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Abstract
Firms with the assets complementary to Artificial Intelligence (AI) have actively 
conducted AI research and selectively published their results since AI has resurged 
around 2006. Focusing on the recent AI development, we investigate how and to 
what extent firms’ deep engagement in the publication of emerging science-related 
technology can influence the evolution of published knowledge. Using bibliometric 
analyses applied to the papers in major AI conferences and journals, we find that 
papers with at least one author affiliated to a firm, and particularly papers with only 
firm-affiliated author(s), have had higher influence on the formation of published 
knowledge trajectory than other papers. In addition, papers from firm and non-firm 
(university and public research institution) collaborations show higher novelty and 
conventionality than other papers. These findings deepen our understanding of the 
role of firms in the evolution of emerging science-related technology.
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1 Introduction

When a science-related technology emerges,1 firms that aim to develop this technol-
ogy invest in the relevant research. Such investments are long-term and high-risk; 
therefore, they are typically made by firms with strong market position (Rosenberg 
1990). A considerable proportion of these firms’ research outcomes are accumu-
lated in the form of firm-specific tacit knowledge (Nelson and Winter 1982), and 
some outcomes are patented for future appropriation (Teece 1986). At the same 
time, some outcomes are selectively published in the form of research papers (Hicks 
1995; Simeth and Raffo 2013; Grassano et al. 2019).

However, publishing by firms is a seemingly counterintuitive behavior in that 
firms reveal their research outcomes to the public without direct monetary rewards. 
As firms do not have enough incentives to produce public knowledge with their own 
money (Arrow 1972), the primary contributors to published knowledge have been 
universities that are largely supported by the government (Mowery and Rosenberg 
1999). Nonetheless, firms in some emerging sectors publish their research outcomes 
when they expect that they can ultimately benefit by doing so. Although the overall 
intensity of firm science and publications has decreased since the 1980s (Arora et al. 
2018),2 firms in some sectors still publish actively (Grassano et al. 2019).

When firms engage deeply in research publications in emerging fields, a ques-
tion arises concerning the influence of the private sector’s engagement in published 
knowledge development. If firms possess assets that are critical for developing and 
commercializing an emerging technology, their research papers will likely attract the 
attention of researchers intending to contribute to the knowledge frontier (Dasgupta 
and David 1987) or economic development (Etzkowitz 2002). If the attraction is sig-
nificantly strong, the development of published knowledge will be naturally focused 
around the firms’ interests, facilitating progress in the corresponding field and 
shaping the direction of knowledge evolution. The recent advancement of artificial 
intelligence (AI) is a relevant case in which firms that have published a substantial 
number of papers possess key complementary assets required to advance and apply 
emerging technologies (Anthes 2017; Agrawal et al. 2018; Mansell and Steinmuel-
ler 2020). Although it is challenging to intentionally alter the rate and direction of 
the evolution of an emerging technology, papers published by firms in fields, such as 
recent AI, can considerably influence the evolution of published knowledge.

Such an impact can be of considerable significance in influencing policies 
related to science and technology with respect to government support, particu-
larly when firm papers are of high quality. One of the reasons that we can expect 

1 The importance of understanding science when developing technology has increased throughout the 
twentieth century (Narin et  al. 1997; Fleming and Sorenson 2004), although the relationship between 
science and technology is mutual (Kline and Rosenberg 1986) and the degree of interaction varies hugely 
across fields (Pavitt 1987). To better represent the mutual relationship between science and technology 
rather than the one-sided reliance of technology on science, this study uses the term favored by Freeman 
(1997), “science-related technology” instead of “science-based technology.”
2 Following Arora et al. (2018), we define “firm papers” (or “firm publications”) as research articles in 
which at least one of the authors is affiliated to a firm.
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high quality from firm papers in the field of AI is the widespread research col-
laboration between private and public organizations. Firm researchers in the 
field of AI have increasingly collaborated with researchers in universities (and 
public research institutions) because of the expected potential synergy of the col-
laboration (Gibney 2016). Firms can decrease their long-term investment risk by 
effectively gaining access to the scientific knowledge base of university research-
ers, while university researchers can acquire the opportunity to conduct better 
research by leveraging the firms’ resources. In this vein, firms’ engagement in 
research publications may have high-quality impacts on the published knowledge 
development of the field in the long run. If this is the case, we can derive impor-
tant policy implications regarding the direction of public support for relevant 
innovations.

However, to the best of our knowledge, relatively little scholarly attention has 
been paid to empirically examining how and to what extent firms’ publications in 
emerging science-related technologies can influence the evolution of knowledge 
that is built on research papers (Perkmann and Walsh 2009). Moreover, empirical 
studies barely shed light on the features of papers produced by firm and non-firm 
(i.e., university or public research institutions) collaborations. Focusing on the 
recent development of AI, this study bridges these gaps in the literature with the 
following research questions.

RQ1) To what extent do firms’ publications (relative to other publications) 
influence the formation of published knowledge trajectory relevant to emerg-
ing science-related technology?
RQ2) Are there any qualitative differences between publications by firm and 
non-firm collaborations and other publications on emerging science-related 
technology in terms of their a) novelty and b) conventionality?

Referring to Uzzi et al. (2013), papers satisfying the conditions of both high 
novelty and conventionality are likely to be highly important ones in the long 
run. Therefore, the second research question reflects the long-term quality of pub-
lished papers, focusing on the qualitative characteristics. To answer the research 
questions, this study controls for the previous track record of author(s) and 
affiliation(s) associated with each publication, as well as paper-specific character-
istics. We employ statistical models, along with data-mining approaches such as 
community detection methods, main path analysis, and dynamic topic modeling 
on the data obtained from AI-related conference and journal papers. The findings 
of this study are expected to enhance our understanding of firms’ publishing on 
emerging science-related technologies and thereby provide a more detailed pic-
ture of the role of firm and non-firm actors in the evolution of emerging science-
related technology.

The rest of this paper is structured as follows. In Section 2, we provide a back-
ground of the literature and rationalize why the recent development of AI fits our 
context. Section 3 describes the research methodologies and data collection, while 
Section 4 discusses the findings. Lastly, Section 5 presents the study’s contributions 
and conclusions.
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2  Conceptual background

2.1  Firms’ investment in an emerging science‑related technology

In the post-war period of the twentieth century, research on high-risk science-related 
technologies was largely conducted by the corporate laboratories of technological 
giants such as AT&T, Du Pont, GE, and Xerox (Pisano 2010). These capital-inten-
sive organizations invested heavily in internal research and concentrated their efforts 
on developing technologies that were expected to create huge long-term value 
despite the great uncertainties involved. The expected benefits from these risky 
investments include first-mover advantages such as learning experiences, buyer-
switching costs, and barriers to the entry of other firms (Rosenberg 1990). Even 
when a firm does not benefit much from the first-mover advantage, the absorptive 
capacity obtained from such an investment helps the firm effectively monitor and 
understand research conducted by external actors (Cohen and Levinthal 1990).

Differing from this conventional pattern, there have been some cases in which 
small firms invest in research concerning high-risk technologies. When biotech-
nology emerged in the 1980s, the major actors that conducted innovation research 
were young entrepreneurial firms, particularly academic spin-offs (Rothaermel and 
Thursby 2007). This was possible because compared with research outcomes from 
other fields, those from biotechnology, in general, are readily appropriable. There 
were a number of venture capitalists, wealthy individuals, and large firms that 
financed the research of small firms. Similar patterns have been observed in emerg-
ing sectors such as nanotechnology and energy (Henderson 1993; Christensen and 
Rosenbloom 1995; Arora et al. 2018).

With the resurgence of AI starting around 2006, large firms have again been the 
major business actors engaged in research (Gibney 2016), as they detect AI’s huge 
market potential—as an enabling technology (Teece 2018) or even as a general-
purpose technology (Klinger et  al. 2018)—applicable to various domains. Moreo-
ver, the complementary assets necessary to proceed with AI research—big data 
and computational power—are concentrated in firms, not in universities and public 
research institutions. The business models that derive value from AI are also likely 
to be firm-specific because an algorithm performs better when it has a narrow focus 
(Norton 2016). Such circumstances have incentivized firms to perform research on 
the emerging technology of AI (Waters 2015).

