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My dissertation examines the consequences of open-science publications for firms in 

artificial intelligence sectors. I develop and empirically test a theory of the impact of publications 

on a firm’s ability to shape external knowledge sources, innovate cumulatively, and realize long-

term, generative value from their inventions. Publications trigger a “broadcast search” process 

that helps a firm attract a diverse pool of highly original external follow-up inventions. 

Moreover, publications serve as a common knowledge interface that facilitate the inventing 

firm’s learning from the external follow-up inventions. As a result, the focal firm not only 

creates more internal cumulative inventions, but also inventions from a broader spectrum of 

technology fields and of higher private value. I further explore various contingencies in the 

benefits of publications. Firms differ in their ability to benefit from the publication-triggered 

learning: diversification in a firm’s upstream technological assets facilitates the firm to learn 

more effectively, while diversification in a firm’s downstream industry scope enable the firm to 

capture more financial profits from publications. Empirical analyses based on publication and 

patenting activities of 237 AI-active publicly-traded firms in the U.S. provides support for my 

theoretical arguments.  
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CHAPTER 1 

INTRODUCTION 

Firms conduct in-house research to create inventions that help them gain favorable 

market positions (Schumpeter, 1942; Schumpeter, 2000) and cultivate capability that helps them 

absorb external knowledge (Cohen & Levinthal, 1990). But why would they publish their 

research output in open science communities? When firms publish academic papers on their 

inventions, more so than patents, these papers broadcast the inventions—or their underlying 

knowledge—to the world (Sorenson & Fleming, 2004). As publications trigger knowledge 

spillover, the canonical view is that they hurt the firm’s ability to capture monopoly profits from 

the invention (Gans, Murray, & Stern, 2017). Given that the ultimate goal of doing in-house 

research is to create inventions that help firms secure monopoly market positions and capture 

profits (Nelson, 1959; Rosenberg, 2010), it seems unlikely that firms would voluntarily publish 

papers. Yet, despite the danger of misappropriation, it has been shown that in many industries, 

for-profit firms not only publish actively in open science communities (Arora, Belenzon, 

Patacconi, & Suh, 2020a; Ding, 2011; Hicks, 1995) but also devise pro-publication 

organizational structures and incentives (Cockburn & Henderson, 1998).  

 To unpack this puzzle, various strands of research have examined the consequences of 

firm publications. Most of these studies suggest that publications bring strategic benefits which 

outweigh the danger of knowledge spillover. For example, it has been argued that firms use pro-

publication incentives to attract and keep talents (Nelson, 1959; Rosenberg, 2010; Stern, 2004), 

publish defensively to invalidate competitors’ future patent claims (Baker & Mezzetti, 2005; De 

Fraja, 1993), or use publications to signal the legitimacy of a firm’s technology to regulators 

(Polidoro Jr & Theeke, 2012), suppliers (Harhoff, Henkel, & Von Hippel, 2003), complementors 
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(Spencer, 2003), and users (Simeth & Raffo, 2013). All of these strategic benefits help the firm 

gain a favorable market position, which may compensate for the potential loss due to knowledge 

spillover. There is also a strand of work that focuses on how publications enable firms to access 

external knowledge (Cockburn & Henderson, 1998; Hicks, 1995; Simeth & Raffo, 2013). 

Publications signal the firm’s credibility, openness, and the existence of unpublished tacit 

knowledge to potential academic collaborators. Therefore, publications help firms attract 

external academic collaborators and in turn, access frontier knowledge from the scientific 

community.  

However, the existing studies are still incomplete because they see inventions in the short 

term. An invention—defined as a new combination of knowledge components1 or a 

reconfiguration of existing combinations (Fleming, 2001; Fleming & Sorenson, 2001; Henderson 

& Clark, 1990)—has immediate and long-term value. Inventions not only provide an immediate 

value as it is commercialized into a product or service, but also has a long-term, generative value 

by being “a seed for future concepts and ideas” (Ahuja, Lampert, & Novelli, 2013: 248; Arrow, 

1962; Nelson, 2009) that triggers follow-up inventions. Therefore, for the inventing firm, 

inventions provide a long-term, generative value—defined as the pool of cumulative inventions 

that the firm creates building on the original invention and the train of follow-up inventions.  

Existing accounts take a short-term view of publications’ impact on a firm’s ability to 

create and capture an invention’s value. Most studies examine publications’ effect on immediate, 

commercial value capture: some studies argue that the knowledge spillover that publications 

trigger hurts an invention's immediate, commercial value (the canonical view, Gans et al., 2017); 

 
1Components denote the ideas, concepts, and hardware that constitute inventions. Schumpeter, J. A. 1939. Business cycles: 

McGraw-Hill New York. 
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others posit that publications add value by attracting and retaining talents (Nelson, 1959; 

Rosenberg, 2010; Stern, 2004), invalidating competitors’ future patent claims (Baker & 

Mezzetti, 2005; De Fraja, 1993) or by signaling legitimacy to key stakeholders (Harhoff et al., 

2003; Polidoro Jr & Theeke, 2012). Some studies take a step back and theorize that publications 

earn a firm ticket to the broader scientific community. This access allows for the absorption of 

frontier knowledge from the scientific community’s (Cockburn & Henderson, 1998; Hicks, 

1995; Simeth & Raffo, 2013; Stern, 2004). While this line of work examines learning—a long-

term goal, it focuses mainly on how publications help firms access existing knowledge in the 

scientific community. Knowledge creation in the scientific community, nonetheless, has been 

assumed to be exogenous to firms (Dosi, 1988; Nelson, 2009). It has not considered that 

publications may help a firm influence the creation of future knowledge by shaping cumulative 

innovation activity around the firm’s inventions in ways that facilitate the firm’s learning. In 

sum, the short-term focus of existing literature prevents us from a complete understanding of 

publications' long-term consequences (for some pioneering conceptual work, see Agarwal, 

Audretsch, & Sarkar, 2010; Alexy, George, & Salter, 2013). 

Little work has examined the impact of publications on the generative value of firm 

inventions. This neglect is critical. To illustrate, consider an invention on 3D modeling of human 

faces for which Microsoft filed a patent in 2005. In the meantime, Microsoft published four 

papers in academic journals and conferences on this invention, which the 2005 patent cited as 

non-patent literature. According to existing explanations, these open-science publications may 

affect Microsoft’s ability to capture commercial value from this patent. Yet, both the technical 

design and the commercial prospect of this invention were immature at the time of patent 

application. Thus, Microsoft did not turn it into a product immediately. Does this mean the 
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invention had no value or that the four Microsoft publications had no impact on value capturing 

from this patent? The answer to both questions will be yes if we only consider the immediate, 

commercial value of this invention. However, the picture is quite different if we consider the 

generative value of the invention. This invention attracted 280 follow-up patents (based on 

forward citations), including those from firms in a variety of industries such as film, medical 

equipment, and optical components industries. One of the follow-up inventions was a patent in 

2010 on rapid image sequence, filed by an entertainment company called Legend 3D. Microsoft 

found this invention quite insightful and built on it to create three follow-up inventions 

themselves. Even more, Microsoft researchers continued this line of cumulative innovation to 

create 26 more inventions building off the three follow-up inventions. Not only did Microsoft 

created more inventions off the line of follow-up, cumulative innovation triggered by their 

original 2005 invention, it also captured substantial commercial profits from the follow-up 

inventions they created: Microsoft commercialized or licensed out most of the 29 follow-up 

inventions because they are closer to industrial application.  

This example shows how a short-term focus limits our understanding of value creation 

and capturing from an invention. Importantly, as existing literature focuses on how publications 

affect firms’ capturing of the immediate, commercial value of their inventions, we have little 

knowledge of how publication affects an invention’s generative value. My dissertation shifts the 

focus of existing literature and turns the coin to the side. Building on the key insight that an 

invention has a long-term, generative value alongside a short-term, commercial value (Ahuja et 

al., 2013),  I study firm publications focusing on their impact on the generative value rather than 

the immediate value of inventions. I develop and test a theory of how firm publications affect the 

realization of the generative value of the associated inventions by facilitating the inventing firm 
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to attract and learn from external follow-up inventions. I then look into the tradeoff between the 

immediate and the generative value of an invention to investigate firm-level contingencies that 

impact a firm’s ability to benefit from the publication-triggered learning process, both in 

innovation performance and in financial profitability. In all theorizing and empirical analyses 

onward, the focal actor is the inventing firm that houses researchers and inventors who invent, 

file patents, and publish. In theorizing at the firm level, I am assuming that the focal firm has 

some minimum capability of knowledge storage, transmission, and reuse that protects the 

organization from some level of research staff turnover. 

 I focus on radical, general-purpose technologies as my scope condition (GPT hereafter). 

GPTs are defined by three characteristics: 1) they have a generic function potentially applicable 

to a large set of end-use industries; 2) they are capable of continuing technological 

improvements; and 3) they enable and are enabled by innovations in end-use industries 

(Bresnahan, 2010; Bresnahan & Trajtenberg, 1995; Feldman & Yoon, 2011; Gambardella & 

Giarratana, 2013). Radicalness refers to the existence of technological discontinuity in the 

technology sector (Anderson & Tushman, 1990; Tushman & Anderson, 1986). In such sectors, 

the initial formation of a generic invention is usually far away from commercial application and 

thus has limited immediate commercial value. Yet, the potential for generative value could be 

huge if subsequent iteration successfully improves the original invention technologically and 

commercially. Yet, in realizing the generative value of their inventions, firms in radical GPT 

sectors face substantial technological and market uncertainty (Teece, 2018). Because the 

generative value of inventions is critical yet challenging to realize, it is important to study how 

publications impact inventions’ generative value in radical GPT sectors.  
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Within this scope condition, I focus on artificial intelligence (AI hereafter) technologies 

as my context. AI technologies are learning systems that has the potential to be on par with, or 

better than human at a task typically performed by humans (WIPO, 2019). As a group of general-

purpose technologies (GPT hereafter), the value of AI technology inventions depends on their 

successful application in a wide range of end-use industries (Agrawal, Gans, & Goldfarb, 2019; 

Cockburn, Henderson, & Stern, 2018). Empirically, I tracked the technology profile, open-

science publications, and cumulative innovation activities of U.S. publicly-traded firms that 

actively patent in the AI sector by looking at their patenting and publication activities.  

I make two contributions to existing literature. First, I provided a theory of how firms 

learn through publications in the long term. As mentioned earlier, there has been work showing 

that publications help firms engage with and absorb frontier knowledge from the external 

scientific community (Cockburn & Henderson, 1998; Hicks, 1995; Simeth & Raffo, 2013; Stern, 

2004). While this line of work does examine learning, the focus is still on the short-term: how 

publications help firms access existing knowledge in the scientific community; knowledge 

creation in the scientific community, nonetheless, has been assumed to be exogenous to firms 

(Dosi, 1988; Nelson, 2009). It has not considered that publications may help a firm influence the 

creation of future knowledge by shaping cumulative innovation activity around the firm’s 

inventions. Moreover, it is unclear whether and how the publication-triggered learning help firms 

overcome path-dependence in learning in any way. In response to both gaps, I explicate how 

publications help firms attract and learn from distant others effectively, thereby overcoming path 

dependence in learning. 

Second, different strands of work have each emphasized either the competitive (Gans et 

al., 2017; Polidoro Jr & Theeke, 2012; Spencer, 2003; Stern, 2004) or the learning consequences 
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of firm publications (Cockburn & Henderson, 1998; Hicks, 1995; Simeth & Raffo, 2013). Yet 

rarely do past work consider the two together. Obviously, both the risks of knowledge spillover 

along with the related competitive concerns, and the potential learning benefits are important to 

consider when firms decide whether and how much to publish. Since competitive and learning 

consequences are in conflict, firms need to manage the tradeoff between the two. My dissertation 

looks deep into this tradeoff between the competitive and learning consequences. More 

specifically, I investigate firm-level contingencies that shape the consequences of firm 

publications. Past work has examined how a firm’s technology field (Spencer, 2003), 

competitive environment (Baker & Mezzetti, 2005; De Fraja, 1993; Polidoro Jr & Theeke, 

2012), intellectual property regime (Gans et al., 2017), and availability of external knowledge 

(Simeth & Raffo, 2013) shape incentives for corporate publication. Nevertheless, missing from 

this literature are firm-level contingencies. At the firm level, firms’ upstream and downstream 

asset positions determine their ability to create and defend their inventions; I thus examine how 

these firm characteristics affect their ability to benefit from publications both in their innovation 

performance as well as in financial profitability.  

In addition to these major contributions made to the literature on firm publications, my 

dissertation has implications for ongoing streams of research in organizational studies, strategy, 

and innovation including organizational learning, technology evolution, and firm strategies in 

GPT sectors. The findings from this dissertation also have important managerial implications. I 

discuss these implications at the end of the dissertation.  

