patents, there was a continuous rise from
1980 to 2018, followed by a decline.

Page 10 of 17
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Two explanations could be possible. One possible explanation is the extended publica-
tion process for patents compared to papers. As a result, papers can take up to a decade
to start gathering patent citations [2]. Therefore, the number of times a paper goes into
a patent depends on how many years have passed since the paper was published. To ac-
count for this time dependency, we factored in any delays with a survival analysis detailed
in Sect. 3. As observed in Fig. 2, this explanation holds true given that the number of patent
citations is increasing over time. However, this might not be the sole explanation. A second
explanation could be attributed to the prevalence of a research area (i.e., overproduction
of papers) that results in an excess of papers, surpassing the rate of patent production. Put
differently, should a particular research area become excessively productive, it could cre-
ate a bottleneck on the long patenting process for which the average total tendency (the
time from filing to patent grant) is around 24-30 months [34].

4.3 Which topics determine the impact?

We observed an increasing popularity of State-of-the art NLP models, Graph-based learn-
ing, and Data-centric AL There are three main areas of considerable growth (Fig. 4 - top).
First, deep learning topics have seen growth since 2012, with papers that went into patents
and repositories making up 30% of the total. This increase may have been influenced by
new neural network architectures at that time such as ImageNet [35] and, later, Attention-
based models [36]. Second, Graph-based Learning started to have a considerable impact
on repositories (10% of the total papers). Third, Data-centric Al papers have consistently
influenced both patents (15%) and repositories (10%).

Interest in topics such as Algorithmic optimization in learning has diminished in both
patents and repositories (Fig. 4 - middle), despite being a consistently popular topic in
academia (Fig. 9b). Similarly, papers associated with Information retrieval & search that
went into patents have shown a declining trend starting from 2012, coinciding with the
rise of deep learning-based NLP models.

We found an enduring popularity of Computer vision, Computational efficiency algo-
rithms, and Human-centered information systems. Computer vision consistently ranks
high in terms of papers going into patents and repositories. In 2012, as much as 15%
of papers in Human-centered information systems went into patents. However, papers

Papers going into patents Papers going into repositories
ImageNet Transformer ImageNet Transformer  GPT-3
G | GCN
0% | GPT-3 ;
Graph-based learning 830
State-of-the-art = | |
NLP models w5 15 ’_—__/
= Data-centric Al ® 0 i ’
o 51
Algorithmic optimization 9 304
in learning g
Language resources 5 15 H_—’_/—-‘_\’
me=  |nformation retrieval ® 0
Facebook (1B usr) | | word2vec Facebook (1B usr) | word2vec
Computational efficiency g 454 buys Instagram buys Instagram
algorithms 30
Computer vision = 15
Human-centered I T—— .
information systems X0 . . . . P~ e - -
1980 1990 2000 2010 2020 2008 2011 2014 2017 2020
Year Year
Figure 4 Percentage of papers about a given topic over the years. The percentage values are smoothed using
a rolling window of four years for papers going into patents, and two years for papers going into repositories
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that went into repositories dipped the very same year, only to gradually recover thereafter
(Fig. 4 - bottom).

4.4 Which institutions produce impactful papers?

Among the top 25 institutions, more than half are in the U.S., and one-third are in China.
China is narrowing the gap with the U.S. in research output [37], including papers that go
into patents, even if we have been considering the U.S. patent system only.

Microsoft (U.S., UK, and China, takes a particularly prominent position when consid-
ering papers going into patents (Table 3). This holds true across various research areas,
with leadership in Computer Vision (31.5%), Database (19.8%), NLP (22.1%), HCI (19.6%).
Stanford University leads in AI (8.7%), while IBM leads in Data Mining (17.8%).

Tencent has 15.7% of papers going into repositories in Al, 23.8% in Computer Vision,
and 18.5% in NLP. Fudan leads in NLP (26.1%), followed closely by Google (25.1%) which
also leads in Computer Vision (36.7%), and Alibaba leads in Data Mining (19.3%).

4.5 How does combining conventional and unconventional knowledge in papers
affect their impact?

A paper’s conventionality scores are computed on all possible pairs of its citations, and
reflect whether its citations are commonly or uncommonly found in other papers. That is,
each citation pair comes with a frequency observed in the dataset, and a frequency that
would be randomly observed in our null model detailed in Sect. 3.3. We took the z-scores
of the conventionality scores to center them at zero such that values below 0 reflect uncon-
ventionality, while those above 0 reflect conventionality. Hence, each paper is associated
with a distribution of z-scores (one for each pair of venues in the bibliography). In a conser-
vative fashion, following the methodology in [10], we took the 10th percentile value from
each paper, which is the lowest conventionality score that only 10% of papers have. This
measure’s core concept is that when a Computer Vision paper cites CVPR, ECCV, and
ICCV (common Computer Vision conferences), it is considered more conventional (with
a score above 0), while citing NeurIPS, ACL, and CHI is less common and, as such, seen as
less conventional, resulting in a score below 0. Figure 5 shows the cumulative distribution
of such percentile values in a research area.