2.2  Evolutionary perspective on firms’ publishing

Since the knowledge itself is not inherently private or public, the decision to make 
the research findings public depends on the strategic choices of firms. Firms stra-
tegically decide which parts of their research findings should be kept private or 
made public, and which methods of knowledge protection or disclosure should be 
employed for future appropriation. Firms can apply patents to protect their knowl-
edge legally or choose to keep their knowledge as a trade secret if it is difficult to 
obtain a patent for the knowledge or the risk of releasing the knowledge through a 
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patent document is higher than the expected return. By contrast, firms can choose to 
publish their research outcomes purposefully through channels such as journals or 
conference proceedings.

Among firm-level actions that are used to manage the boundary between private 
and public knowledge, research publication is one of several selective revealing 
strategies through which firms intentionally make knowledge spillovers (Alexy et al. 
2013). This firm behavior of revealing knowledge without direct monetary rewards is 
counterintuitive when we consider the free riding of external actors on the revealed 
knowledge (Arrow 1972). Due to this counterintuitive nature, many scholars have 
discussed the motivations underlying firms’ publishing, such as to attract talented 
researchers by providing them an opportunity to get published (Simeth and Raffo 
2013), to maintain links with academia (Rosenberg 1990), or to build the necessary 
technical reputation to exchange valuable knowledge with academia (Hicks 1995).

One of the main reasons why firms expect their publishing to serve key purposes, 
such as maintaining technical reputation and academic relationships, is because the 
published knowledge not only delivers written knowledge to the public but also indi-
cates the unpublished aspects of firm resources (Hicks 1995). These resources can 
include complementary assets required to commercialize emerging technologies, 
such as infrastructure, data, and tacit knowledge and skills. Researchers in academic 
engineering may be interested in solving problems of industrial significance (Vin-
centi 1990). Institutional changes after the Bayh–Dole Act of 1980 and the subse-
quent founding of technology transfer offices in universities further encourage uni-
versity researchers to contribute directly to economic and social development, which 
is known as the third mission of universities (Etzkowitz 2002). Therefore, papers 
published by firms that possess resources critical to an emerging technology’s com-
mercialization are likely to draw researchers’ attention to these firms.

Thus, it is expected that when a firm that possesses assets complementary to 
an emerging technology actively engages in publishing, the influence of its papers 
on the evolution of published knowledge are considerable. Similar observations 
have been made in that the average impact of papers published by leading firms is 
outstanding in fields such as biotechnology, physical science, electrical engineer-
ing, and recently, AI (Hicks 1995; Narin et al. 1997; Hartmann and Henkel 2019; 
McKelvey and Rake 2020; Baruffaldi and Poege 2020). This is an interesting aspect 
considering that the overall evolution of published knowledge is directed by the 
collected interests of individual researchers mostly affiliated with universities that 
are largely financed by the government. Given the conventional understanding that 
research publications are mostly driven by governmental support (Mowery and 
Rosenberg 1999), the active engagement of firms in research and subsequent pub-
lishing leads to an important policy question: where to direct governmental support?

According to the literature on technological systems for innovation, the com-
ponents constituting a technological system interact with each other, revealing a 
variety of problems and sources of knowledge needed to innovate (Carlsson and 
Stankiewicz 1991). Hughes (1987) emphasized that when technologies become 
increasingly embedded in a social structure, they stimulate reverse salients that fall 
behind the overall evolution of the system. Dealing with these sluggish components 
in the production and diffusion of a new technology requires the involvement of 
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different types of institutions, including private and public actors (Antonelli 2001). 
The engagement of various types of institutions helps maintain diversity in techno-
logical systems, which is necessary to cope with potential obstacles in innovation.

From this viewpoint, firms’ engagement in research and publishing in an emerg-
ing field implies that the government might need to direct its support towards areas 
complementary and nonredundant to the firms’ investment. When leading firms 
invest heavily in the early stages of a field’s knowledge development, the field can 
lose its diversity as it can be locked into the direction pursued by the leading firms. 
Although optimists expect that AI will soon be widely applied, it has been proven 
that it is not straightforward to move from generic AI models to broad applications 
owing to factors falling behind, from technical to non-technical ones, in each appli-
cation domain (Mansell and Steinmueller 2020). Careful maneuvers in the direc-
tion of governmental support can increase the diversity of components in the overall 
technological system, ultimately broadening the scope for selection among compet-
ing variants and coping with potential barriers.

To extend the above discussions, this study investigates the influence of firm 
papers on the overall direction of published knowledge evolution, which can be char-
acterized by the significance of the impact on the formation of a knowledge trajec-
tory or the direction of advancement within a technological paradigm (Dosi 1982). 
Our approach goes beyond previous observations that leading firms’ publishing can 
make an outstanding impact in that we evaluate whether firm papers can even lead 
the direction of knowledge evolution in an emerging field of AI.

2.3  Collaborative knowledge production

While large corporate labs usually conducted in-house research during the post-war 
period, since the 1980s, there has been an increasing trend of sharing the risks of 
producing new knowledge among heterogeneous organizations including firms, uni-
versities, and public research institutions. This trend is in line with the strong atten-
tion given to the open innovation literature (Chesbrough 2003) and the third mission 
of universities (i.e., contribution to economic and social development; Etzkowitz 
2003) over the past few decades. The transition to inter-organizational and transdis-
ciplinary research efforts was also noted by Gibbons et al. (1994) as basic properties 
of Mode 2 knowledge production, which is a representative way of producing new 
knowledge in modern society.

Within this trend, the number of university-industry (U–I) collaborations has 
risen significantly. Firms have enjoyed various benefits from this type of relation-
ship. In particular, theoretical depth necessary to advance science-related technol-
ogies often must be obtained from experts in universities. However, just as firms 
manage the boundary between private and public knowledge, so do university 
researchers. University researchers can keep some of their capabilities secret to 
maintain their competitive advantage in the academic community (Hilgartner and 
Brandt-Rauf 1998). Therefore, even when a firm recognizes the valuable capabil-
ity of university researchers, it is not necessarily able to exploit that capability 
(Hicks 1995). U–I collaborations have been extensively employed to resolve this 
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issue, as collaborations allow firm researchers to gain formal access to university 
researchers’ valuable scientific knowledge. In addition, if a trust-based relation-
ship between a university and a firm evolves over time, other valuable informa-
tion beyond the boundary of formal collaborative activities can flow between the 
firm and university researchers. By maintaining connections with universities, 
firm researchers can also participate in a broader network of academia, which 
sometimes unexpectedly brings useful information necessary to develop technol-
ogy that the firm needs.

Meanwhile, since collaboration connotes reciprocity (Katz and Martin 1997), 
university researchers can also benefit from the U-I collaboration. When high-
quality resources necessary to improve research productivity are concentrated 
in firms, the U-I collaboration can be a channel that allows university research-
ers access to these firm resources. The resources can be equipment, data, and 
technological know-how, to name a few. In addition, through the relation-
ships, university researchers can better understand key industrial problems. 
Such an understanding can lead university researchers to pay more attention to 
real-world problems when they conduct research. Considering that university 
researchers have been encouraged to contribute to economic development over 
the past 40 years (Etzkowitz 2002), they can significantly benefit from aware-
ness of industrial issues.

Moreover, such awareness can even lead to advancement of scientific knowl-
edge, as application-focused research may yield an unintended scientific discov-
ery. The distinction between applied and basic research is often meaningless in 
the realms of science-related technologies such as computer science (CS) and 
medicine (Rosenberg 1990). Stokes (1997) argued that the major contributors to 
the advancement of science-related technology are people who address real-world 
problems but do not lose sight of the contribution to scientific understanding, 
such as Louis Pasteur who tried to solve fermentation problems in the wine indus-
try but additionally created the science of bacteriology. Other “star scientists,” as 
defined by Zucker et al. (2002) have also performed this type of research. Hence, 
university researchers who are exposed to important industrial issues through the 
U–I collaborations are likely to be capable of performing salient research at the 
interface between science and technology.