The rest of my dissertation is organized in the following way: Chapter 2 reviews existing 

literature on firm publications and provides a critique. Chapter 3 outlines my theory and 

hypotheses. Chapter 4 describes the context of my studies, the data I drew on, and the methods I 
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used. Chapter 5 presents the main results testing my hypotheses. Chapter 6 presents findings 

from additional analyses exploring various contingencies in the consequences of firm 

publications. Chapter 7 concludes the dissertation with a summary of key takeaways and a 

discussion of my contributions, limitations, and future research directions.  
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CHAPTER 2 

LITERATURE REVIEW AND CRITIQUE 

2.1 The Phenomenon 

The question of why firms publish in open science communities consists of two inter-

related sub-questions: the first question is why firms conduct in-house research (that leads up to 

publications). This question has a relatively straightforward answer: firms do in-house basic 

research for two purposes: first, they hope to create inventions that give them a period of 

monopoly position in the market (Schumpeter, 1939). Second, knowledge and technological 

know-how accumulate in the process of basic research, which facilitates firms in evaluating, 

absorbing, and utilizing knowledge spillovers from their competitors and technology 

developments in the academic community (Arora & Gambardella, 1994b; Cohen & Levinthal, 

1990; Nelson, 1959; Rosenberg, 2010). 

 The second question is why firms disclose their research outputs and the underlying 

knowledge in open science communities? This question has been a classical puzzle for 

innovation scholars. The primary motivation for in-house research is to gain monopoly profits 

through inventions, but publications may expose a firm’s inventions to competitors and thus hurt 

the firm’s ability to capture the monopoly profits. Firms may protect their monopoly profits by 

seeking intellectual property protection for their inventions while publishing, but such protection 

is usually imperfect (Cohen, Nelson, & Walsh, 2000). Even if the core invention is indeed 

protected via patents, the related open-science publication still provides additional information 

about the underlying knowledge of the invention, which helps the firm’s competitors understand, 

go around, and create substitutes for the invention (Hartmann & Henkel, 2020; Polidoro Jr & 
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Toh, 2011). Given all of these considerations, it seems counter-intuitive why firms would 

voluntarily publish.  

However, firms do publish, although the intensity of corporate publications varies over 

time, across industries and across firms. From the 1920s to the 1970s, when large corporate labs 

were primary producers of technological breakthroughs, firms actively participated in open 

science communities (Gordon, 2016). Hicks (1995) estimated that, during this period, large firms 

contributed to the academic literature as much as, if not more than mid-sized universities. In 

1980-1989, firms produced 6% of Dutch open-science publications (De Bruin, Moed, & 

Schoneveld, 1992). In 1991, companies published 8% of papers in the U.K. (Hicks, 1995; Hicks 

& Katz, 1996) and 9% of science and engineering papers in the U.S. (Board, 1993). For-profit 

firms not only published a substantial number of papers (Hicks 1995), but also created 

organizational incentives, structures, and cultures that promote publication activities (Cockburn 

& Henderson, 1998; Henderson & Cockburn, 1994). For example, Cockburn and Henderson 

(1998) noted that senior research scientists and managers at large pharmaceutical firms stressed 

the importance of having pro-publication incentives and reward and promote research staff on 

their productivity in the open-science community.  

From the 1980s, firm publications begun to decline as firms started to withdraw from 

basic scientific research, shut down large corporate research labs, and look to external sources of 

knowledge and inventions (e.g. from universities and small start-ups) (Arora, Belenzon, & 

Patacconi, 2018; Arora et al., 2020a; Mowery, 2009). Arora et al. (2018) documented that, across 

industries, publicly-traded U.S. firms publish fewer papers, especially high-quality papers, over 

the period 1980-2006.  
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A notable exception to this cross-industry decline in corporate publication is the 

increased presence of large companies in academic publications in the AI sector. Hartmann and 

Henkel (2020) show that, when looking at publications at major AI conferences in the period of 

2004-2016, the share of publications by firms increased significantly. Over the same period, 

corporate publications decreased in other information technology (IT) fields. Moreover, the 

quality of corporate publications is on par with, if not superior to, academic publications. The 

corporate publications in open science communities are also of higher commercial value than 

that of their academic counterparts. Notably, corporate publications are dominated by a small 

group of large technology companies. 

It seems that open science publications entail some strategic benefits for firms, which 

motivate them to publish despite the danger of knowledge spillover and reduced monopoly 

profits. Also, such benefits and the resulting motivation for publications likely vary over time, 

across industries and across firms, shaping different levels of firm engagement in open science 

publications.  

2.2 Existing Explanations 

Past literature has looked into some of the strategic benefits and provided explanations 

for firm publications (for a review, see Pénin, 2007). The existing explanations can be broadly 

grouped into two camps: one emphasizing the competitive consequences of publications, the 

other highlighting the learning benefits. 

A large portion of existing work examined ways that publications affect firms’ 

competitive positions. First, publications could be an effective signaling device. Publications in 

academic journals or top-tier conferences are scrutinized and certified by a group of interest-free 

expert scientists. Therefore, publications may help firms gain visibility, legitimacy (Polidoro Jr 
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& Theeke, 2012), and reputation (Pénin, 2007) for their technologies among regulators (Polidoro 

Jr & Theeke, 2012; Spencer, 2003), suppliers (Allen, 1983; Harhoff et al., 2003), complementors 

(Cusumano & Gawer, 2002), and users (Harhoff, 1996), and thus increase the demand for their 

products.  

Second, firms have used publications as a defensive strategy against their competitors: a 

publication establishes a prior art, which would invalidate a future patent application by their 

competitors and thus dampen the latter’s chance of gaining market dominance (Baker & 

Mezzetti, 2005; De Fraja, 1993; Simeth & Cincera, 2016). By undercutting their competitors’ 

competitive advantage, publications help strengthen the focal firm’s market positions.  

Third, publications may improve a firm’s competitive position by helping it attract and 

retain high-quality research-oriented employees (Ding 2011; Nelson 1959; Rosenberg 2010; 

Stern 2004). The rationale behind this explanation is that firms benefit from having research 

scientists with academic backgrounds, especially when the firm competes in a fast-moving 

technological field. These research scientists afford the firm greater ability to fight the innovation 

battle and create market-changing inventions. So far as these research scientists intrinsically 

value rewards in open science communities (Ding, 2011; Gans et al., 2017; Sauermann & Roach, 

2014), firms may intentionally deploy pro-publication organizational structures and incentive 

schemes to attract and retain talents.   

 Alongside explanations emphasizing the competitive consequences of publications is 

relatively smaller literature examining how publications affect firms’ ability to learn. This stream 

of work is related to, yet different from the absorptive capacity literature (Arora & Gambardella, 

1994b; Cohen & Levinthal, 1990), which stresses that conducting basic research help firms 

absorb external knowledge. Surely, conducting in-house basic research help firms accumulate 
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technological knowledge and tacit know-how for evaluating, absorbing, and utilizing external 

knowledge. Yet, it is a different question whether the by-product of in-house basic research—

publications—has an impact on firm learning above and beyond the effect of in-house research 

itself.  

Several scholars suggest the answer is yes. Hicks (1995) theorizes that publications earn 

firms a ticket to the scientific world: they signal the firm’s openness and competence in basic 

research, as well as the existence of unshared, tacit knowledge to academic scientists, attracting 

them to communicate with and collaborate with firms. In industries experiencing major 

technology breakthroughs, such communication and collaboration play an important role in 

keeping firms abreast with frontier technological knowledge, which often resides in universities 

and public research institutions (Arora & Gambardella, 1994a; Moeen & Agarwal, 2017; Powell, 

Koput, & Smith-Doerr, 1996). Similarly, Cockburn and Henderson (1998) argue that 

publications in open-science communities keep firms connected with the external academic 

community. Such connectedness is associated with greater performance in drug discovery for 

pharmaceutical companies, and thus a substantial return to investment in basic research. This is 

incredibly important for firms in sectors experiencing technological breakthroughs (Agarwal, 

Moeen, & Shah, 2017; Anderson & Tushman, 1990; Owen-Smith & Powell, 2004; Powell et al., 

1996; Tushman & Anderson, 1986). As such, so far as publications enhance learning, it should 

help firms realize the generative value of their inventions. 

2.3 Critique  

 The existing accounts have been illuminating. Yet, they are still incomplete as they are 

mostly based on a short-term view of inventions and how inventions create value for firms. An 

invention has two different values. On the one hand, an invention is a solution to a problem, 
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which could be commercialized into a product and earn profits in the market (Arrow, 1962). The 

profits that a firm obtains through the direct commercialization of an invention constitute the 

primary appropriability of the invention (Ahuja et al., 2013). On the other hand, an invention is 

input and trigger for future invention (Ahuja et al., 2013), which opens up a train of opportunities 

for follow-up inventions and commercialization. The original inventing firm may be able to 

create some of these follow-up inventions and capture a proportion of the profits obtained from 

these inventions. The firm’s capture of the follow-up inventions and profits constitutes the 

generative appropriability of the invention (Ahuja et al., 2013). Past studies on the competitive 

consequences of publications largely focus on publications’ impact on the primary 

appropriability of inventions (Baker & Mezzetti, 2005; De Fraja, 1993; Pénin, 2007; Simeth & 

Cincera, 2016). In contrast, little research has been done to examine how publications impact the 

generative appropriability of a publishing firm’s inventions. 

This neglect is critical because the generative value of inventions is essential for all firms 

doing research (Ahuja et al., 2013): first, initial iterations of an invention are often rudimentary, 

having limited technological and commercial viability; more importantly, full exploitation of an 

invention usually requires subsequent developments that apply the invention’s conceptual kernel 

in different end-use industries. Following this reasoning, an invention’s generative value is 

particularly vital for firms developing technologies that have broad industrial application 

potential. For inventions in these sectors, the inventing firm has the potential to develop and 

commercialize the subsequent iterations of a focal inventions, and thus realize the generative 

value of it in a wide range of end-use industries. For instance, facial recognition—a generic 

artificial intelligence technology—was created by computer scientists with no clear industry 

application in mind and thus had limited immediate, commercial value. Yet, it has substantial 
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generative value. The technology attracted a wide range of end-use industry follow-up inventions 

such as AI-compatible sensors and cameras. Combining the follow-up inventions with the 

conceptual kernel of facial recognition algorithms leads to subsequent iterations of the 

technology, which are commercially viable. The subsequent inventions ultimately bring firms 

profits in industries such as security, healthcare, and education. 

As summarized above, scholars have recognized learning as an important benefit that 

open-science publications bring to firms. Yet this literature still suffers from two inadequacies. 

First, existing accounts largely treat the external scientific knowledge as exogenous and stress 

that publications help firms to access existing, frontier knowledge. However, while science has 

conventionally been conceptualized as exogenous to firms (Cohen & Levinthal, 1990; Dosi, 

1988; Nelson, 2009), recent work in the sociology of science suggest that firms have significant 

influence on the production of knowledge in the scientific community, shaping the direction and 

focus of scientific discoveries (Evans, 2010b, 2010a). For example, industry collaboration 

induces academic scientists to turn away from confirming theory towards theoretically 

unanticipated experiments (Evans, 2010b). Therefore, as long as innovation is a cumulative 

process that to some extent cut across organizational boundaries (Jaffe, 1986; Trajtenberg, 

Henderson, & Jaffe, 1997), firms may shape, in important ways, the production of frontier 

knowledge in the larger technological and scientific community. Existing literature, however, 

hasn’t theorized about the possibility that, as publications spread the firm’s invention and 

knowledge, they may help the firm shape external, future knowledge in directions that facilitate 

their learning. Considering this possibility is important because the external knowledge pool 

provides the raw material for a focal firm to make subsequent recombinations. Therefore, the 
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content and characteristics of external knowledge, to a large extent, determine the focal firm’s 

ability to create the generative value of their inventions.  

 Second, as existing studies consider publication as a way of learning, they emphasize 

from whom the firm learns (the source of learning) and how knowledge flows (the channel of 

learning). Yet, it is still unclear how the publication-triggered learning process differs from other 

types of inter-organizational learnings such as technological alliances (Ahuja, 2000; Owen-Smith 

& Powell, 2004; Powell, 1996; Powell et al., 1996). On a deeper level, it remains a question 

whether, and to what extent, the publication-triggered learning process helps a firm resolve the 

fundamental trap in any inter-organizational learning: uncertainty of distant learning and the 

resulting path dependence (Ahuja & Katila, 2001; Levinthal & March, 1993; March, 1991). 

Critically, while learning externally increases the diversity of the knowledge available to a firm 

and thus the chances of creating novel inventions (Kneeland et al., 2020; Schilling, 2005; 

Schilling & Green, 2011), it entails great uncertainty as firms search in unfamiliar domains. 

Therefore, both the upside potential and search cost go up exponentially as the firm tries to learn 

from a diverse set of external sources (Ahuja & Katila, 2001; Fleming, 2001). As a result, it has 

been shown firms tend to explore the technological options that are familiar, mature and close to 

their original technological path. They also tend to partner with and learn from other firms that 

are proximate to them in either industrial focus (Henderson & Cockburn, 1996) or technological 

approach (Ahuja & Morris Lampert, 2001; Sorenson et al., 2006), or both. Does publication help 

firms overcome the difficulty of distant learning and the resulting path dependence as they try to 

enhance the generative value of their inventions? 