Papers that went into patents use conventional combinations of prior work, whereas pa-
pers that went into repositories blend conventional and unconventional combinations. Pa-
pers that went into patents are based on conventional combinations of prior work (Fig. 5a),
while those that went into repositories tend to be more unconventional and, as such,
more novel (Fig. 5b). To illustrate this difference with a specific example, we examined
the two most unconventional papers: “Happy Dance, Slow Clap: Using Reaction GIFs to
Predict Induced Affect on Twitter” by Shmueli et al. [38] and “DeepLens: Interactive Out-
of-distribution Data Detection in NLP Models” by Song et al. [39]. These papers draw from
uncommon pairs of venues such as CHI and COLING, and CHI and ICLR and went into
several repositories.

5 Discussion

By analyzing 200,000 papers from top computer science venues, we found that a small
number of highly cited papers went into patents and into repositories. Despite being a mi-
nority, these papers receive a disproportionate number of citations. However, the time it
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Figure 5 A research area’s conventionality based on whether its papers—those that went into patents (left
plot) and those that went into repositories (right plot)—have (un)usual combinations of citations. The more
the area in the red region, the more unconventional (e.g., Al)

takes for them to go into patents is long, ranging from 2 to 30 years after their publication,
with an increasing probability thereafter. Conversely, papers that to go into repositories are
either picked up within the first year of their publication (i.e., the time is less than a year)
or not at all. Interestingly, the most intriguing aspect of our analysis lies in how the mea-
sure of conventionality separates the impact of scientific publications. Papers that build
on more conventional knowledge tend to have a greater impact on patents, while those
that incorporate more unconventional ideas are more influential in repositories. While
patents seem to favor stability and safety, often drawing from well-established knowledge,
repositories thrive on novelty, embracing innovative and sometimes risky ideas. This dis-
tinction mirrors broader industry trends, such as in aviation, where safety and reliability
are paramount [40], leading to a preference for incremental improvements over radical
changes. In contrast, fields such Al where innovation is key, tend to push the boundaries,
even at the risk of safety concerns [41].

While our analysis provides valuable insights into the impact of computer science re-
search, readers should interpret the results with caution. The selective nature of our sam-
ple may overstate the influence of highly active subdomains such as AI and computer vi-
sion while understating emerging or interdisciplinary fields such as Responsible Al. Addi-
tionally, the use of patent citations to measure a paper’s impact on innovation introduces
another layer of complexity. Not all patents are equally innovative, especially in areas such
as device manufacturing and software development, where some patents may be less rel-
evant to true technological advancement. This variability could lead to an overestimation
of the impact of papers associated with patents that are not highly innovative. Despite that
shortcoming, patents have been shown to be a good proxy for innovation [42]. General-
izing our findings to other scientific disciplines should consider differences in publication
practices and citation behaviors.

Drawing from our findings, we contextualized them with those documented in prior
literature and propose four recommendations for enhancing the translational landscape
in patents and repositories of Computer Science papers.

The first recommendation is about encouraging translational work on patents and
repositories. Translational research aims to transform research findings into real-world
products and services that, in turn, drive progress. However, our study revealed that only
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a subset of papers went into patents and into repositories, emphasizing the potential to
bridge the gap between theory and practical applications. To enhance collaboration be-
tween academia and industry, dedicated translational research events within conferences
could facilitate knowledge exchange and collaboration between researchers and industry
experts [43]. Additionally, conferences could establish awards for most impact transla-
tional research or provide grants for repository development. Similarly, initiatives such
as sponsorships for applied research through events like hackathons [44] or competi-
tions [45] at universities can help translate research into tangible products.

The second recommendation is about striking a balance between scientific focus and
practical progress. In line with prior research [2], we confirmed a significant time lag be-
tween papers and patents, even after accounting for publication delays and the time since
a paper’s publication. This can be attributed to Al recently experiencing an overwhelming
surge in paper production [46], paradoxically creating a bottleneck in translating research
into patents and practical applications. Addressing this paradox requires exploring ways
to expedite the transition from academic research into patentable solutions.

The third recommendation is about making space for distinct modes of production. It
may be that certain topics are best suited for a specific mode of production, whether it is
patent creation or academic paper publication. Some subjects may require ample time to
evolve, and therefore, they need to remain within academic circles for an extended period.
A prime example is neural networks 40 years ago: had this topic not been nurtured over
decades, it may not have reached the level of maturity it enjoys today.

The fourth recommendation is about exploring unconventional combinations of prior
research. More conventionality predicted patent impact, while less conventionality pre-
dicted repository impact. This difference can be explained by the distinct characteristics of
these two types of translational impact. Patents are problem-focused, addressing specific
practical issues with precision, while repositories have a broader scope, offering adapt-
able resources for various purposes. Hence, patents and repositories require different lev-
els of conventionality. This offers an opportunity for papers to strike the right balance of

(un)conventional knowledge.

6 Conclusion

We present empirical evidence indicating that academic papers exert influence beyond
academic spheres. We tracked two types of impact: one on innovation (through patents),
and the other on development (through repositories). Despite this substantial impact, our
findings reveal an opportunity for greater translational impact, where academia and in-
dustry need to bridge the gap. Simultaneously, they highlight that certain academic areas
tend to overly concentrate on specific topics, while other areas are underrepresented but
hold the potential for significant real-world impact.
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