Based on the reciprocal relationship between firms and university researchers, 
it can be said that U–I collaborations satisfy various necessary conditions that 
could lead to important research outcomes in the realms of emerging science-
related technology. These conditions include the scientific knowledge base of 
university researchers, sufficient complementary resources provided by firms, and 
awareness of crucial industrial issues. Therefore, we expect that papers published 
by firm and non-firm collaborations are characterized by significantly higher nov-
elty and conventionality, two qualitative characteristics related to the possibility 
of a paper gaining importance in the long run (Uzzi et  al. 2013). High novelty 
means the extent to which the published knowledge includes novel ideas that can 
be obtained by allocating resources for enough exploration, while high conven-
tionality characterizes to what extent a paper is well grounded in the body of 
academic discussions.
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2.4  Firms’ influence on the evolution of published knowledge: the case of AI

Since we delve into the phenomenon in a specific sector (i.e., AI), it is difficult to 
extend our results to all other fields. To mitigate this concern, we suggest bound-
ary conditions to extend the results of this study. This section summarizes the 
re-emergence of AI and describes some of its general features as a science-related 
technology and a type of Mode 2 knowledge. Based on the features, we derive a 
set of hypotheses.

Although knowledge production related to AI has only relatively recently 
begun to grow rapidly, the beginning of the field dates back to the mid-1950s. 
From the mid-1950s to the mid-1970s, optimism about humans achieving the 
ultimate goal of creating intelligent machines was high. However, in the face of 
unresolved failure in the underlying theoretical model defining AI, funding for 
AI temporarily stopped (Boden 2016). From the early 1980s, the field started to 
regain attention because of firms’ adoption of AI-based software called “expert 
systems,” which provide domain-specific solutions to firm managers by rely-
ing on the codified knowledge of experts. However, the technical improvement 
in expert systems relative to their extremely high price was unsatisfactory, and 
most investors and governments again decided that AI funding should pause from 
around the late 1980s until the early 2000s (Nilsson 2009). Although the turning 
point in the public’s perception of the field occurred in 1997, when IBM’s Deep 
Blue beat the world chess champion, the field started to regain broad attention 
with the realization of Moore’s law (Anthes 2017). Since the mid-2000s, there 
has been a resurgence in AI as the amount of data, computational power, and sta-
tistical machine learning tools have improved significantly (Anthes 2017). In par-
ticular, the methodological breakthrough by Geoffrey Hinton and his colleagues 
in 2006 suggested a creative way to deepen the structure of neural network mod-
els (i.e., deep-learning) (Hinton et  al. 2006). The resurgence of AI also repre-
sents a kind of “new science-based technology,” a term that indicates that some 
technologies emerge through the synergy between older scientific knowledge and 
rapidly advancing information technology (IT) (Koumpis and Pavitt 1999). Since 
IT capacity is a key factor supporting the such R&D process, incumbent firms 
in many fields with superior IT capacities advance the frontier knowledge of an 
emerging technology despite the high risk.

Besides the re-emerging feature of AI, knowledge production in this field shows 
characteristics that are in accordance with those of science-related technology or 
Mode 2 knowledge. First, the field of AI may lack an agreed definition, but broadly, 
it indicates activities devoted to making intelligent machines (Simon 1996; Nilsson 
2009). Such a description shows that the final goal of AI is oriented towards solv-
ing practical problems, which is expected to result in useful applications. AI has 
even been regarded as a type of enabling technology for various industrial purposes 
including manufacturing, medical equipment, geography, automatic vehicles, and 
internet services (Teece 2018). Such a nature implies that the problem definitions of 
AI are specified from real-world issues, which is consistent with the basic property 
of Mode 2 knowledge that “knowledge [is] produced in the context of application” 
(Gibbons et al. 1994, p. 3).
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Although several disciplines are related, AI addresses some phenomena sur-
rounding computers and is a part of computer science (Simon 1995). However, 
computer science has long been considered difficult to classify into any particular 
category (natural science, applied science, and technological R&D; Rosenberg and 
Nelson 1994). The field not only develops technology to achieve a goal (Bolan-
der 2019) but also produces theoretical knowledge in relevant areas (Boden 2016). 
Therefore, much of the science and technology content has become indistinguish-
able in this field. Even within the computer science community, some researchers 
argue that the field is science, whereas others argue that it is closer to technology 
(Denning 2005). This corresponds with one of the properties of Mode 2 knowledge 
production: “Conventional terms—such as applied science, technological research, 
or research and development—are inadequate” (Gibbons et al. 1994, p. 2).

The approach to conducting AI research is divided into two main groups: one based 
on theory and logic and the other described as an empirical art that involves learning 
through apprenticeship and cases rather than rigorous theory (Nilsson 2009). Although 
recent progress in AI is more associated with the latter categorization (Boden 2016; 
Parnas 2017; Hutson 2018), which requires big data and computing power, frontier 
knowledge in the field is still produced by efforts involving both aspects. Empirical AI 
researchers describe their research method as heuristic search, which is based on rules 
of thumb generated through experimentation (Parnas 2017). They repeat experiments 
until they obtain a more intelligent machine by changing its design. In many cases, 
researchers do not clearly understand why one machine performs better than another. 
Such a property is consistent with that of engineering and is referred to as a blind search 
process of trial and error that recombines various technological components until one 
obtains successful results (Vincenti 1990; Fleming and Sorenson 2004). Along with its 
rather messy nature, AI researchers need help from science and mathematics to design 
better machines with reduced uncertainties when searching for new designs. In addi-
tion, many researchers still heavily rely on theory rather than trial and error, again con-
noting the science-related nature of AI technology. Owing to its characteristics, the field 
requires professional experts not only from computer science but also from cognitive 
science, psychology, statistics, and mathematics, among others (Boden 2016). Indeed, 
it is difficult to adequately handle the problems in this field by relying on the knowledge 
base of a single organization. Heterogeneity in terms of both scientific disciplines and 
tacit experience must be coordinated to adequately address problems. Such a property 
of knowledge production corresponds with one of the important dimensions of Mode 2 
knowledge production, namely, “transdisciplinarity” (Gibbons et al. 1994, p. 4).

Because of the transdisciplinary nature of the field, R&D collaborations between 
firms and universities, and even between competing firms, have been actively pur-
sued. From the perspective of firms, such collaborative efforts help them share the 
high risk of performing frontier R&D as well as mitigating the difficulties in solving 
complex problems. In the field of AI, there are several forms of U-I collaboration. 
For example, university and firm researchers often work together on a firm’s project, 
which is one of the most common forms of U-I collaboration. In addition, prominent 
professors in this field have taken the role of advising on and even leading firms’ 
AI research, which is another form of U-I collaboration in this area. Furthermore, 
a number of academic AI talents have shifted from academia to industry since the 
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early 2010s (Gibney 2016). After Andrew Ng, a pioneering researcher in the field, 
joined Google from Stanford University, many academic experts followed in the same 
direction. This recent phenomenon is consistent with the “heterogeneity and organisa-
tional diversity” of Mode 2 knowledge production (Gibbons et al. 1994, p. 6).

Lastly, another important dimension of knowledge production in AI is the need for 
computational power in training and testing the designed machine. Advances in AI 
knowledge since around 2006 owe more to the rapidly increased capacity of hardware 
than to any other factor (Anthes 2017). This is consistent with another feature of Mode 
2 knowledge production, described as follows: “The feature contributing to innova-
tion under Mode 2 conditions is the role that computers and especially computational 
modeling have come to play, … [and these] can be used to meet a wide variety of uses 
and of building more sophisticated techniques and instruments that will enhance the 
design principle and its range of application” (Gibbons et al. 1994, p. 19).