 My dissertation addresses these gaps. Building on the key insight that an invention has a 

long-term, generative value alongside the short-term, commercial value (Ahuja et al., 2013), I 
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study how publications affect firms’ ability to create and capture the generative value of their 

inventions and key contingencies involved in the process. I develop my theory and hypotheses in 

the next chapter.  
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CHAPTER 3 

THEORY AND HYPOTHESES 

3.1 Definitions and Scope Conditions 

 My dissertation examines how firm publications affect the generative value of the firm’s 

patented inventions and the tradeoff between the long-term, generative and the immediate, 

commercial value. With this theoretical focus, I set the scope condition to be firms developing 

and commercializing radical, general-purpose technologies (GPT). GPTs are defined by three 

characteristics: 1) they have a generic function potentially applicable to a large set of end-use 

industries; 2) they are capable of continuing technological improvements; and 3) they enable and 

are enabled by innovations in end-use industries (Bresnahan, 2010; Bresnahan & Trajtenberg, 

1995; Feldman & Yoon, 2011; Gambardella & Giarratana, 2013). Radicalness refers to the 

existence of technological discontinuity in the technology sector (Anderson & Tushman, 1990; 

Tushman & Anderson, 1986). As will be elaborated on in Chapter 4, for firms working on 

radical GPTs, the generative value of inventions is important, yet the creation and capturing of 

the generative value is challenging. Because of the importance of generative value and the 

challenge involved in realizing it in radical GPT sectors, it is theoretically important to 

investigate the impact of firm publications on the generative value of inventions in these sectors. 

In this chapter, I focus on theorizing within the scope condition outlined above. In the next 

chapter (Chapter 4), I introduce artificial intelligence technology sectors as a theoretical case. 

Before I start theorizing, it is crucial to define the concept of generative value. As 

elaborated on earlier, firms can create and capture both an immediate and a long-term, generative 

value from an invention. Figure 3.1 illustrates the process. The immediate value of an invention 

lies in its ability to solve a problem. As a result, it could be commercialized and generate profits 

in the product market immediately (path 1) (Arrow, 1962). The long-term, generative value of an 
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invention lies in the fact that it is an input and trigger for future inventions (Ahuja et al., 2013), 

(path 2). The original inventing firm may be able to create some of these follow-up inventions 

and capture a proportion of the profits. To capture such profits, a firm first establishes a pool of 

internal cumulative inventions built on the original invention and the train of follow-up 

inventions spawned by the original invention. Then, the firm commercializes some inventions 

from this pool. For analytical clarity, I define the outcome of the first process—a pool of 

cumulative inventions the focal firm creates that builds off the original invention and the train of 

follow-up inventions as the generative value of the firm’s inventions. I further define the 

creation of generative value as the process through which firm learn and create internal 

cumulative inventions, and the capture of generative value as profit-making from the cumulative 

inventions. 

------------------------------------- 

Insert Figure 3.1 about here 

------------------------------------- 

My research question asks how the association with same-firm publications affect the 

generative value of a piece of patented invention. A publication is associated with a patent when 

both are outputs of the same in-house research that generates the underlying invention. Consider 

the process illustrated in Figure 3.2. Usually, a firm’s in-house research generates a pool of 

knowledge, some of which may ultimately lead to a commercializable invention on which the 

focal firm files a patent. In this process, the firm can either publish a piece of underlying 

knowledge that has led to the firm invention (Alexy et al., 2013), the details of invention itself 

(Gans et al., 2017; Murray & Stern, 2007), both, or neither. As long as the firm publishes, the 
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publication reduces the barrier for others to access and learn from the inventions. Usually, the 

patent would cite the associated publications as non-patent literature.  

------------------------------------- 

Insert Figure 3.2 about here 

------------------------------------- 

How would publications affect the generative value of the associated invention? The 

focal firm creates the generative value of an invention when it builds internal cumulative 

inventions off the original invention and/or the train of follow-up inventions. Publications, by 

broadcasting a firm’s invention and the underlying knowledge to external innovators, provide the 

focal firm the opportunity to learn from the external follow-up inventions. Therefore, I develop 

my theory in two steps: the first step is about how publications affect the characteristics of the 

pool of external follow-up inventions, while the second step is about how publications affect the 

firm’s learning from the follow-up inventions.  

3.2 Publication as a Tool for Broadcasting Search 

Publications help broadcast a firm’s inventions to and then attract a wide range of 

potential follow-up inventors, which effectively resolves the innovation challenge of 

broadcasting search (see Chapter 4). My argument is built on a key insight from the sociology of 

science—publication differs from patenting as a broadcasting tool for both the focal firm and the 

broader technology community.  

 In principle, both publications and patents are disclosing devices. Yet a long line of 

literature in the sociology of science have highlighted that the effectiveness of patents and 

publications in diffusing knowledge are different as they are embedded in very different formal 

and informal institutions (Dasgupta & David, 1994; Huang & Murray, 2009; Sorenson & 

Fleming, 2004). Legally, a patent discloses an invention in exchange for a monopoly over its 
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intellectual property rights for a period. Both access to and usage of the disclosed invention are 

restricted. Informally, the norm is that firms use patents to extract monopoly economic rewards 

and prevent others from doing so. These formal and informal institutions shape the general 

expectation that patents are tools for exclusion rather than knowledge diffusion (Murray, 2010). 

In contrast, the act of publication is embedded in the norm of communism and open access. 

According to Merton (1942, 1973), the norm of communism ensures that when an invention is 

published in the open-science community, the property rights over the invention extend only to 

the credit associated with being the first to create it (Dasgupta & David, 1994; Merton, 1957). 

Access to and usage of the invention and/or its underlying knowledge are unrestricted if properly 

acknowledged in forward citations. These norms greatly facilitate knowledge diffusion and 

cumulative innovation (Merton, 1973).  

Building on this line of reasoning, Sorenson and Fleming (2004) theorize that publication 

engenders a “broadcast diffusion” process, significantly changing the nature of knowledge 

diffusion. Absent publications, the knowledge gained through research largely remain localized 

and travel mainly through interpersonal or inter-organizational networks (Owen-Smith & Powell, 

2004; Powell et al., 1996; Sorenson, Rivkin, & Fleming, 2006). Publications enable a shift from 

network diffusion to broadcast diffusion by making the research output available to anyone in the 

world (Sorenson & Fleming, 2004). This insight echoes the observation of Eric Schmidt and 

Jonanthan Rosenberg, former CEO and senior vice president of Google, in their discussion of 

Google’s “default to open” strategy in disclosing in-house research in the book How Google 

Works (Schmidt & Rosenberg, 2014): “Open allows you to harness the talents of thousands of 

people…no matter who you are, most of the smartest people work for someone else.” Such a 
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broadcasting search process impacts both the composition of external recipients and the nature of 

the inventions they create. 

 With publications, the firm is more likely to reach a more diverse pool of external follow-

up inventors and learn from them. This significantly changes the type of external source from 

which a firm learns. Previous research has shown that firms tend to partner with and closely 

follow the inventions of those firms that are proximate to them—the firms in the same industry 

(Henderson & Cockburn, 1996) or taking the same technological approach (Ahuja & Morris 

Lampert, 2001; Sorenson et al., 2006). However, as the associated publications broadcast a 

firm’s inventions to the entire world, they may attract external recipients that are marginal to or 

even outside of the focal firm’s organizational network. These marginal or distant recipients may 

come from divergent technological backgrounds and have a completely different set of 

technological knowledge and problem-solving heuristics (Jeppesen & Lakhani, 2010). With a set 

of diverse and distant external recipients, the resulting follow-up inventions likely come from a 

broader and more diverse spectrum of technological fields. This exposes the focal firm to 

unfamiliar technological knowledge and problem-solving heuristics that are contained in the 

follow-up inventions. Therefore, I hypothesize: 

Hypothesis 1a: the more same-firm publications are associated with a patented AI 

invention, the broader the technological scope of the external follow-up inventions are. 

Publications broadcast the focal invention and its underlying knowledge to distant 

recipients. As the distant recipients build on the focal firm’s invention to create follow-up 

inventions, they necessarily draw on knowledge components from divergent, distant sources. 

Recombination that connects distant pools of deep knowledge has the potential of generating 

inventions with greater originality (Fang, Lee, & Schilling, 2010; Kneeland, Schilling, & 
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Aharonson, 2020; Schilling, 2005; Schilling & Green, 2011). Moreover, the scientific knowledge 

revealed in the publications facilitates such recombination efforts. The scientific knowledge 

serves as a map that guides external recipients in their distant search by providing theoretical 

understandings of the properties of the various technological components and their relationships 

(Fleming & Sorenson, 2004). Such theoretical understandings help the external recipients 

eliminate fruitless technological options while being more persistent along theoretically correct 

paths.  Taken together, by attracting distant, marginal external recipients and facilitating their 

recombination efforts, publication enhances the originality of the attracted external follow-up 

inventions.  

Hypothesis 1b: the more same-firm publications are associated with a patented AI 

invention; the more original the external follow-up inventions are. 

3.3 Learning from Distant Others, At a Low Cost 

 Building on my first-step theorization that publications help a publishing firm attract of a 

pool of external follow-up inventions that are of broader scope and higher originality, I then 

theorize how publications affect the firm’s ability to learn from these external follow-up 

inventions. Here, learning is defined as the process through which the focal firm assimilates the 

knowledge from the external follow-up inventions to create internal cumulative inventions. 

Critically, I am concerned with whether, and to what extent, the publication-triggered learning 

process help firm overcome the fundamental of any inter-organizational learning as outlined at 

the beginning of this chapter: the difficulty of distant learning and the resulting path dependence.  

 The outcome of learning—the number and quality of internal cumulative inventions the 

focal firm creates—is ultimately determined by its effectiveness in recombining knowledge 

components in the external follow-up inventions and that in the focal firm’s internal knowledge 
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base (Fleming, 2001; Fleming & Sorenson, 2004). Assuming that the firm’s internal knowledge 

base is held constant, the success of their recombination efforts depends on the diversity of the 

knowledge pool from which the firm draws ideas: the more diverse the pool is, the more likely 

novel combinations could be construed (Cohen & Levinthal, 1990; Fleming & Sorenson, 2004; 

Jeppesen & Lakhani, 2010; Kneeland et al., 2020). To some extent, the firm would benefit the 

most when they have an external follow-up knowledge pool that is large, diverse, and distant 

from their existing internal knowledge pool, as novel recombinations come up when 

organizations make distant connections between deep pools of knowledge (Schilling, 2005; 

Schilling & Green, 2011).  

However, again, distant search increases not only the chances of hitting on novel 

combinations (Kneeland et al., 2020; Schilling, 2005; Schilling & Green, 2011) but also cost and 

uncertainty (Ahuja & Katila, 2001; Fleming, 2001). It may need to fail many times before 

reaching an optimal solution, and there is no guarantee that an optimum can be reached. Fleming 

(2001) noted that experimentation with unfamiliar knowledge components implies a decrease in 

the mean and an increase in the variability that can result in both failure and breakthrough. Katila 

and Ahuja (2002) posited that the integration of new knowledge components decreases the 

reliability of innovation projects as firms face technological and organizational challenges in 

doing so. Local search is low-cost but generates mediocre returns—it is easy to arrive at a 

satisfactory local optimum, but the upside potential of hitting on an exceptionally novel 

invention is also low (Fleming & Sorenson, 2004).  

Given the tradeoff between the upside potential and cost of distant search, a firm’s 

success in knowledge recombination would be greatly enhanced if it can search from a diverse 
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and distant knowledge pool at a low cost. The publication-triggered broadcasting search and 

learning process facilitate a firm to do so. 

 On the one hand, as elaborated on earlier, by broadcasting a firm’s research to the entire 

world, publications allow the firm to reach a diverse pool of external follow-up inventions which 

provides ample material for distant learning. Of course, not every one of the follow-up 

inventions would prove useful for the focal firm. Yet the enhanced size and diversity of the pool 

of follow-up inventions ensure that some novel and useful cumulative inventions will be 

generated by combining elements from the external inventions and the firm’s internal knowledge 

base (Jeppesen & Lakhani, 2010).  

On the other hand, publications should lower the cost of distant learning for the focal 

firm, making it more effective in creating internal cumulative inventions that are of great value to 

them. A firm's cost in learning from the publication-triggered external follow-up inventions is 

relatively low because publications provide a common scientific knowledge base for the external 

follow-up inventions and the firm’s internal inventive efforts (Alexy et al., 2013; Yang, Phelps, 

& Steensma, 2010). Even without publications, external follow-up inventions are cognitively 

close to the focal firm’s internal knowledge base anyway: since a follow-up invention builds on 

one of the firm’s original inventions, it must start with the technological problem with which the 

focal firm dealt or the technological solution the latter proposed (Alexy et al., 2013; Cohen & 

Levinthal, 1990; Lane & Lubatkin, 1998); follow-up inventors also need to translate the original 

invention’s underlying knowledge structure as well as the language used to describe such a 

structure (Jeppesen & Lakhani, 2010; Kotha, George, & Srikanth, 2013), and build the follow-up 

invention on these cognitive structures. Publications further strengthen such cognitive connection 

by providing a common scientific knowledge base for the external invention and the firm’s 
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internal inventive efforts. Publications reveal more details of the underlying scientific knowledge 

behind the focal firm’s original invention to external recipients, making it easier for the follow-

up inventors to build on such knowledge to create subsequent recombination (Sorenson & 

Fleming, 2004). As a result, it is likely that at least part of the scientific knowledge base of the 

external follow-up inventions is familiar to the focal firm, making it easier for the focal firm to 

absorb the unfamiliar knowledge contained in external follow-up inventions (Alexy et al., 2013; 

Cohen & Levinthal, 1990; Grant, 1996; Katila & Ahuja, 2002; Lane & Lubatkin, 1998). In other 

words, the scientific knowledge revealed in the publications serves as a bridge that connects the 

external follow-up inventions and the focal firm’s subsequent internal cumulative inventive 

efforts. 

Therefore, by serving as a common knowledge interface (Katila & Ahuja, 2002), 

publications make it more cost-effective for the focal firm to learn from external follow-up 

inventions and create internal cumulative inventions. As a result, for each original invention, the 

focal firm should create more internal cumulative inventions building off the train of external 

follow-up inventions. In other words, I expect the firm’s cumulative innovation unit output to be 

higher for inventions associated with same-firm publications than those not associated with 

same-firm publications.  

Hypothesis 2a: The more same-firm publications are associated with a patented AI 

invention, the more internal cumulative inventions the focal firm creates off the invention. 

The internal cumulative inventions the firm created will be of several characteristics. 

First, as I theorized earlier, the attracted external follow-up inventions come from a broader 

spectrum of technological background and are more original. The broader technological scope of 

external follow-up inventions exposes the firm to knowledge and problem-solving heuristics 
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from unfamiliar technological approaches which allow the firm to “step out of its competence 

trap” to learn alternative technological perspectives and problem-solving heuristics (Levinthal & 

March, 1993; March, 1991). The firm thus gains the ability to create inventions using a different 

technological approach than the one(s) with which they are originally familiar, thereby 

enhancing the technological scope of the firm’s internal cumulative inventions.  

Hypothesis 2b: The more same-firm publications are associated with a patented AI 

invention, the broader the technological scope of the internal cumulative inventions is. 

Second, the firm should be able to create internal cumulative inventions of greater private 

value. Here, by private value I mean the invention has a greater possibility to be commercialized 

by the focal firm and generate profits. The ultimate goal of creating internal cumulative 

inventions is to improve the technological and commercial viability of a generic invention and 

take it to the market. As the publication-triggered broadcasting search that attracts a broad 

spectrum of external recipients, it is likely the firm could learn from the follow-up inventions 

from various end-use industries. This exposes the firm to the technological know-how crucial for 

innovation in end-use industries, which over time cultivate the firm’s ability to create inventions 

in those industries. Such learning helps the focal firm improve the technological features of their 

original invention, making the subsequent inventions commercially more viable in the 

corresponding industrial context. In this way, the firm can effectively create commercially more 

valuable internal cumulative inventions from which they harvest private value. Therefore, I 

hypothesize: 

Hypothesis 2c: The more same-firm publications are associated with a patented AI 

invention, the higher the private value of the internal cumulative inventions is. 
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Another implication of the publication-triggered learning process is that the uncertainty 

involved in such learning is lower. The publication provides a common scientific knowledge 

interface that guides the focal firm in their search and recombination efforts. The scientific 

knowledge reveals the properties of the various technological components and their relationships 

(Fleming & Sorenson, 2004), which help the inventing firm eliminate fruitless technological 

paths, significantly reducing the failure rate. Thanks to the guidance of the scientific knowledge 

interface, the focal firm stick persistently along technological paths that are both technologically 

and commercially viable. As a result, the reliability of the firm’s distant search and 

recombination efforts is increased. Thus, I expect to observe a lower variance in the private value 

of the subsequent internal cumulative inventions when compared with the situation without the 

knowledge interface provide by publications. 

Hypothesis 2d: The more same-firm publications are associated with a patented AI 

invention, the lower the variance in the private value of the internal cumulative 

inventions is. 
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Figure 3.1 The Two Values of an Invention 
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Figure 3.2 Patents and Publications 
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CHAPTER 4 

DATA AND METHODS 

4.1 The Theoretical Case of AI 

 My theoretical case is artificial intelligence technologies. AI is a generic name for 

learning systems that has the potential to be on par with or better than humans at a task typically 

performed by humans (WIPO, 2019). I define AI firms as firms that develop and commercialize 

AI technologies. AI has been treated as a group of general-purpose technologies because it is 

radical, applicable to a wide range of industries, and relies on complementary innovations in 

those industries (Agrawal et al., 2019; Cockburn et al., 2018). AI technologies have been used to 

develop products in various industrial contexts such as security, healthcare, and automotive 

industry. To a large extent, the value of a generic AI invention depends on their successful 

application in a wide range of end-use industries (Agrawal, Gans, & Goldfarb, 2019; Bresnahan 

& Trajtenberg, 1995; Cockburn, Henderson, & Stern, 2018; Feldman & Yoon, 2011).  

Yet, the brief history of AI as a technology field suggests that finding homes for a generic 

AI invention in end-use industries is not easy. Figure 4.1 presents the brief history of AI and the 

key milestones. The academic discipline of artificial intelligence was born in 1956 at a workshop 

at Dartmouth College. In 1965, Herbert Simon, one of the early founders of the academic field of 

AI, optimistically predicted that “machines will be capable, within twenty years, of doing any 

work a man can do” (Simon, 1965). Yet this ambitious prediction was followed by several waves 

of optimism and then disappointments about the technology’s commercial application potential. 

The algorithms for deep learning, the horsepower of AI today, were first developed in 1970 and 

popularized in the mid-1980s (Rumelhart, Hinton, & Williams, 1985). In 1997, for the first time, 

the Deep Blue chess machine (IBM) defeated the then world chess champion. Computer 
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scientists believe this event marked a critical milestone in the progress of AI as it was the first 

time that an AI program surpassed the limits of human performance in chess playing—a complex 

task that well demonstrates human intelligence (Greenemeier, 2017). Yet, the commercial 

potential of AI remained dormant throughout the 1980s, the 1990s, and early 2000s. 

------------------------------------- 

Insert Figure 4.1 about here 

------------------------------------- 

From 2010 on, things began to change. Technologically, thanks to tremendous advances 

in computational power, increasing use of sensor devices, and availability of large amounts of 

data, deep learning methods began to approach or surpass human capacity in important 

perception and cognitive tasks (Hartmann & Henkel, 2020). Commercially, substantial efforts 

have been made by both start-ups and big technology firms to apply deep learning methods to 

various end-use industries such as security, automotive, healthcare, finance, and education.  

4.2 The Importance of Generative Value and the Challenge of Realizing It 

In trying to find industrial applications for generic AI inventions, the inventing 

companies face challenges: when one first creates a piece of AI invention, its technological 

design hardly meets any potential end-use industries’ needs (Gambardella & Giarratana, 2013; 

Gambardella & McGahan, 2010; Thoma, 2008) and thus yields limited immediate, commercial 

value. Nonetheless, because of the generic nature of the invention, it has endless possibilities of 

application in a variety of end-use industries and multiple subsequent technology development 

paths, promising huge generative value. To fully exploit such an invention's generative value, the 

inventing firm must develop subsequent iterations that apply the invention’s conceptual kernel in 



44 
 

one or multiple end-use industries. However, the inventing firm face two related uncertainties in 

doing so: market uncertainty and technological uncertainty. First, because the generic invention 

has broad industrial application potential, the original inventing firm faces market uncertainty as 

it usually lacks the necessary knowledge of all the potential end-use industries (Maine & 

Garnsey, 2006). In fact, it may not even know which industry(ies) is/are the best starting point. 

Second, because the technology is radical, the inventing firm also faces substantial technological 

uncertainty in developing subsequent iterations as there could be multiple potential technological 

paths going forward; it is uncertain ex ante which one is the most promising for a specific 

application in a specific industry (Anderson & Tushman, 1990; Tushman & Anderson, 1986).  

To overcome the market and technological uncertainties, the firm needs to learn broadly 

from a wide spectrum of technological fields and end-use industries. Importantly, the firms may 

learn from and build off relevant, complementary inventions, which not only reveal essential 

technological and market knowledge about the target end-use industries; but also provide 

material for the focal firm’s subsequent recombination and iteration (Bresnahan, 2010; 

Bresnahan & Trajtenberg, 1995; Feldman & Yoon, 2011). For instance, facial recognition—a 

generic AI technology—attracted end-use industry follow-up inventions such as AI-compatible 

sensors and cameras. These follow-up inventions triggered subsequent improvements in facial 

recognition technology, thereby enhancing its technological and commercial viability in 

industries such as security, healthcare, and education.  

In sum, the inventing firm need to find, assimilate, and build off relevant external 

knowledge to create subsequent iterations of their original AI inventions and to commercialize 

those subsequent inventions. To do so, the firm faces three challenges. The first challenge, which 

I call the challenge of broad search, refers to firms’ need to learn from a broad range of end-use 



45 
 

industries and technological fields. Breadth is important for three reasons. First, technically, 

inventions from a wide range of technological fields and end-use industries reveal the technical 

and commercial viability of the firm’s invention in these industries and provide the necessary 

technological knowledge for the firm to innovate in the industries. Second, commercially, end-

use industry knowledge reveals the technical viability and commercial applicability of the firm’s 

inventions in these industries, which enables the firm to make more informed decisions about 

market entry; as the firm gain knowledge about many different industries, it cultivates the ability 

to commercialize future inventions in these industries. Moreover, as will be elaborated on later, 

by combining knowledge and problem-solving heuristics from divergent sources, the focal firm 

is more likely to come up with high-quality inventions (Cohen & Levinthal, 1990; Fleming & 

Sorenson, 2004; Kneeland et al., 2020). 

 However, learning from a diverse set of external inventions also creates a second 

innovation challenge—the challenge of effective learning. Past research points to a critical 

tradeoff in the cost and upside potential of learning from diverse, distant sources (Fleming & 

Sorenson, 2004; Gavetti & Levinthal, 2000; Levinthal & March, 1993; March, 1991): while such 

a strategy increases the diversity of the knowledge available to a firm and thus the chances of 

hitting on novel combinations (Kneeland et al., 2020; Schilling, 2005; Schilling & Green, 2011), 

it also increases the cost of learning. As firms search in distant, unfamiliar domains, the variance 

of search outcome goes up, which means the firm may hit extraordinarily good outcomes, but 

also possibly extraordinarily bad outcomes, with the average outcome not necessarily better 

(March, 1991). Therefore, both the upside potential and uncertainty exponentially rise as the firm 

tries to learn from diverse, distant sources (Ahuja & Katila, 2001; Fleming, 2001). How to learn 

from these sources effectively becomes a big innovation challenge for an AI firm. 
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 Not only is the creation of subsequent inventions in end-use industries challenging, but 

the commercialization of them is challenging as well. I call this the third challenge: 

commercialization of subsequent inventions. A generic AI technology has the potential to 

commercialize in a wide range of end-use industries. Yet, to realize such commercial potential, 

the firm needs to own, acquire, or seek partners with downstream complementary assets in 

manufacturing, marketing, and sales in those industries (Gambardella & McGahan, 2010; 

Thoma, 2008). Ownership of the relevant complementary assets in all the end-use industries is 

rare (Teece, 2018). Acquiring or internally developing some of them is extremely risky, because 

in a sector with “Knightian uncertainty” such as a nascent GPT sector (Knight, 2012), 

committing resources to one path of development creates path dependence which forecloses 

opportunities on other paths (Lampert, Kim, & Polidoro Junior, 2020). Gaining flexibility and 

efficiency in commercializing generic AI inventions in the relevant end-use industries thus poses 

a serious challenge for innovating firms.  

 These three interrelated challenges characterize the hurdles AI firms face in creating and 

capturing the generative value of their inventions. Taken together, for AI firms, the generative 

value of their inventions is extremely important, yet the creation and capturing of such value are 

difficult. How would firm publications affect the firm’s creation and capturing of the generative 

value of their inventions? In fact, as Hartmann and Henkel (2020) noted, large AI-active 

technology firms have been publishing in open science communities actively in the past decade, 

despite a substantial decline in corporate publications in all other fields of IT. This makes the 

above question a really intriguing one to investigate. Thus, my empirical analyses focused on the 

context of AI.  



47 
 

4.3 Data and Sample 

4.3.1 Sample, Unit of Analysis, and Time Frame  

I focus on the publication and innovation activities of a sample of publicly-traded firms 

which filed IPO in the U.S. and are active in developing proprietary AI technologies. The unit of 

analysis is an AI patent filed by a firm. I examined patents/firms from 1995 to 2019. I chose 

1995 as the starting year because, due to changes in the U.S. rules, software patents became 

effectively protected by patents since 1995. Correspondingly, a sharp increase in corporate 

patenting of software patents was observed since 1995 (Cockburn & MacGarvie, 2011; Hall & 

MacGarvie, 2010). Within this time frame, I focused on all the AI patents filed by 237 AI-active 

publicly-traded firms which filed IPO in the U.S.A. 