As Mode 2 knowledge is usually produced in the context of application, we can 
expect firms performing AI research to play a leading role in suggesting research 
agendas where they have relevant complementary assets for application. Firms can 
devise novel technological solutions that are likely to be linked to commercialization, 
although the suggested ideas can be premature at an early stage. In particular, AI firms’ 
collaboration with researchers in universities or public research institutions is expected 
to create knowledge that is valuable in the long run. This is because they can adopt 
more transdisciplinary approaches based on understanding from both scientific knowl-
edge and problems defined in the context of application. Given the nature of knowl-
edge that firms can contribute to this emerging area, we expect that the knowledge 
evolution of the field will naturally converge towards a direction preferred by firms. 
This implies that private investments can shape the knowledge trajectory within the 
emerging technological paradigm with the emergence of science-related technologies.

Hypothesis 1. When science-related technologies emerge, firms’ publications influ-
ence the formation of published knowledge trajectory more than other publications.
Hypothesis 2. When science-related technologies emerge, publications by firm 
and non-firm collaborations show higher a) novelty and b) conventionality than 
other publications.

3  Methodology

3.1  Data

To answer the research questions, we use information on the papers in AI domain. 
In computer science, top-tier conferences are ranked higher than most journals, 
excluding a few highly ranked journals (Vardi 2009; Freyne et al. 2010).3 The peer 

3 When computer science emerged as an independent discipline in the 1980s, both conference proceed-
ings and journal papers were considered important. Since the late 1990s, the role of leading conferences 
has become more dominant than that of most journals, except for the few leading ones (Vardi 2009; 
Freyne et al. 2010).
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review process in conferences is much faster than that in journals, accelerating the 
progress of knowledge diffusion in the field of AI. We select target venues, includ-
ing conferences and journals, and collect information about publications in the 
target venues from the SCOPUS database, which is a bibliographic database that 
provides comprehensive information about both journal and conference publica-
tions. The top 10 journals and top 10 conferences4 are listed by referring to Gui-
de2Research,5 a portal providing the rank of authors, journals, and conferences 
related to sub-fields of computer science.

Given the general-purpose nature of AI, studies in various domains can 
apply AI algorithms (WIPO 2019). Although the application of AI algorithms 
is important, setting the outlet boundaries in all potential fields of study makes 
it difficult to maintain the knowledge quality of the studies used in our analy-
sis. Therefore, we consider papers published in highly reputed outlets that focus 
heavily on novel AI algorithms. Among the various sub-fields of computer sci-
ence, we select a category titled “Machine Learning, Data Mining, and Artificial 
Intelligence.” Table 1 presents a list of highly reputed journals and conferences. 
The list of selected outlets covers the major outlets mentioned in recent relevant 
studies, such as Hartmann and Henkel (2019). Based on the final list of jour-
nals and conferences, we collect information on the articles published during 
2006–2016. As noted in the introduction, “firm paper” indicates a research arti-
cle in which at least one of the authors is affiliated to a firm (Arora et al. 2018). 
In this study, firms publishing research include those firms that (i) published at 
least one article in the field during 2006–2016 and (ii) are listed as a sponsor of 
the listed conferences (i.e. firms satisfying both (i) and (ii)). We obtain 56,981 
papers consisting of 6848 firm papers and 50,133 others (non-firm papers) that 
include the papers from universities and public research institutions. Among the 
6848 firm papers, 5419 are published by firm and non-firm collaboration, while 
the rest are published by only firm researchers. 120 firms are related to the col-
lected firm papers.6 The list of firms covers key industry players that appeared in 
a recent report by the WIPO (2019).

4 Numerous studies that investigate the phenomenon in certain academic fields have focused on the lead-
ing venues because of their representativeness and content quality (e.g., Liu et  al. 2019). In addition, 
Baruffaldi and Poege (2020) noted that firms’ publishing and sponsoring in the field of computer science 
is concentrated in the highly-ranked venues. Recently, Hartmann and Henkel (2019) adopted a similar 
approach, which focuses on the leading venues in the field of AI.
5 http:// www. guide 2rese arch. com/ about- us. Ranking of the venues is based on the metric named Impact 
Score, which reflects both the quantity of contributing prominent scientists and the h-index evaluated 
from the papers published by top scientists in the last 3 years.
6 In Appendix A, we report supplementary statistics that help understand our data. The technology field 
which most of the selected firms primarily focus on is computer technology; this is followed by IT meth-
ods for management, transportation, and digital communication (see Fig. 2). Major firms include Micro-
soft, Google, IBM, Yahoo, Siemens, Toyota, and Intel (see Fig.  3). In addition, Fig.  4 shows that the 
proportion of firm papers increased due to the increasing proportion of firm and non-firm collaborations.

http://www.guide2research.com/about-us
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3.2  Variables and methods

3.2.1  Dependent variables and models

The unit of analyses used to answer our research questions is an individual paper. The 
dependent variable of interest in H1 is each paper’s influence on the formation of pub-
lished knowledge trajectories. For H2, the dependent variables should reflect the content 
of the knowledge in each paper with respect to novelty (H2a) and conventionality (H2b).

Influence on the formation of the published knowledge trajectory To examine the 
influence of each paper on the formation of the published knowledge trajectory 
(H1), we adopt a measure that reflects the minimum distance of each paper to the 
knowledge trajectories. A shorter distance represents larger influence of each paper 
on the knowledge trajectory formation. Boden (2016) noted that state-of-the-art AI 
includes an extraordinarily wide range of methodologies and therefore cannot be 
unified by any single core technique. Hence, we first divide the full citation net-
work constructed from the collected AI papers into several groups to detect more 
detailed trajectories by sub-area. Using a well-established community detection 
technique (Blondel et al. 2008)7 as implemented in the Gephi program, we find 22 

Table 1  Major conferences and journals

Conferences IEEE Conference on Computer Vision and Pattern Recognition (CVPR)
Neural Information Processing Systems (NIPS)
International Conference on Machine Learning (ICML)
IEEE International Conference on Computer Vision (ICCV)
International Conference on Knowledge Discovery and Data Mining (SIGKDD)
Meeting of the Association for Computational Linguistics (ACL)
ACM SIGMOD International Conference on Management of Data
Conference on Empirical Methods in Natural Language Processing (EMNLP)
AAAI Conference on Artificial Intelligence (AAAI)
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS)

Journals IEEE Transactions on Evolutionary Computation
IEEE Transactions on Pattern Analysis and Machine Intelligence
IEEE Transactions on Fuzzy Systems
IEEE Computational Intelligence Magazine
International Journal of Neural Systems
Information Fusion
Automatica
Neural Networks
Journal of Machine Learning Research
Information Sciences

7 In Blondel et al.’s (2008) method, modularity is locally maximized by allowing the move of each node 
assigned to a distinct community to the community of its neighbor(s). Then, the communities are aggregated 
to form a new network of communities. This operation is repeated until maximum modularity is achieved.
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communities that occupy more than 1% of the full citation network. The proportions 
of the five largest communities among all the communities chosen are as follows: 
12.56%, 7.77%, 6.4%, 6.32%, and 5.44%. Modularity is 0.737, which is larger than 
a widely accepted threshold (i.e., 0.3) for judging whether communities are success-
fully grouped (Clauset et al. 2004). The identified communities can be understood as 
major academic groups focusing on different sub-domains within AI.8

To identify the knowledge trajectory from each community, we employ the 
Search Path Node Pair (SPNP) measure, a connectivity measure widely used to 
detect the main paths in large citation networks (Hummon and Dereian 1989). This 
represents the key paths of knowledge flow in a network by allocating weights to 
each link based on how many times the particular link bridges pairs of nodes in the 
network.9 Several prior studies have used this algorithm to identify critical knowl-
edge trajectories from papers or patent citation networks (Verspagen 2007; Fontana 
et al. 2009; Martinelli and Nomaler 2014). We detect the main path for each com-
munity chosen.10 For example, Fig.  1 presents the distinguished trajectory within 
the largest community along with firm papers lying on the trajectory. We compute 
how far each paper is from the trajectory (i.e., each paper’s minimum distance to one 
of the papers lying on the distinguished main paths) by regarding a direct citation 
linkage between two papers as the unit distance. For instance, if paper k can reach 
one of the trajectory papers by passing through at least two other papers, the mini-
mum distance of paper k to the trajectory is 3. Because the distance value is infinite 
in the case where a paper does not have any forward citations, we find and set the 
maximum distance dm in which the number of papers without any forward citations 
becomes closest to the number of papers with distance dm when we regard distances 
greater than or equal to dm as dm. The dm satisfying this condition is 9 in our data. 
We use OLS regression to examine whether the firm papers’ distance to the knowl-
edge trajectory is significantly shorter than that of other papers, which would imply 
a significant influence of firms’ publications (relative to other publications) on the 
formation of published knowledge trajectory.