4.3.2 Data collection  

I constructed my core dataset by identifying the firms’ patenting activities in the AI 

sectors, linking each AI patent to relevant same-firm publications, and tracking the external and 

internal cumulative innovation activities that happened around these firms’ AI patents. I also 

collected data on the overall patent profile of these firms and their yearly financial fundamentals 

and performances. Below I outline how I collected and constructed the dataset I used.  

 I started with all AI patents filed to the U.S. Patent and Trademark Office (USPTO) 

patent database between 1960 to 20192 and identified those filed by AI-active, publicly-traded 

U.S. firms. I used two primary data sources: the U.S. Patent and Trademark Office (USPTO) 

patent database and the Compustat firm database maintained by Wharton Research Data 

Services. First, from the USPTO patent database, I obtained all AI-related patents filed after Jan 

 

2 I collected data dating back to 1960 to identify historically AI-active firms. I used data from 1995 to 

2019 for my main analyses.   
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1, 1960, following the criteria outlined by the World Intellectual Property Organization (WIPO) 

in their 2019 AI technology trend report (WIPO, 2019). Second, I obtained information on all 

firms that have filed initial public offering (IPO) prospectuses with the U.S. Securities and 

Exchange Commission (SEC) from the Compustat database. Third, I matched the AI patents to 

Compustat firms following the name standardization and dynamic matching procedures used in 

the NBER PDP Project (Bessen, 2009), in which they matched USPTO patent data to Compustat 

firms3. The Appendix described the matching process in detail. With the matched set of firms, I 

identified the firms that actively engage in developing proprietary AI inventions with the 

following criterion: the firm filed at least one AI patents each year in more than 30 of the past 60 

years, or 10 of the past 20 years, or 5 of the past 10 years. This criterion ensures that my sample 

includes historically AI-active firms and younger firms that are recently AI-active. A firm enters 

the dataset at the time of its IPO and drops out when it files for bankruptcy, is acquired, or is 

privatized. 

I then identified the patents associated with same-firm publications from this sample. I 

did so by matching the non-patent literature these patents cited to the publications captured in 

Microsoft Academic Graph (MAG hereafter). I used the “Reliance-on-Science” dataset created 

by Marx and Fuegi (2019) for the matching procedure. The MAG captures more than 160 

million papers since 1800. Scholars have verified MAG's comprehensiveness by comparing its 

coverage with Google Scholar, Scopus, and Web of Science. Studies show that the coverage of 

MAG is on par with Google Scholar and, in many ways, superior to Scopus and Web of Science 

 

3 After the matching procedures, to ensure that the matched firms indeed filed AI patents, I searched the 

USPTO AI patent database with the standardized name of each matched firm and dropped the wrong 

matches. 
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(Hug & Brändle, 2017; Paszcza, 2016). A patent is associated with (a) same-firm publication(s) 

when the patent cited (a) papers on which one or more of the authors are affiliated with the firm 

that filed the patent. I matched patent assignee firm with paper author affiliation following the 

same name standardization and search procedure outlined above. 

I then tracked the first- and second-round of follow-up patents to each one of the patents 

in my sample through forward citations. Considering that follow-up invention patents received 

by an AI patent could be filed in a different country than the U.S., I complemented the USPTO 

patent database with the Google patent database. The Google database contains the entire 

collection of patent applications in 17 patent offices, including the European Patent Office, 

China’s National Intellectual Property Administration, the Japan Patent Office, the World 

Intellectual Property Organization (WIPO), and 13 others. 

With the above procedure, I created the main variables regarding the firm’s patented AI 

inventions, the associated same-firm publications, and the cumulative innovation activities 

around the inventions. I then went on to collect firm-level data regarding the firm’s overall 

patenting activities and yearly financial fundamentals and performances. From Google patent 

database, I collected data on all the patents filed by firms in my sample to construct variables 

regarding the firm’s overall patent profile. From Compustat firm database, I collected data on the 

yearly financial fundamentals and performance of all firms in my sample.  
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4.4 Variables  

 Table 4.1 summarizes the construction of all my key variables. 

------------------------------------- 

Insert Table 4.1 about here 

------------------------------------- 

Independent variable. Same firm publications. The key explanatory variable, same-firm 

publications, is the number of same-firm publications cited by an AI patent of a firm. 

 Dependent variables. Technological scope of external follow-up inventions. Hypothesis 

1a predicts that association with same-firm publications is related to an increase in the 

technological scope of external follow-up inventions a focal AI patent attracts. Conceptually, an 

external follow-up invention is one that 1) builds on the focal firm’s invention(s); 2) is filed by 

an entity other than the focal firm. With this criterion, I constructed a continuous variable, 

technological scope of external follow-up inventions, which equals the average number of 

distinct technology classes claimed by the external follow-up inventions attracted by a focal AI 

patent. The technology class(es) of an external follow-up invention is represented by its 3-digits 

USPC technology class number(s) (Hall, Jaffe, & Trajtenberg, 2001; Trajtenberg et al., 1997). 

 Originality of external follow-up inventions. Hypothesis 1b predicts that the association 

with same-firm publication is related to an increase in the originality of external follow-up 

inventions. Conceptually, a patented invention is original if it synthesizes ideas from divergent 

sources (Hall et al., 2001; Trajtenberg et al., 1997). Building on this basic understanding, I used a 

well-established measure for patent originality which captures the extent to which a patent cites 

past patents that comes from a wide range of technology fields (Hall et al., 2001; Trajtenberg et 

al., 1997). The originality measure is calculated in the following way: 
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𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝑖𝑡𝑦𝑖 =   1 − ∑ 𝑠𝑖𝑗
2𝑛𝑖

𝑗                (1) 

 𝑠𝑖𝑗 denotes the percentage of the backward citations a focal patent i made to past patents 

that belong to a patent class j, out of 𝑛𝑖 patent classes. 𝑛𝑖 denotes the total number of patent 

classes spanned by all backward citations made by the focal patent i. If a focal patent cites past 

patents that concentrates in one field, the measure will be zero. In contrast, if a focal patent cites 

past patents that belong to a wide range of fields, the measure will be high (close to one). Here a 

patent’s class(es) is represented by its 3-digits USPC technology class number(s). Originality of 

external follow-up inventions is a continuous variable which equals the average originality of the 

external follow-up inventions attracted by a focal AI patent.  

 Number of internal cumulative inventions. Hypothesis 2a predicts the association with 

same-firm publication is related to an increase in the number of the internal cumulative 

inventions to a focal AI patent. There, I constructed a continuous variable, number of internal 

cumulative inventions, which equals the natural logarithm of the number of internal cumulative 

inventions to a focal AI patent.  

Technological scope of internal cumulative inventions. Hypothesis 2b predicts that 

association with same-firm publications is related to an increase in the technological scope of the 

internal cumulative inventions created by the focal firms. Conceptually, internal cumulative 

inventions to a focal AI patent are patents that 1) cited one or more of the external follow-up 

inventions to the focal AI patent; 2) are filed by the focal firm. Similar to the way I constructed 

the measure for external follow-up inventions, I constructed a continuous variable, technological 

scope of internal cumulative inventions, which equals the average number of distinct USPC 

technology classes claimed by the internal cumulative inventions to a focal AI patent.   



52 
 

 Private value of internal cumulative inventions. Hypothesis 2c predicts that the 

association with same-firm publications is related to a higher private value of the internal 

cumulative inventions. As elaborated on earlier, the private value of a patent refers to the focal 

firm’s potential of commercializing the internal cumulative patents and earn profits. I used the 

family size as a proxy for the private value of an internal cumulative invention. A patent’s family 

size is the number of countries/jurisdictions in which the inventor has sought intellectual 

property protection for the focal invention. Family size captures the inventor’s perception of the 

private value of the invention: expansion of patent protection involves substantial additional 

cost—for each additional jurisdiction, there is translation fees, examination fees, attorney’s fees, 

etc.; the inventor would not choose to expand a invention’s family size unless they believe 

strongly that the private value of the invention is commensurate with the additional costs 

(Fischer & Leidinger, 2014). Past literature has tested the validity of family size as a measure of 

patent economic value and showed that family size significantly indicates patent economic value 

and is the strongest predictor of patent life (Fischer & Leidinger, 2014; Kabore & Park, 2019; 

Lanjouw, Pakes, & Putnam, 1998). Therefore, I constructed a continuous variable, private value 

of internal cumulative inventions, which equals the average family size of the internal cumulative 

inventions to a focal AI invention.  

 Variance in the private value of internal cumulative inventions. Hypothesis 2d predicts 

that same-firm publications are associated with a smaller variance in the private value of internal 

cumulative inventions. I constructed a continuous variable, variance in the private value of 

internal cumulative inventions, which equals the standard deviation of the family size among the 

internal cumulative inventions to a focal AI patent.  
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 Control variables. In all my models, I included control variables at the patent and the 

firm level to account for factors that might influence both the number of same-firm publications 

associated with a patent and the characteristics of the patent’s external and internal follow-up 

inventions.  

 At the patent level, first, I included controls for the patented invention’s industrial and 

technological breadth because broader inventions are more likely to be associated with academic 

papers and to attract follow-up inventions. I controlled for the industrial breadth of the invention 

with patent industry breadth, which is a count of the number of end-use industries the patent 

spans, as reflected by its CPC and IPC codes. To determine each patent’s end-use industry, I 

relied on the AI patents industrial classification scheme provided by WIPO. This scheme 

classifies a patent’s end-use industries—such as agriculture, banking, finance, education, etc.4—

using  CPC and IPC codes (WIPO, 2019). Similarly, I controlled for the technological breadth of 

a focal patented invention with patent technological breadth, which is a count of the number of 

AI technology domains the patent spans. To determine each patent’s technological domain, I 

relied on WIPO’s AI patents technological classification scheme. The technical classification 

scheme identifies a patent’s AI technological domain(s)—such as fuzzy logic, logic 

programming, machine learning, ontology engineering, probabilistic reasoning, and search 

methods—using CPC/IPC codes (WIPO, 2019). As a robustness check, I alternatively controlled 

for the technological breadth of the focal patents with the number of distinct USPC technology 

classes and got consistent results.  

 
4 Details about the WIPO classification scheme can be found from the weblink: 

https://www.wipo.int/tech_trends/en/artificial_intelligence/patentscope.html. 

https://www.wipo.int/tech_trends/en/artificial_intelligence/patentscope.html
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 Second, I controlled for the originality of a focal patent. Papers on highly original 

inventions are more likely to pass through the peer review process to end up in an academic 

outlet. Similarly, the associated patent is likely impactful. I, therefore, controlled for patent 

originality, capturing the extent to which the focal patent draws on ideas from divergent 

technological fields. It is calculated in the same way as I calculated the originality of external 

follow-up inventions (Hall et al., 2001; Trajtenberg et al., 1997).  

 I then include measures for the patent’s basicness (Trajtenberg et al., 1997). Firms are 

more likely to publish papers about inventions that are basic, and patents on such inventions also 

likely attract more follow-up inventions. The first control is the patent generality, defined as the 

extent to which the focal patent spawn subsequent follow-on inventions from divergent 

technological fields. The rationale here is that the ability to attract a diverse set of forward 

citations indicates basicness. It is calculated using the same equation (1) for the calculation of 

originality, with backward citations replaced by forward citations (Hall et al., 2001; Trajtenberg 

et al., 1997). The second control is reliance on science, which captures the extent to which the 

focal AI patent draws on past academic work as prior art. It equals the number of academic 

papers cited in the focal patent (Marx & Fuegi, 2019, 2020). 

 Finally, I included four controls for the quality of the patent, each measuring a distinct 

aspect of the patent’s quality. Controlling for patent quality is important because academic 

publications are more likely to be associated with higher quality patents, which may also attract 

better follow-up inventions. First, I controlled for forward citations, which has been shown to 

indicate the technological and economic value of a patent (Hall, Jaffe, & Trajtenberg, 2005; Hall, 

Jaffe, & Trajtenberg, 2000; Hall et al., 2001). It is a count of the number of patents that cited the 

focal patent as prior art. I also controlled for backward citation, with the assumption that a patent 
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could hold its novelty claims against a larger set of prior arts should be of higher quality 

(Trajtenberg et al., 1997). It is a count of the number of prior arts cited by the focal patents. I 

then controlled for family size, which is a count of the jurisdictions in which the patent inventor 

has sought protection. As elaborated earlier, a larger family size involves greater costs, which 

should be commensurate with the perceived private value of the patent to the inventor. Finally, I 

controlled for number of inventors as a proxy for the efforts the firm made for the invention, 

which correlates with the patent’s quality.  

 At the firm level, I included firm-fixed effects in all my models, which accounted for 

firm idiosyncrasies that may confound the results. I additionally controlled for time-varying 

factors that influence the firm’s ability to publish papers and create impactful patents 

simultaneously. I included two controls for the firm’s resource: sales as a proxy for firm size and 

cash flow as a proxy for the amount of financial resource available for spending. I then included 

two controls for the firm’s research capability: R&D input stock and citation weighted patent 

stock. Both stock measures use information on the firm’s annual R&D expenditure and patents. 

They are calculated with a perpetual inventory method with 15% depreciation rate using the 

(Hall et al., 2005). I applied a standard growth rate assumption of 8% to estimate the initial value 

and missing values (Simeth & Cincera, 2016). For example, R&D stock in year t equals: 

𝑅&𝐷 𝑆𝑡𝑜𝑐𝑘𝑡 = 𝑅&𝐷 𝑒𝑥𝑝𝑒𝑛𝑑𝑖𝑡𝑢𝑟𝑒𝑡 + 0.85 ∗ 𝑅&𝐷 𝑆𝑡𝑜𝑐𝑘𝑡−1 

 I also controlled for the basicness of the firm’s AI research profile by firm basic research 

intensity, which is proxied by the number of instances that the firm cited academic papers as 

prior arts in its patents filed in a year. Finally, I controlled for the industrial and technological 

breadth of the firm’s AI research profile with firm industrial scope and firm technological scope. 
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Both scope variables are calculated in the same way as I calculated the patent-level breadth 

variables, with patent data aggregated at the firm level.  

When estimating models on characteristics of the focal firm’s internal cumulative 

inventions to a focal AI invention, I also controlled for characteristics of the external follow-up 

inventions attracted by the focal AI invention. Critically, the quality and basicness of the external 

follow-up inventions may influence the quality and scope of the subsequent internal cumulative 

inventions in ways unrelated to the effects of same-firm publications. I controlled for the quality 

of external follow-up inventions with forward-citations to external follow-up inventions and 

family size of external follow-up inventions, which captures the technological and private value 

of the inventions, respectively. Each variable was calculated as the average across all external 

follow-up inventions attracted by a focal AI patent. I also controlled for the originality of 

external follow-up inventions, calculated in the same way as described above. In models on the 

number of internal cumulative inventions, I additionally controlled for number of external 

follow-up inventions. 

4.5 Estimation 

 I analyzed the impact of same-firm publications on an associated AI patent’s generative 

value, as manifested in two sets of outcomes: the technological scope and originality of external 

follow-up inventions, and the volume, technological scope, private value, and variance in private 

value of internal cumulative inventions. The unit of analysis is a patent. All my dependent 

variables are positive, continuous variables. I employed ordinary least square models to estimate 

all dependent variables. Firm- and year-fixed effects are included in all models. Standard errors 

are clustered at the firm level. A variance inflation factor (VIF) test suggests that none of the 

models I estimated have VIF scores over 5 (Gujarati & Porter, 2003). 
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 Estimating the impact of same-firm publications involves challenging endogeneity 

problems. There are several sources of endogeneity. First and foremost, the observed impact of 

same-firm publications might be resulting from the nature of the underlying invention rather than 

the act of publication itself. Some explorative analyses reported in Chapter 5 illustrate this point. 

Second, the effect of same-firm publication might be due to unobserved firm-level differences in 

research capability, basic scientific orientation, or resources. Third, firms might be strategic in 

choosing to publish papers on inventions with certain characteristics, which also influence the 

impact of the associated patent.  

 I address these problems in several ways. First, I took care to control for various 

dimensions of the quality, originality, basicness, industrial and technological breadth of the focal 

patent, ensuring that it is not these characteristics driving my results. Second, I controlled for 

firm-fixed effects and time-varying coefficients on the focal firm’s research capability, basic 

science orientation, and resources, to make sure firm-level differences do not confound the 

results.  

Finally, to tease out the potential influence of firm strategizing, I reconducted my 

analyses with an alternative explanatory variable—non-first author same-firm publications. For 

these publications, the focal firm was not the first author. It was not the focal firm, but their 

collaborators that submitted the paper. Therefore, the focal firms should have less strategic 

interest and power in influencing the publication decision. Suppose I still find a positive 

correlation between same-firm publications and external follow-up inventions/effective learning 

in this sub-sample of patents; the results lend further support for my hypotheses. 
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Figure 4.1 A Brief History of Artificial Intelligence5 

 

  

 

5 Sources: Buchanan, B. G. 2005. A (very) brief history of artificial intelligence. Ai Magazine, 26(4): 53-

53, Haenlein, M. & Kaplan, A. 2019. A brief history of artificial intelligence: On the past, present, and 

future of artificial intelligence. California management review, 61(4): 5-14.  
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Table 4.1 Summary of Key Variables 

Variable Type Hypotheses Variable Name Operationalization 

Independent 

variable 

All Same-firm publications # of same-firm publications associated with a focal patent  

Dependent 

variables 

H1a Technological scope of 

external follow-up inventions  

Average # of distinct USPC technology classes claimed by the external 

follow-up inventions attracted by a focal AI patent 

H1b Originality external follow-up 

inventions 

Average originality of the external follow-up inventions attracted by a 

focal AI patent: 𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝑖𝑡𝑦𝑖 =   1 − ∑ 𝑠𝑖𝑗
2𝑛𝑖

𝑗  

H2a Number of internal cumulative 

inventions 

Natural logarithm of # of internal cumulative inventions of a focal patent 

H2b Technological scope of 

internal cumulative inventions 

Average # of distinct USPC technology classes claimed by the internal 

cumulative inventions to a focal AI patent 

H2c Private value of internal 

cumulative inventions 

Average family size of the internal cumulative inventions to a focal AI 

invention 

H2d Variance of private value of 

internal cumulative inventions 

S.D. of the family size among the internal cumulative inventions to a 

focal AI patent 

Control variables  All Hypotheses Patent industrial breadth, patent tech breadth, patent originality, patent generality, backward citation 

number, forward citation number, patent family size, number of inventors, citation to papers, firm R&D 

input stock, firm sales, firm cash flow, firm patent stock (citation weighted), firm basic research intensity, 

firm industrial scope, firm tech scope 

Additional 

controls for H2a-

H2d 

Family size of external follow-up inventions, forward citation of external follow-up inventions, tech scope 

of internal cumulative inventions 

Additional 

control for H2a 

Number of external follow-up inventions 
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CHAPTER 5 

FINDINGS 

5.1 Descriptive Results on Firm Incentives to Publish 

 Table 5.1 displays the descriptive statistics and correlations of the key variables. 

------------------------------------- 

Insert Table 5.1 about here 

------------------------------------- 

 Before testing my hypotheses, it is important to gain some basic understanding of the 

distribution of firm publications: which firms are publishing? On which patents are firms 

publishing? Such understanding is important as it not only helps to illuminate potential 

sources of endogeneity but also points to important contingencies in corporate publications. I 

display some descriptive results on the distribution of firm publications. In this set of 

analyses, the dependent variable, same firm publication (dummy), is a dummy variable with 1 

indicating that the focal patent cites one or more of the firm’s open-science publications. 

Table 5.2 presents the results from models explores how the characteristic of the patented 

inventions correlates with the publication activity. To control for firm idiosyncrasies, firm-

fixed effects are included. 

------------------------------------- 

Insert Table 5.2 about here 

------------------------------------- 

As shown in Table 5.2, same-firm publications (dummy) is positively correlated with 

patent originality and patent reliance on science. This is consistent with my discussion in 

Chapter 4 that the originality of a patent and its closeness to the scientific literature increases 
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its chances of going through the review process to be successfully published. Same-firm 

publications (dummy) is also positively correlated with number of inventors. This is 

understandable as more inventors provide a greater push to get the associated paper through 

the peer review process to be published. More authors also mean greater incentive to resubmit 

the paper after rejection, regardless of whether the focal firm makes the resubmission or not. 

Surprisingly, firm publications are negatively correlated with patent forward citation, 

backward citation, and patent generality—three common measures for the technological 

quality/basicness of patents. The results show that the quality or impact of a patent in the 

technological community decreases rather than increases the likelihood that an associated 

paper gets published.  This suggests that either the focal firm or the academic community (or 

both) has different criteria for selecting work for publication than the technology 

community’s criteria for good invention, echoing past work showing distinct paradigms of 

academic science and technology for commercialization (Gittelman & Kogut, 2003). 

Patent technological scope, captured with the number of distinct USPC technology 

classes of a patent, is positively correlated with same-firm publication (dummy), suggesting 

inventions with a broader scope are more likely to be published. Conceptually, the broader the 

scope of an invention, the more directions can be pursued as the focal, inventing firms 

develop subsequent iterations of the original invention, generating great forward uncertainty. 

With high uncertainty regarding subsequent technological development path, the focal may 

want to learn broadly to reduce uncertainty, creating incentives for publications. Therefore, it 

is understandable given that the technological scope of an invention is positively related to the 

likelihood of publication. 
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 Patent private value, captured with the family size of the patent, is negatively 

correlated with same-firm publication (dummy). The higher the perceived private value of a 

patent, the greater its immediate commercial value. For a patent with high private value, the 

potential loss of immediate commercial value is great. Therefore, patent private value 

discourages the inventing firm from submitting a paper for publication. 

Table 5.3 presents results exploring firm-level characteristics that are correlated with 

same-firm publications (dummy). In this set of analyses, the full set of invention-level controls 

are included. To show between-firm differences, firm-fixed effects are dropped. Year fixed 

effects are included.  

------------------------------------- 

Insert Table 5.3 about here 

------------------------------------- 

 As expected, firm R&D input stock and firm patent stock (citation-weighted) are 

positively related to same-firm publications (dummy), showing that firms with a strong 

research orientation and technological portfolio are more likely to pursue open-science 

publications. Similarly, firm cash flow is positively related to same-firm publications 

(dummy), showing the impact of firm resources. Controlling for these three factors, firm sales, 

a measure for firm size, is negatively related to same-firm publications (dummy), showing the 

scale of a firm by itself does not contribute to incentives for publication. The impact of firm 

industry scope is positive but insignificant. Interestingly, firm basic research orientation, 

measured by the instances that the focal firm cited academic papers in their patent 

applications, is negatively related to same-firm publication (dummy). So is the firm’s 

technological diversity, measured by the firm-level average of the technological scope of the 
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firm’s patents. Conceptually, both variables indicate the focal firm’s learning capability. The 

former speaks to the focal firm’s ability in utilizing scientific literature to inform their 

research efforts; the latter suggests the focal firm has superior organizational routines for 

synthesizing knowledge from divergent technological fields. As will be illustrated in some 

additional analyses presented in the next chapter (Chapter 6), these superior learning abilities 

may facilitate the focal firm to benefit more from the publication-triggered learning process. 

Yet, they may also substitute for the function of publications: as the firms are better in 

utilizing external scientific knowledge/knowledge from divergent sources, they see less of 

need to use publication as a tool to guide their search.  

 The results were largely consistent implications of my theory. The fact that key 

invention-level and firm-level factors are indeed significantly correlated with same-firm 

publications stressed the importance of controlling for them in models testing my hypotheses.  

5.2 Hypothesis Testing 

 Table 5.4 and Table 5.5 presents the results of the regression analyses testing my 

hypotheses. Standardized beta coefficients are reported in all tables. Standard errors are 

displayed in parentheses. Table 5.4 tests Hypotheses 1a and 1b, which predict a positive 

relationship between same-firm publications and the technological scope of external follow-

up inventions and originality of external follow-up inventions. Model 1 estimates the 

technological scope of external follow-up inventions and includes all control variables only. 

As expected, patents that are higher quality (as indicated by family size), with greater 

industrial and technological breadth, and more original attract external follow-up inventions 

from a broader technological spectrum. The effects of the firm-level controls are in my 

expected directions but insignificant, which may be due to the inclusion of firm-fixed effects. 

Model 2 tests Hypothesis 1a on the impact of same-firm publications. Results suggest that 
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same-firm publications associated with an AI patent of a focal firm has significant positive 

effects on the technological scope of external follow-up inventions (Standardized Beta = 

0.024, p < 0.001). This suggests that association with same-firm publications significantly 

increases the diversity of incoming external follow-up inventions in their technological fields. 

All other variables held at their mean levels; each additional publication increase the average 

technological scope of attracted external follow-up inventions by 0.18. 

------------------------------------- 

Insert Table 5.4 about here 

------------------------------------- 

 Model 3 and 4 examine Hypothesis 1b on the originality of external follow-up 

inventions. Model 3 includes all the control variables only. As expected, patents that span 

multiple industries, of greater originality and generality, of higher quality (As indicated by 

forward citation number, backward citation number, and family size), incurs greater inventive 

efforts (as indicated by the number of inventors) attracted significantly more original external 

follow-up inventions. Model 4 tests Hypothesis 1b on the impact of same-firm publications. 

Results suggest that same-firm publications have a significant positive effect on the 

originality of external follow-up inventions (Standardized Beta = 0.014, p < 0.001). This 

suggests that association with same-firm publications significantly increases the originality of 

incoming external follow-up inventions, helping the focal firm to access and learn from more 

original external inventions. All other variables held at their mean level; each additional 

publication increases the average originality of attracted external follow-up inventions by 

0.5%. 
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 Table 5.5 presents results of models examining dependent variables on the focal firm’s 

internal cumulative inventions. Model 1 and 2 examines Hypothesis 2a on the number of 

internal cumulative inventions. Model 1 includes all control variables only. As expected, the 

industrial breadth, originality, and quality (as indicated by backward and forward citations) of 

the original focal patent all positively contribute to more internal cumulative inventions. The 

number of external follow-up inventions is positively associated with the number of internal 

cumulative inventions. Yet, as suggested by Model 2, even after controlling for the number 

and characteristics of external follow-up inventions, same-firm publications still has a 

significant, positive association with number of internal cumulative inventions (Standardized 

Beta = 0.009, p < 0.001), suggesting the firm effectively learned to create more internal 

cumulative inventions. All other variables held at their mean level; each additional publication 

leads to a 4.3% increase in the number of internal cumulative inventions created by the focal 

firm. 