Novelty and conventionality of published knowledge We employ the suggestion 
in Uzzi et  al. (2013), when measuring both the novelty (H2a) and conventional-
ity (H2b) of knowledge represented in a paper. The authors suggested the z-score, 
which evaluates how often a particular combination of two distinct knowledge 
bases has been observed, compared with the expected degree in a certain period. 
The combination of knowledge bases is defined as a pair of different journals in 
the references of each paper, presuming that a journal addresses similar knowledge. 
When the knowledge combination appears less often than expected by chance, the 

8 Subsequent topic analysis (see the second part of 3.2.1.) to understand communities shows that each 
community represents subfield related to AI (e.g. the first community represents ‘robotics (12.56%)’, the 
second community represents ‘computer vision (7.77%)’, and the third community represents ‘optimiza-
tion (6.4%)’, etc). Contact the first author for detailed keyword information of communities.
9 Further intuition of SPNP is suggested in Fig. 5 of Appendix B.
10 As with previous studies (e.g., Fontana et al. 2009), we use the Pajek program to calculate the SPNP 
and detect the main path for each community.
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combination is interpreted as a more unusual and atypical one. Several z-scores can 
be assigned to each paper because a paper usually includes numerous references. 
Uzzi et al. (2013) proposed that two summary statistics, namely, the median of the 
z-scores and left 10th percentile of the z-scores allocated to each paper, characterize 
conventionality and novelty, respectively.

However, applying this measure to our research context is somewhat problematic 
under the basic assumption that a journal (or a conference) is a distinct knowledge 
base. As previously mentioned, the boundary of AI is extremely broad and several 
journals and conferences try to accommodate this variety. Considering that a single 
journal or conference often addresses a broad range of AI-related research topics,11 
it is difficult to define a venue as the homogeneous unit of knowledge. Therefore, 
we adjust the measure used in Uzzi et al. (2013) by considering a “research topic” 
instead of a “journal” as a unit of the knowledge base, following Kaplan and Vakili 
(2015), which used topic modeling to specify the concept of knowledge recombina-
tions from patent data. This way of adopting z-scores is also in line with Kim et al. 
(2016), which applied z-scores to patent data by regarding a single patent as a com-
bination of different technology classes instead of using reference information.

To do this, we employ a text-mining technique called dynamic topic modeling 
(DTM) (Blei and Lafferty 2006). Based on a collection of documents, this algo-
rithm captures not only the per-document topic proportion but also the evolution 

Fig. 1  Papers on the trajectory of the largest community. Note: Trajectory papers including at least one 
firm-affiliated author are in green and the other papers are in orange

11 For example, the conference program of AAAI 2016 shows a huge variety of topics presented in a 
single venue (https:// www. aaai. org/ Confe rences/ AAAI/ 2016/ aaai1 6prog ram. pdf).

https://www.aaai.org/Conferences/AAAI/2016/aaai16program.pdf
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of detailed keywords composing each topic. The latter part is a differentiated aspect 
of the DTM from other static topic models. This is useful in our research context 
because today’s AI evolves rapidly with generating new keywords although most of 
the broad research themes are maintained.12 DTM is conducted on the 56,981 arti-
cles collected, with the number of topics mentioned by scholars set to 100 to allow 
a feasible interpretation of each topic (Blei and Lafferty 2007; Chang et al. 2009; 
Hall et al. 2008). We obtain the per-paper topic proportion vectors, which consist of 
some outstandingly high values showing the paper’s strong relevance to some top-
ics. However, most of the other values are close to zero, denoting a lack of relevance 
between the paper and most other topics. The topics assigned with significantly 
large proportions can be regarded as the key knowledge components of each paper. 
For instance, if a vector allocated to a paper has a value of 0.4., 0.2, and 0.3 for three 
topics (α, β, and γ) and 0.001 for the other 97 topics, one can consider three possible 
topic combinations (i.e., αβ, αγ, and βγ) in this paper.

Based on the DTM results, we compute the z-score for topics α and β in year t as 
follows:

where oαβt is the observed number of papers belonging to α and β in year t, μαβ is 
the expected number of papers belonging to α and β in year t based on the papers 
published in the previous year (i.e., t-1), and σαβ is the corresponding standard 
deviation. A one-year time lag is employed to reflect the rapidly changing research 
trend of emerging AI. Following Kim et al. (2016) and Uzzi et al. (2013), median 
and minimum z-scores are used as the conventionality and novelty of each topic 
pair, respectively. For both conventionality and novelty, the OLS regression model 
is applied because the dependent variables are normally distributed. The regression 
is conducted using the papers published during 2007–2016 (each year is t), with 
each of those papers’ conventionality and novelty computed based on papers pub-
lished in the previous year (i.e., 2006–2015; each year is t-1). In addition, we drop 
papers assigned a single topic because z-scores can be calculated only when at least 
one topic pair exists. Of the 56,981 papers collected, 50,050 papers remain for the 
regression analysis.

3.2.2  Independent variables and controls

Independent variables The main independent variable is a dummy variable indi-
cating whether a paper is a firm paper (1) or not (0) (Firm Paper1 (Firm Involved 
or Not)). In addition, we further consider a categorical variable with three levels, 
differentiating among publications by only non-firm researchers (including those in 

z��t =

o��t − ���

���
,

12 To apply DTM, we use Python’s Gensim (https:// radim rehur ek. com/ gensim/) library. Appendix C pro-
vides further clarity on why this study adopts DTM.

https://radimrehurek.com/gensim/
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universities or public research institutions) (0), both firm and non-firm researchers 
(1), and only firm researchers (2) (Firm Paper2 (Firm Only, Non-firm Only, or Firm/
Non-firm Collaboration)).

Controls We include several variables to control for other factors that may influ-
ence each paper’s impact on the published knowledge evolution. Garfield (1979) 
underlined that the average number of references per paper reflects the potential 
impact of papers in a given field. Hence, we control for the number of references in 
each paper (Number of References). The year of publication is included to control 
for the increasing popularity of AI during its recent period of development, and the 
expected positive relationship between the age of paper and distance to the trajec-
tory (Publication Year (t)). Within the various sub-areas of AI, some research topics 
garner more attention in a period than other topics (Boden 2016), which may influ-
ence the impact of each paper. Therefore, we control for the size of the academic 
groups with which each paper is associated. We use the community detection results 
to consider the number of papers in each community as the size of the academic 
group having interest in a specific sub-area of AI (Size of Community). A dummy 
variable on whether the paper is published in a conference or journal is used as a 
control because computer science tends to prefer conferences as a channel for pub-
lishing high-quality papers, though some disagreement exists (Vardi 2009) (Confer-
ence Journal Dummy).

The number of authors is controlled for to reflect controversial evidence on whether 
multi-author publications are likely to have a higher impact than single-author publi-
cations (Gazni and Didegah 2011; Didegah and Thelwall 2013; Number of Authors). 
Regarding author-related characteristics, the reputation of authors is also a crucial fac-
tor that determines the impact of publications, besides their quality (Bornmann et al. 
2012). Merton (1968) similarly mentioned the Matthew effect in science, which is the 
tendency to give credit to well-known scholars. Moreover, firms that invest in AI try 
to collaborate with highly reputed researchers (Gibney 2016). To capture this influ-
ence, we control for the authors’ average performance that relates to each paper in 
the two following complementary ways. First is the average number of the authors’ 
recent publications in computer science (Authors’ Average Number of CS Publications 
(t-4 ~ t)), which reflects the quantity of the authors’ research output. Second is the aver-
age of the authors’ h-index, which denotes the number of publications with a citation 
number ≥h (Hirsch 2005; Authors’ Average h-index at t).13 The h-index reflects not 
only the quantity of the author’s research outputs but also their academic impact.