Models 3 and 4 examine the technological scope of internal cumulative inventions. 

Model 3 includes all the control variables only. As expected, the generality and originality of 

the original focal patent contribute to the broader scope of the internal cumulative inventions. 

Firms with a broader technological scope are more capable of learning from the external 

follow-up inventions to create internal cumulative inventions of broader scope. For the impact 

of the characteristics of external follow-up inventions, while more original external follow-up 

inventions inspire internal cumulative inventions with broader technological scope, stronger 

protection as reflected by an expanded family size has a negative impact on the technological 

scope of internal cumulative inventions. Model 4 tests Hypothesis 2b on the effect of same-

firm publications. The results suggest that same-firm publications has a significant, positive 
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effect on the technological scope of internal cumulative inventions (Standardized Beta = 

0.017, p = 0.049). All other variables held at their mean level; each additional publication 

increases the average technological scope of internal inventions by 0.06. 

------------------------------------- 

Insert Table 5.5 about here 

------------------------------------- 

 Models 5-8 examine the mean level and variance of the private value of the internal 

cumulative inventions. In the models, in addition to the control variables included in previous 

models, I also controlled for variation in private value in the estimation of the mean and vice 

versa. Models 5 and 7 include control variables only; Models 6 and 8 test Hypothesis 2c and 

2d, respectively. In support of Hypothesis 2c, same-firm publications has a marginally 

significant, positive association with the private value of internal cumulative inventions 

(Standardized Beta = 0.019, p = 0.072). In support of Hypothesis 2d, same-firm publications 

has a marginally significant, negative association with variation in the private value of 

internal cumulative inventions (Standardized Beta = -0.016, p = 0.087). All other variables 

held at their mean level; each additional publication increases the average family size of 

internal inventions by 0.99. Taken together, publications provide a scientific knowledge 

interface which facilitates the firms to learn effectively from the external follow-up 

inventions. The result is not only enhanced private value of the resulting cumulative inventing 

activities, but also reduced uncertainty in the firm’s inventive efforts.  

5.3 Robustness Checks  

Alternative observation window. I checked whether my findings hold if my analyses 

included AI patents/publications from earlier years. I obtained data on firm patents dating 
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back to 1971 and reconducted my analyses. Table 5.6 presents the results, which were 

consistent with findings from the main analyses.  

------------------------------------- 

Insert Table 5.6 about here 

------------------------------------- 

Scope of Same-Firm Publication. One alternative explanation for the set of results on 

external follow-up inventions is the following: the same-firm publications associated with a 

focal patent might be of broader or narrower scope, which impacts the scope and originality 

of the external follow-up inventions attracted. In other words, it is the publication being of 

broader scope intrinsically, rather than the act of publication, that triggers the observed effect 

of attracting external follow-up inventions of technological broader scope and higher 

originality. To account for this possibility, I created a new control variable, scope of same-

firm publications, which equals the number of distinct scientific fields spanned by the same-

firm publications associated with a focal AI patent. The scientific field(s) of a paper is 

assigned by MAG, which automatically extracted the fields from the abstracts and titles of the 

papers. I reconducted my analyses regarding Hypotheses 1a and 1b, including this new 

control variable, and obtained consistent results. Table 5.7 presents the results. 

------------------------------------- 

Insert Table 5.7 about here 

------------------------------------- 

Non-First-Author Same-Firm Publications. One alternative explanation for the 

empirical findings is that firms strategically publish papers on patents with unobservable 

characteristics, which also affect the number of external follow-up inventions and the firm’s 
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effective learning. To address this concern, I reconducted my analyses focusing on the same-

firm publications in which the focal firms were not the first authors. For the patents associated 

with non-first-author same-firm publications, the focal firms should have less strategic 

interest and power in influencing the publication decision. As a result, the associated paper’s 

publication is more of an exogenous event for the focal firms. Looking at this set of same-firm 

publications helps resolve tricky endogeneity issues caused by firms’ strategic publication.  

In this set of analyses, the explanatory variable, non-first author same-firm 

publications, is operationalized as a count of non-first-author same-firm publications cited by 

a patent. Table 5.8 presents the results of this set of additional analyses. The results are 

consistent with my findings in the main analyses, except that the effect of non-first author 

same-firm publication on private value of internal cumulative inventions and variance in the 

private value of internal cumulative inventions are in the expected direction but non-

significant. The non-significant results were understandable: while the benefits of an enlarged 

volume and scope of internal cumulative inventions are almost the by-product of a broader 

pool of external follow-up inventions, enhancing the private value and reliability of the firm’s 

internal cumulative inventions requires intentional efforts. The firm needs to mobilize their 

scientific knowledge regarding the original invention and leverage it as a bridge in learning 

from the external follow-up inventions. As the firm did not strategically publish the paper in 

the first place, they may not intentionally learn. Therefore, the learning benefits they gain are 

limited.  

------------------------------------- 

Insert Table 5.8 about here 

-------------------------------------  
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Table 5.1 Descriptive Statistics and Correlations 
 Variables N Mean S.D. 1 2 3 4 5 6 7 8 9 10 

1 Same-firm publications 30,662 0.045 0.461 
          

2 Tech scope of external follow-up inventions 29,791 1.402 0.335 -0.0216 
         

3 Originality of external follow-up inventions 30,426 0.725 0.120 -0.0061 0.320 
        

4 Number of external follow-up inventions 30,662 767.077 2134.236 -0.0315 0.130 0.185 
       

5 Family size of external follow-up inventions 30,449 9.521 10.487 -0.0202 0.056 0.226 0.140 
      

6 Forward citation of external follow-up 
inventions 

30,662 0.547 3.149 0.0182 -0.020 -0.047 -0.060 -0.061 
     

7 Tech scope of internal cumulative inventions 11,783 1.411 0.445 0.0065 0.238 0.135 0.012 -0.031 0.011 
    

8 Number of internal cumulative inventions 30,662 568.439 5806.405 -0.0095 -0.044 -0.076 0.164 0.088 -0.015 -0.049 
   

9 Private value of internal cumulative inventions 30,646 4.418 6.453 -0.0294 0.125 0.169 0.207 0.280 -0.064 0.003 0.182 
  

10 Variance of private value of internal cumulative 

inventions 

14,149 5.121 6.466 0.0136 0.035 0.147 0.178 0.304 -0.020 0.003 0.239 0.822 
 

11 Patent industrial breadth 30,662 1.748 0.795 -0.0198 0.105 0.127 0.049 0.141 -0.011 0.037 0.033 0.141 0.154 

12 Patent tech breadth 30,662 0.623 0.496 -0.0006 0.009 0.043 -0.019 0.064 0.003 0.024 0.043 -0.051 -0.019 

13 Patent originality 30,662 0.597 0.276 -0.0605 0.609 0.410 0.210 0.095 -0.127 0.178 -0.016 0.182 0.036 

14 Patent generality 30,662 0.689 0.201 0.0247 0.165 0.397 0.078 0.099 -0.017 0.075 -0.003 0.085 0.104 

15 Backward citation number 30,662 51.694 189.751 0.0828 -0.056 0.088 0.006 0.177 -0.018 -0.102 0.063 0.105 0.197 

16 Forward citation number 30,662 94.369 150.147 -0.0459 0.157 0.237 0.874 0.228 -0.095 0.002 0.399 0.354 0.329 

17 Patent family size 30,662 9.599 19.022 -0.0115 -0.011 0.097 0.096 0.455 -0.018 -0.073 0.071 0.192 0.205 

18 Number of inventors 30,662 2.973 2.175 0.0167 -0.016 0.055 0.034 -0.008 -0.018 -0.023 0.023 0.047 0.082 

19 Citation to papers 30,662 4.860 24.732 0.1594 -0.055 0.057 0.006 0.114 -0.013 -0.084 0.044 0.108 0.190 

20 Firm R&D input stock 30,662 15172.370 12982.560 0.0956 -0.131 -0.119 -0.106 -0.081 0.042 -0.031 -0.034 -0.155 -0.066 

21 Firm sales 30,662 40822.180 34915.480 0.0346 -0.087 -0.080 -0.073 -0.052 0.024 0.002 -0.028 -0.090 -0.027 

22 Firm cash flow 30,662 1303.207 3920.503 0.1022 -0.061 -0.054 -0.058 -0.045 0.030 -0.036 -0.014 -0.073 -0.012 

23 Firm patent stock (citation weighted) 30,662 46596.490 76186.140 -0.0346 0.014 -0.031 -0.017 -0.009 0.000 -0.042 0.006 0.046 -0.038 

24 Firm basic research intensity 30,662 4.606 8.474 0.0362 -0.057 0.025 0.002 0.129 0.002 -0.079 0.098 0.250 0.319 

25 Firm industrial scope 30,662 6.911 2.209 0.0678 -0.075 -0.093 -0.082 -0.061 0.021 -0.018 -0.042 -0.130 -0.108 

26 Firm tech scope 30,662 2.378 0.637 0.0431 -0.0128 -0.0442 -0.0312 -0.0418 0.0163 0.0232 0.006 -0.088 -0.061 

Notes: SD, standard deviation. All correlations with absolute values above 0.05 are significant at p < 0.01. Two-tailed tests. 
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Table 5.1 Descriptive Statistics and Correlations (Cont.) 

 Variables  11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 

12 Patent tech breadth 0.346 
            

  

13 Patent originality 0.073 0.029 
           

  

14 Patent generality 0.125 0.071 0.230 
          

  

15 Backward citation number 0.036 -0.015 -0.032 0.150 
         

  

16 Forward citation number 0.068 -0.027 0.290 0.112 0.047 
        

  

17 Patent family size 0.150 0.026 -0.011 0.091 0.345 0.140 
       

  

18 Number of inventors -0.013 -0.035 0.022 0.072 0.074 0.065 0.100 
      

  

19 Citation to papers 0.003 -0.049 -0.034 0.086 0.849 0.037 0.293 0.053 
     

  

20 Firm R&D input stock -0.037 0.034 -0.167 -0.047 -0.008 -0.150 -0.023 0.057 -0.004 
    

  

21 Firm sales 0.014 0.047 -0.131 -0.037 0.042 -0.105 0.008 0.047 0.035 0.677 
   

  

22 Firm cash flow -0.059 -0.047 -0.080 -0.012 0.011 -0.074 -0.001 0.049 0.020 0.370 0.200 
  

  

23 Firm patent stock (citation 

weighted) 

-0.028 -0.019 0.037 -0.023 -0.009 -0.018 -0.024 -0.031 0.001 -0.175 -0.143 -0.141 
 

  

24 Firm basic research intensity -0.010 -0.069 -0.048 0.041 0.248 0.098 0.171 0.082 0.334 -0.036 0.038 0.051 0.013   

25 Firm industrial scope 0.006 0.035 -0.121 -0.050 -0.031 -0.126 -0.026 0.020 -0.016 0.617 0.382 0.281 -0.020 -0.068  

26 Firm tech scope -0.029 0.067 -0.026 -0.011 -0.027 -0.051 -0.047 0.004 -0.025 0.378 0.200 0.203 -0.033 -0.088 0.434 

Notes: SD, standard deviation. All correlations with absolute values above 0.05 are significant at p < 0.01. Two-tailed tests. 
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Table 5.2 Invention Characteristics and Same-Firm Publications 

DV: Same-firm publications (Dummy) 

Patent-level factors 

Forward technological 
uncertainty 

0.555* 

(0.047) 

Perceived economic value  -0.956 

(0.055) 

Patent industrial breadth 0.346 

(0.276) 

Patent originality 1.192*** 

(0.000) 

Patent generality -1.535*** 

(0.000) 

Backward citation number -4.370*** 

(0.000) 

Forward citation number -19.424*** 

(0.000) 

Number of inventors  1.078*** 

(0.000) 

Reliance on science 7.070*** 

(0.000) 

Firm-level factors 

Firm R&D input stock 1.174 

(0.220) 

Firm sales 0.635 

 (0.587) 

Firm cash flow 0.367 

 (0.168) 

Firm patent stock (citation 
weighted) 

4.202 

(0.051) 

Firm basic research intensity 0.466 

(0.579) 

Firm industry scope -1.326* 

(0.039) 

Firm technology diversity 3.034 

(0.154) 

Log-likelihood -2062.233 

Notes: N = 29,607. Standard errors clustered by firms. Year- and firm-fixed effects are included in all models. Standardized 

beta coefficients are reported. P-values in parentheses. Two-tailed tests. 
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Table 5.3 Firm Characteristics and Same-Firm Publications 

DV: Same-firm publications (Dummy) 

Firm-level factors 

Firm R&D input stock 3.620*** 

(0.000) 
Firm sales -2.101*** 

 (0.000) 
Firm cash flow 1.188*** 

 (0.000) 
Firm patent stock (citation 
weighted) 

1.070* 

(0.030) 
Firm basic research 
intensity 

-0.891** 

(0.003) 
Firm industry scope 0.716 

(0.134) 
Firm technology diversity -2.750*** 

(0.000) 
Patent-level factors 

Forward technological 
uncertainty 

0.814** 

(0.008) 
Perceived economic value -1.648** 

(0.009) 
Patent industrial breadth -0.451 

(0.185) 
Patent originality 1.395*** 

(0.000) 
Patent generality -1.859*** 

(0.000) 
Backward citation number -3.760*** 

(0.000) 
Forward citation number -20.920*** 

(0.000) 
Number of inventors 1.459*** 

(0.000) 
Reliance on science 6.256*** 

(0.000) 

Log-likelihood -2360.852 

Notes: N = 29,607. Standard errors clustered by firms. Year-fixed effects are included in all models. 