In addition, we control for the number of affiliations per paper because hetero-
geneity in author affiliations positively correlates with the impact of publications 
(Franceschet and Costantini 2010; Number of Affiliations). Moreover, the insti-
tutional characteristics of affiliations can shape researchers’ publishing behav-
ior, potentially influencing the impact of each paper. For instance, since firm-
affiliated researchers are less pressured to publish papers than those who are 

13 “A scientist has index h if h of his or her Np papers have at least h citations each and the other (Np- h) 
papers have h citations each” (Hirsch 2005, p. 16569).
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university-affiliated, firm researchers can selectively publish only part of their 
research outcomes. In addition, firm researchers should often follow the firm-level 
approach on strategic publishing regarding where, when, and what to publish, lead-
ing to a potential bias in firm publications and its subsequent impact (e.g., Li et al. 
2015). Therefore, we control for the average academic performance of affiliations 
related to each paper using the average number of their recent publications in the CS 
field (Affiliations’ Average Number of CS Publications (t-4 ~ t)) and the average of 
their h-index (Affiliations’ Average h-index at t).

To compute for the described control variables related to authors and author 
affiliations, a range of publication information broader than the collected sample of 
AI papers should be considered. We additionally employ the Microsoft Academic 
Graph (MAG; Sinha et  al. 2015),14 which is a widely used database that includes 
publication records, citation relationships, fields of study,15 and author or affiliation-
specific identification codes.16 Based on this database, we compute the author and 
affiliation-related control variables introduced above.17

Lastly, some sub-fields of AI have been particularly affected by the recent deep-
learning revolution. Although there are more relevant areas, computer vision and 
natural language processing (NLP) are representative cases of these sub-fields 
(LeCun et al. 2015). These sub-fields have strongly benefited from firms’ resources 
(big data and computational facilities). Considering firms’ significant investment in 
recent AI, we can conjecture that the impact of papers in such sub-fields may have 
been higher than the papers in other fields. Therefore, we control for whether the 
paper is related to vision or NLP (Firm-resource Sensitive Field). This variable is 
obtained by using fields of study information in MAG data.18

4  Findings

Table  2 presents basic statistics and correlations. Two sub-tables are reported 
because we lost some observations in the process of computing novelty and con-
ventionality, as described above. The upper and lower sub-tables correspond 
to the first (H1) and second (H2a and H2b) hypotheses, respectively. Although 
some observations are lost when we test H2, the two sub-tables show that the 
correlation and basic statistics are consistent overall. The averages of the number 

14 We use the MAG version updated in March 2020.
15 See Table 8 in Appendix E for the field of study keywords we use to extract CS-related publications.
16 Based on the identification codes of MAG, we find that 14,132 out of 101,187 authors related to our 
sample papers have co-affiliations (i.e., about 13%). If the multiple affiliations of an author include a 
firm, we regard the author as a firm-affiliated author and the author’s paper, a firm paper.
17 We compute the author- and affiliation-related control variables within the boundary of papers pub-
lished at the Web of Science listed journals (https:// mjl. clari vate. com/ home) and major CS conferences 
(http:// www. guide 2rese arch. com/ about- us).
18 See Table  9 in Appendix E for the field of study keywords we use to extract computer vision and 
NLP-related publications.

https://mjl.clarivate.com/home
http://www.guide2research.com/about-us
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of authors and author affiliations in a single paper are 3.24 and 1.52, respec-
tively. On average, authors publish about 11 CS papers within five years from 
the publication year t (i.e., t-4 ~ t), and their average h-index at year t is 6.99. 
On average, affiliations associated with a paper produce about 1288 CS papers 
during the period t-4 ~ t, and their average h-index at year t is 183.96. The mini-
mum value of the authors’ (and affiliations’) average number of CS publications 
can be zero even though they have published at least one paper in the selected 
list of AI journals and conferences. This is because there are few AI papers not 
involved in the CS field categories that we employ from the MAG database (see 
Appendix E), owing to the transdisciplinary nature of AI. The Firm-resource 
Sensitive Field dummy shows that about one-third of the collected papers are 
related to vision or NLP.

Table 3 compares the following three paper groups—firm only, firm and non-
firm collaboration, and non-firm only—in terms of the author and affiliation-
related variables. This table shows that the firm and non-firm collaboration group 
consists of more papers that were produced by high performing researchers (in 
terms of both publishing quantity and h-index) than the other two groups. This 
suggests that firms selectively collaborate with outstanding researchers in uni-
versities. The table also shows that the average number of publications (in all 
fields) by affiliations associated with a single paper is highest in the non-firm 
paper group, which is an intuitive statistic because this group mostly consists of 
universities. By contrast, the number of CS publications is shown to be higher in 
the firm-related paper groups than in the non-firm paper group. This implies that 
compared with universities, a firm investing in basic research of emerging sci-
ence-related technology can, on average, publish even more papers in that field, 
which is in line with Hicks’s (1995) observation. In addition, the average h-index 
of affiliations is shown to be highest in the firm and non-firm collaboration paper 
group, which reconfirms that firms selectively collaborate with highly reputed 
affiliations that include outstanding researchers.

Table 4 reports the results of the regression analyses for H1 (OLS models; DV 
is the distance to the knowledge trajectory). Model 1 shows the OLS results with 
only the control variables. This baseline model reveals that the coefficients of the 
control variables are significant in the directions that we expected. Model 2 adds 
Firm Paper1 (Firm Involved or Not) and shows that the coefficient of this vari-
able is significantly negative. That is, firm papers tend to have shorter distances 
to the knowledge trajectory (about 0.49 shorter than other papers when a direct 
citation distance equals 1), indicating their higher influence on the formation of 
the published knowledge trajectory compared to other papers. Model 3 adds Firm 
Paper2 (Firm Only, Non-firm Only, or Firm/Non-firm Collaboration) and shows 
that firm-only papers (2) had the shortest distance to the knowledge trajectory 
(negative and significant; about 0.74 shorter than non-firm only (0) papers when a 
direct citation distance equals 1), which confirms the group’s significantly higher 
influence on the knowledge trajectory formation than other papers. The 95% con-
fidence intervals on the firm and non-firm collaboration (1) and firm-only (2) 
publications run from −0.49 to −0.35 and − 0.86 to −0.62, respectively, confirm-
ing the significantly higher influence of the latter than he former on the formation 



1 3

Firms’ influence on the evolution of published knowledge when…

Ta
bl

e 
3 

 T
he

 av
er

ag
es

 o
f t

he
 g

ro
up

s’
 c

on
tro

l v
ar

ia
bl

es
 re

la
te

d 
to

 a
ut

ho
rs

 a
nd

 a
ffi

lia
tio

ns

t i
s 

th
e 

pu
bl

ic
at

io
n 

ye
ar

. T
he

 A
ut

ho
rs

’ (
Affi

lia
tio

ns
’)

 A
ve

ra
ge

 N
um

be
r 

of
 P

ub
lic

at
io

ns
 (i

n 
al

l fi
el

ds
) i

s 
no

t u
se

d 
in

 o
ur

 m
ai

n 
m

od
el

 b
ec

au
se

 o
f i

ts
 h

ig
h 

co
rr

el
at

io
n 

w
ith

 th
e 

Au
th

or
s’

 (A
ffi

lia
tio

ns
’)

 A
ve

ra
ge

 N
um

be
r o

f C
S 

Pu
bl

ic
at

io
ns

Va
ria

bl
es

Pa
pe

r g
ro

up
s

Fi
rm

 o
nl

y 
(n

 =
 14

19
)

Fi
rm

 a
nd

 n
on

-fi
rm

 c
ol

la
bo

ra
tio

n 
(n

 =
 54

29
)

N
on

-fi
rm

 (n
 =

 50
,1

33
)

N
um

be
r o

f A
ut

ho
rs

3.
17

4.
04

3.
16

A
ut

ho
rs

’ A
ve

ra
ge

 N
um

be
r o

f P
ub

lic
at

io
ns

 (i
n 

al
l fi

el
ds

) (
t-4

 ~
 t)

11
.9

0
19

.1
3

15
.8

7
A

ut
ho

rs
’ A

ve
ra

ge
 N

um
be

r o
f C

S 
Pu

bl
ic

at
io

ns
 (t

-4
 ~

 t)
10

.1
9

16
.2

8
11

.2
9

A
ut

ho
rs

’ A
ve

ra
ge

 h
-in

de
x 

at
 t

6.
18

8.
58

6.
83

N
um

be
r o

f A
ffi

lia
tio

ns
1.

13
2.

17
1.

45
A

ffi
lia

tio
ns

’ A
ve

ra
ge

 N
um

be
r o

f P
ub

lic
at

io
ns

 (i
n 

al
l fi

el
ds

) (
t-4

 ~
 t)

50
38

.4
3

10
,8

48
.9

1
12

,2
69

.1
7

A
ffi

lia
tio

ns
’ A

ve
ra

ge
 N

um
be

r o
f C

S 
Pu

bl
ic

at
io

ns
 (t

-4
 ~

 t)
18

22
.8

1
18

65
.4

2
12

11
.1

0
A

ffi
lia

tio
ns

’ A
ve

ra
ge

 h
-in

de
x 

at
 t

12
9.

72
18

9.
84

18
4.

85



 S. J. Jee, S. Y. Sohn 

1 3

Table 4  Regression results (H1)

† p<0.1, * p<0.05, **p<0.01. Standard errors are in parentheses
Descriptions of the dummy variables are as follows: 1. Firm Paper1 (Firm Involved or Not): 1 if includ-
ing firm(s) and 0 otherwise; 2. Firm Paper2 (Firm Only, Non-firm Only, or Firm/Non-firm Collabora-
tion): 2 if firm only, 1 if firm and non-firm collaboration, and 0 otherwise; 3. Conference/Journal: 1 if a 
conference paper and 0 otherwise (a journal paper); and 4. Firm-resource Sensitive Field: 1 if related to 
vision or NLP and 0 otherwise

H1) OLS (n = 56,981)

DV: Distance to the knowledge trajectory

1)
Model 1

1)
Model 2

1)
Model 3

Firm Paper1 (Firm Involved or Not)
(1 if including firm(s))

−0.4948**
(0.0317)

Firm Paper2 (Firm Only, Non-firm Only, or Firm/Non-
firm Collaboration)

(1 if firm and non-firm collaboration) −0.4243**
(0.0353)

(2 if firm only) −0.7452**
(0.0634)

Number of References −0.0102** −0.0102** −0.0102**
(0.0006) (0.0006) (0.0006)

Publication Year (t) 0.2009** 0.1987** 0.1991**
(0.0034) (0.0034) (0.0034)

Number of Authors 0.0062 0.0104 0.0101†
(0.0071) (0.0070) (0.0070)

Authors’ Average Number of CS Publications (t-4 ~ t) −0.0111** −0.0113** −0.0116**
(0.0011) (0.0011) (0.0011)

Authors’ Average h-index at t −0.0433** −0.0417** −0.0415**
(0.0025) (0.0025) (0.0025)

Number of Affiliations 0.0057 0.0489** 0.0367**
(0.0148) (0.0150) (0.0152)

Affiliations’ Average Number of CS Publications 
(t-4 ~ t)

−0.0001** −0.0000** −0.0000*
(0.0000) (0.0000) (0.0000)

Affiliations’ Average h-index at t −0.0012** −0.0015** −0.0015**
(0.0001) (0.0001) (0.0001)

Size of Community −0.1452** −0.1420** −0.1418**
(0.0027) (0.0027) (0.0027)

Conference/Journal
(1 if a conference paper)

−0.1175** −0.0735** −0.0699**
(0.0246) (0.0247) (0.0247)

Firm-resource Sensitive Field
(1 if related to vision or NLP)

−0.2871** −0.2882** −0.2899**
(0.0221) (0.0220) (0.0220)

Constant −394.56** −390.16** −390.88**
(6.8362) (6.8277) (6.8284)

Adjusted R-square 0.1295 0.1331 0.1334
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of knowledge trajectory. Overall, Table 4 shows the outstanding impact of papers 
that include firm-affiliated authors—particularly those authored by firm research-
ers only—on the trajectory formation of published knowledge. For a robustness 
check (see Table  6 in Appendix D), we provide the results of the log-normal 
regression (see Models 4–6 in Table 6), which is widely used to model the dis-
tance. In addition, because a considerable proportion of papers is disconnected or 
extremely far from the trajectory, we also suggest the results of the models that 
exclude papers without citations in the five years since its publication (see Mod-
els 7–9 in Table 6) and those excluding papers that are not involved in any of the 
major communities (i.e., community size is 0) (see Models 10–12 in Table 6).

Table  5 reports the regression results of H2a (the OLS models for DV, z-min 
(novelty)) and H2b (the OLS models for DV, z-med (conventionality)). The first 
set of three columns in Table 5 reports the H2a-related results. Model 1 contains 
only control variables, and Models 2 and 3 add Firm Paper1 (Firm Involved or Not) 
and Firm Paper2 (Firm Only, Non-firm Only, or Firm/Non-firm Collaboration), 
respectively. Model 2 shows that firm papers have significantly higher novelty (i.e., 
lower value of the minimum z-score) than the non-firm papers. In particular, Model 
3 shows that papers produced by firm and non-firm collaboration (1) have signifi-
cantly higher novelty than non-firm papers (0). The second set of three columns in 
Table  5 reports H2b-related results. Model 1 includes only control variables, and 
Models 2 and 3 add Firm Paper1 (Firm Involved or Not) and Firm Paper2 (Firm 
Only, Non-firm Only, or Firm/Non-firm Collaboration), respectively. Models 2 
shows that firm papers have significantly higher conventionality (i.e., higher value 
of the median z-score), than non-firm papers. Based on Model 3, we find that the 
95% confidence intervals on firm and non-firm collaboration (1) and firm-only (2) 
publications run from −0.02 to 0.26 and − 0.03 to 0.48, respectively. This indicates 
that there is no significant difference between these two groups in terms of conven-
tionality. Since the ranges of z-min and z-med are fairly large (−20.03 to 114.61 
and − 16.65 to 118.91, respectively; see Table 2), we conduct robustness check after 
removing extreme z-values from the original data. Table 7 in Appendix D shows the 
robust results after winsorization.

In summary, Table 5 interestingly shows that during AI’s period of emergence, 
firm and non-firm collaboration papers satisfied both conditions of higher conven-
tionality and novelty than non-firm papers. According to observations in Uzzi et al. 
(2013), publications that satisfy the conditions of both outstanding novelty and con-
ventionality are likely to have high impact in the long run. In this regard, our find-
ings imply that during the recent development of AI, collaborations between firms 
and universities have produced new knowledge that is likely to be critical in the long 
run.

5  Discussion and conclusion

This study investigated the influence of firms’ research publication on the evolution 
of published knowledge over the period of the resurgence of a science-related tech-
nology, specifically, AI. The empirical results suggest that papers with firm-affiliated 
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authors, particularly those with only firm-affiliated author(s), have had a signifi-
cantly higher influence on the direction of published knowledge evolution than other 
types of papers evaluated in this study. In addition, we show that collaborations 
between firms and non-firms have played a pivotal role in producing more conven-
tional and novel knowledge. This finding suggests that the collaborated papers are 
likely to include potentially salient knowledge in the long run.

The results of this study are largely attributable to the distinctive characteristics 
of AI; therefore, we extend them in consideration of the boundary conditions out-
lined in Section 2.4. In addition to the technological nature of the study’s subject, 
we emphasize on the industrial context in which the assets necessary to develop and 
commercialize AI are concentrated in firms. We expect that the findings of this study 
would be extended to sectors in which the circumstances of the technology itself and 
the distribution of complementary assets are similar to those of AI. Despite con-
straints in generalizing the findings of this study, we, nevertheless, link our results to 
findings in the literature to explain our contributions.

Our findings imply that under high technological uncertainty, researchers can be 
tempted to focus their efforts on the research areas in which firms have published. 
The finding extends an argument of Hicks (1995) that firm papers signal the pres-
ence of unpublished tacit knowledge and resources of the respective firms. We 
showed that when firms’ unpublished assets can be used to contribute to the inno-
vation and knowledge frontier of an emerging science-related technology, their 
publishing can affect the type of knowledge that researchers produce (i.e., where to 
focus their research efforts).

In terms of the evolution of science-related technology, our findings suggest a 
case in which published knowledge is significantly driven by private investments 
instead of public ones. This is an interesting but less studied phenomenon, requir-
ing further investigation to understand its implications. While the support of pri-
vate money has led to the evolution of published knowledge, we find that both firms 
and non-firm entities have contributed to knowledge evolution through their own 
strengths.

Our results have implications for science and technology policies. First, while 
our main interpretations focus on non-firm researchers who collaborate with firm 
researchers, the basic statistics in Table 2 show that most papers are still produced 
solely by non-firm researchers. This implies that many researchers in universities 
and public research institutions have addressed topics less attended by firms. The 
diversity of knowledge maintained by non-firm researchers is necessary to create 
another breakthrough in the future (Nieto and Santamaría 2007; Uzzi et al. 2013). 
In this vein, to sustain diversity in research topics, which will trigger another break-
through in the long run, greater public funding for AI research should be allocated to 
research topics in which firms are less interested in.

Second, innovation can be achieved only when the components relevant to tech-
nology commercialization are successfully coordinated. Although the private sector 
invests in and leads AI research in which they have complementary assets, there may 
be hurdles firms cannot easily handle in the long process of innovation. For example, 
although firms interested in autonomous vehicles invest significantly in and impact 
computer vision and robotics research, infrastructure and ethical issues remain 



1 3

Firms’ influence on the evolution of published knowledge when…

critical challenges to successful commercialization and adoption of autonomous 
vehicles. This concern is relevant to the concept of “reverse salients” (Hughes 1987), 
which indicates factors deterring innovation within a system, including technological, 
institutional, market, infrastructure, and legal aspects (Bijker et al. 1989; Mulder and 
Knot 2001; Takeishi and Lee 2005; Murmann and Frenken 2006). To make the firms’ 
investment in knowledge production more meaningful, the government should help 
mitigate potential obstacles to innovation that private actors cannot handle easily.

The implications of the role of public funding are relevant to recent evidence of Chi-
na’s emergence in the field of AI. In line with our results, Lundvall and Rikap (2022) 
suggested the concept of “Corporate Innovation System” in the field of AI, underlin-
ing the dominant role of tech giants in leading the direction of the field evolution. In 
particular, the authors emphasize the co-evolution between the national and corporate 
innovation systems in China, which offers a new window of opportunity for the coun-
try. China’s government has provided a stepping stone for the country to catch up in AI 
by funding AI research of top universities and public research institutions and investing 
in AI-related infrastructure, such as markets for data and digital services. The case of 
China shows the importance of the government’s role in supporting targeted areas that 
can facilitate innovation, given that firms lead knowledge development in the field.

From the perspective of firms, the results can be interpreted to mean that firms 
engaged in publishing have had opportunities to drive knowledge evolution in the 
direction they chose to publish—opportunities that imply such firms’ research 
investments have gained legitimacy. A desirable scenario for firms investing in AI 
research is that the emerging knowledge evolves in a direction that enables them to 
leverage their resources and capabilities efficiently. Therefore, the value of gaining 
legitimacy for a firm’s research investment in an uncertain technology is significant.

Some of the limitations of this study suggest future research directions. The first 
limitation of this study is the uncertain scope of generalizing the results. Although 
we highlight the scope covered by this study, future studies are needed to investi-
gate whether and how firms publishing on areas other than AI can (differently or 
similarly) influence the evolution of published knowledge. Second, while this study 
sheds light on the implications of firms’ publications from the policy perspec-
tive, another area that must be studied is when firms can benefit from publishing. 
Although prior studies have shown some of the motivational aspects of publishing 
for firms (Rosenberg 1990; Hicks 1995; Polidoro and Toh 2011), the consequences 
of publishing remain an unanswered question. Accordingly, future studies should 
explore firms’ benefits from publishing from such aspects as, say, knowledge spillo-
vers and incentivizing firm-affiliated researchers. Third, although we used categor-
ical variables to distinguish firm papers, future studies can use more fine-grained 
measures reflecting the exact share of firm-affiliated authors in paper to get further 
understandings of firms’ engagement in research publication. Lastly, reflecting on 
the results of the present study, further consideration of firms that forge deep links 
with universities is needed. We show that firms not only provide significant funding 
to university researchers but also help build the main research trajectories for some 
emerging science-related technologies. This provides evidence of the bidirectional 
impact between industry and academia. Future studies are needed to investigate the 
details of such bidirectional linkages in more depth.
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Appendix A

Note: The primary technology field where each firm focuses on is determined by its 
patents. We use the PATSTAT database, which provides worldwide patent informa-
tion obtained from global patent offices. The PATSTAT database includes 35 tech-
nology fields of patents, which are referred from the World Intellectual Property 
Organization (http:// www. wipo. int/ export/ sites/ www/ ipsta ts/ en/ stati stics/ paten ts/ 
xls/ ipc_ techn ology. xls). A firm is regarded as focusing mainly on a specific technol-
ogy field for which it has applied the largest proportion of its patents in the period 
2006–2016

Fig. 2  Number of firms focusing on each technology field

http://www.wipo.int/export/sites/www/ipstats/en/statistics/patents/xls/ipc_technology.xls
http://www.wipo.int/export/sites/www/ipstats/en/statistics/patents/xls/ipc_technology.xls
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Fig. 3  Number of papers published in the selected conferences and journals by major firms
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Appendix B

Note: In this figure, each node is a paper, and each link connects from the cited to 
the citing papers. For example, the SPNP value of the link D–E is 24 because there 
are 24 (4×6) paths beginning from A, B, C, and D (A, B, and C are D’s ancestors) 
and ending at E, G, H, I, J, and K (G, H, I, J, and K are E’s descendants).

Fig. 4  Proportion of total firm papers and its subgroups (i.e., firm-only papers and firm and non-firm col-
laboration papers)

Fig. 5  An example of the main 
paths (red lines) based on the 
Search Path Node Pair values
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Appendix C

DTM (Blei and Lafferty 2006) is a generative model for analyzing the evolution of 
topics of documents over time. Like other static topic models (e.g., Latent Dirichlet 
Allocation), a document is regarded as a mixture of unobserved topics and a topic 
defines a multinomial distribution over words. A topic is drawn from the mixture 
and a word is drawn from the multinomial distribution corresponding to that topic. 
However, in the DTM, documents are organized into time slices and the documents 
in each time slice are modeled with a k-topic model. The detected topics evolve from 
the last time slice’s topics, generating a chain-like topic evolution (see Fig. 6).

Note: This figure illustrates the evolution of one of the AI-related topics used in 
our main analysis. We can observe that the priority of words related to this topic 
changes over time (e.g., the priority of “Kinematics” increases over time, and “Kin-
ematicModel” first appears in the top ten in 2011), while dominant words are main-
tained overall across time. Considering these characteristics, using DTM allows us 
to reflect better the rapidly evolving nature of recent AI when we compute z-score 
based on yearly topic combinations

Fig. 6  An example of topic evolution (the top 10 words from the inferred posterior distribution are 
reported in descending order).
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