Standardized beta coefficients are reported. P-values in parentheses. All two-tailed tests. * p < 0.05, ** p < 0.01, 

*** p < 0.001 
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Table 5.4 OLS Regressions of Same-Firm Publications on External Follow-up 

Inventions  
Model 1 

Tech. scope of 
external follow-up 

inventions 

Model 2 

Tech. scope of 
external follow-up 

inventions 

Model 3 
Originality of 

external follow-up 

inventions 

Model 4 
Originality of 

external follow-up 

inventions 

Same-firm publications 
 

0.024*** 
 

0.014*** 
  

(0.000) 
 

(0.000) 

Patent-level controls     

Patent industrial breadth 0.047*** 0.047*** 0.055*** 0.055*** 

 (0.000) (0.000) (0.000) (0.000) 

Patent tech breadth -0.042*** -0.043*** 0.005 0.005 

 (0.000) (0.000) (0.683) (0.703) 

Patent originality 0.562*** 0.563*** 0.329*** 0.329*** 

 (0.000) (0.000) (0.000) (0.000) 

Patent generality 0.032*** 0.031*** 0.280*** 0.279*** 

 (0.000) (0.000) (0.000) (0.000) 

Backward citation number -0.032** -0.028** 0.039 0.042 

(0.007) (0.009) (0.061) (0.053) 

Forward citation number -0.037*** -0.037*** 0.096*** 0.096*** 

 (0.000) (0.000) (0.000) (0.000) 

Patent family size 0.013* 0.014* 0.030*** 0.031*** 

 (0.016) (0.011) (0.000) (0.000) 

Number of inventors -0.025*** -0.025*** 0.013* 0.013* 

 (0.000) (0.000) (0.025) (0.027) 

Citation to papers -0.007 -0.015 -0.006 -0.011 

 (0.530) (0.144) (0.665) (0.458) 

Firm-level controls     

Firm R&D input stock -0.013 -0.015 0.015 0.013 

 (0.440) (0.388) (0.424) (0.466) 

Firm sales 0.005 0.005 -0.025 -0.025 

 (0.706) (0.722) (0.288) (0.283) 

Firm cash flow 0.005 0.005 0.004 0.004 

 (0.095) (0.156) (0.179) (0.228) 

Firm patent stock (citation 
weighted) 

0.007 0.007 -0.024 -0.024 

 (0.796) (0.783) (0.278) (0.283) 

Firm basic research 
intensity 

0.005 0.006 0.013 0.014 

(0.438) (0.351) (0.332) (0.310) 

Firm industrial scope 0.004 0.004 0.016 0.016 

 (0.647) (0.639) (0.270) (0.267) 

Firm tech scope 0.010 0.010 0.006 0.006 

 (0.150) (0.148) (0.480) (0.476) 

Observations 29791 29791 30426 30426 

Adjusted R-squared 0.405 0.405 0.318 0.318 

Notes: Standard errors clustered by firms. Year- and firm-fixed effects are included in all models. Standardized 

beta coefficients are reported. P-values in parentheses. All two-tailed tests. * p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 5.5 OLS Regressions of Same-Firm Publications on Internal Cumulative Inventions  
Model 1 
Number 

Model 2 
Number 

Model 3 
Tech. scope  

Model 4 
Tech. scope  

Model 5 
Private value  

Model 6 
Private value  

Model 7 
Var. of private 

value  

Model 8 
Var. of private 

value  
Same-firm publications 

 
0.009*** 

 
0.017*  0.019  -0.016  

(0.000) 
 

(0.049)  (0.072)  (0.087) 

Private value       0.798*** 0.798*** 

      (0.000) (0.000) 

Variance in private value     0.753*** 0.753***   

    (0.000) (0.000)   

Number of external follow-
up inventions 

0.398*** 0.399***       

(0.000) (0.000)       

Family size of external 
follow-up inventions 

-0.001 -0.001 -0.022* -0.022* 0.019* 0.019* 0.051*** 0.051*** 

(0.947) (0.930) (0.015) (0.013) (0.041) (0.041) (0.000) (0.000) 

Forward citation of 
external follow-up 
inventions 

0.024*** 0.024*** 0.028 0.028 0.014 0.014 -0.013 -0.013 

(0.000) (0.000) (0.188) (0.188) (0.172) (0.173) (0.090) (0.091) 

Originality of external 
follow-up inventions 

-0.039** -0.039** 0.056** 0.056** 0.019* 0.019* 0.005 0.005 

(0.001) (0.001) (0.003) (0.003) (0.013) (0.013) (0.591) (0.591) 

Patent-level controls         

Patent industrial breadth 0.023** 0.023** 0.012 0.012 0.055*** 0.055*** -0.014* -0.014* 

(0.007) (0.007) (0.136) (0.132) (0.000) (0.000) (0.041) (0.041) 

Patent tech breadth 0.017 0.017 0.004 0.003 -0.029*** -0.029*** 0.005 0.006 

(0.148) (0.152) (0.832) (0.841) (0.000) (0.000) (0.574) (0.555) 

Patent originality -0.029** -0.029** 0.090*** 0.091*** 0.004 0.004 0.009 0.009 

(0.002) (0.002) (0.000) (0.000) (0.496) (0.450) (0.182) (0.202) 

Patent generality 0.027*** 0.027*** 0.034*** 0.034*** -0.007 -0.008 0.008 0.008 

(0.000) (0.000) (0.000) (0.000) (0.171) (0.153) (0.112) (0.098) 

Backward citation number 0.102*** 0.104*** -0.047*** -0.047*** -0.022** -0.022** 0.023 0.022 

(0.000) (0.000) (0.000) (0.000) (0.006) (0.006) (0.116) (0.122) 

Forward citation number 0.319*** 0.319*** -0.047*** -0.047*** -0.074*** -0.073*** 0.145*** 0.144*** 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Patent family size 0.003 0.004 -0.001 -0.001 0.021* 0.021* -0.013 -0.013 

(0.689) (0.660) (0.896) (0.934) (0.034) (0.026) (0.158) (0.143) 

Number of inventors -0.005 -0.005 -0.011 -0.011 -0.001 -0.001 0.009 0.009 

(0.251) (0.244) (0.170) (0.166) (0.866) (0.862) (0.150) (0.151) 

Citation to papers -0.100*** -0.103*** -0.015 -0.017 0.037 0.034 -0.014 -0.012 

(0.000) (0.000) (0.230) (0.156) (0.052) (0.053) (0.251) (0.305) 

Firm-level controls         

Firm R&D input stock 0.036* 0.035* -0.070*** -0.071*** 0.021 0.021 -0.008 -0.007 

(0.042) (0.043) (0.000) (0.000) (0.277) (0.286) (0.621) (0.636) 

Firm sales -0.041*** -0.041*** 0.026 0.027 -0.025 -0.025 0.021 0.020 

(0.000) (0.000) (0.325) (0.323) (0.124) (0.127) (0.139) (0.144) 
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Firm cash flow -0.003 -0.004 0.005 0.005 0.000 0.000 0.002 0.002 

(0.155) (0.124) (0.158) (0.198) (0.892) (0.978) (0.671) (0.629) 

Firm patent stock (citation 
weighted) 

0.003 0.004 0.012 0.012 0.035 0.035 -0.004 -0.004 

(0.867) (0.858) (0.736) (0.734) (0.178) (0.176) (0.809) (0.805) 

Firm basic research 
intensity 

0.014 0.014 -0.010 -0.010 0.015 0.014 0.016 0.016 

(0.303) (0.284) (0.369) (0.377) (0.378) (0.408) (0.468) (0.463) 

Firm industrial scope -0.001 -0.001 0.003 0.003 0.031** 0.031** -0.023** -0.023** 

(0.881) (0.887) (0.877) (0.881) (0.002) (0.001) (0.002) (0.002) 

Firm tech scope -0.008 -0.008 0.025* 0.025* 0.001 0.001 -0.002 -0.002 

(0.133) (0.138) (0.015) (0.014) (0.847) (0.807) (0.743) (0.711) 

Observations 30426 30426 11772 11772 14121 14121 14121 14121 

Adjusted R-squared 0.614 0.614 0.088 0.088 0.754 0.754 0.740 0.740 

Notes: Standard errors clustered by firms. Year- and firm-fixed effects are included in all models. Standardized beta coefficients are reported. P-values in 

parentheses. All two-tailed tests. * p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 5.6 Robustness Check: Alternative Time Window: 1971-2019   
Model 1 

Tech. scope of 
external inventions 

Model 2 
Originality of 

external inventions 

Model 3 
No. of internal 
inventions  

Model 4 
Tech. scope of 

internal inventions 

Model 5 
Private value of 

internal inventions  

Model 6 
Variance of 

private of internal 
inventions  

Same-firm publications 0.023*** 0.014*** 0.015 0.009*** 0.019 -0.016 

(0.000) (0.000) (0.058) (0.000) (0.077) (0.081) 

Private value     0.747***  

    (0.000)  

Variance in private value      0.804*** 

     (0.000) 

Number of external follow-up inventions    0.425***   

   (0.000)   

Family size of external follow-up 
inventions 

  -0.024** -0.002 0.022** 0.045*** 

  (0.001) (0.761) (0.008) (0.001) 

Forward citation of external follow-up 
inventions 

  0.028 0.024*** 0.014 -0.014 

  (0.165) (0.000) (0.150) (0.072) 

Originality of external follow-up 
inventions 

  0.053** -0.037** 0.020** 0.004 

  (0.002) (0.001) (0.005) (0.661) 

Patent-level controls       

Patent industrial breadth 0.044*** 0.056*** 0.006 0.021* 0.060*** -0.026*** 

(0.000) (0.000) (0.407) (0.013) (0.000) (0.001) 

Patent tech breadth -0.033*** 0.009 0.013 0.021 -0.031*** 0.016 

(0.000) (0.447) (0.364) (0.072) (0.000) (0.101) 

Patent originality 0.559*** 0.348*** 0.093*** -0.034*** 0.000 0.011 

(0.000) (0.000) (0.000) (0.000) (0.933) (0.088) 

Patent generality 0.038*** 0.280*** 0.031*** 0.025*** -0.006 0.005 

(0.000) (0.000) (0.000) (0.000) (0.251) (0.219) 

Backward citation number -0.030** 0.041* -0.044*** 0.098*** -0.021** 0.023 

(0.004) (0.049) (0.000) (0.000) (0.006) (0.088) 

Forward citation number -0.035*** 0.093*** -0.039*** 0.300*** -0.072*** 0.142*** 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Patent family size 0.013* 0.030*** -0.000 0.005 0.023* -0.011 

(0.016) (0.000) (0.984) (0.511) (0.017) (0.208) 

Number of inventors -0.028*** 0.010 -0.012 -0.001 0.001 0.005 

(0.000) (0.070) (0.102) (0.773) (0.926) (0.348) 

Citation to papers -0.012 -0.010 -0.015 -0.098*** 0.034 -0.014 

(0.226) (0.465) (0.200) (0.000) (0.058) (0.222) 

Firm-level controls       

Firm R&D input stock -0.017 0.011 -0.060** 0.036** 0.011 -0.001 

(0.232) (0.550) (0.001) (0.009) (0.589) (0.921) 

Firm sales -0.001 -0.028 0.029 -0.033* -0.004 0.013 

(0.921) (0.211) (0.317) (0.016) (0.848) (0.282) 
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Firm cash flow 0.005 0.002 0.005 -0.004 -0.000 0.002 

(0.156) (0.468) (0.156) (0.099) (0.900) (0.510) 

Firm patent stock (citation weighted) -0.001 -0.014 -0.010 -0.022 0.018 -0.009 

(0.975) (0.418) (0.603) (0.096) (0.196) (0.407) 

Firm basic research intensity 0.008 0.017 -0.010 0.013 0.013 0.015 

(0.223) (0.198) (0.311) (0.308) (0.390) (0.452) 

Firm industrial scope 0.006 0.014 -0.009 -0.002 0.027** -0.020** 

(0.472) (0.304) (0.565) (0.808) (0.002) (0.005) 

Firm tech scope 0.015* 0.009 0.029** -0.009 0.006 -0.008 

(0.015) (0.245) (0.010) (0.142) (0.302) (0.183) 

Observations 32423 33058 13913 33058 16184 16184 

Adjusted R-squared 0.426 0.327 0.098 0.620 0.748 0.729 

Notes: External inventions stand for external follow-up inventions. Internal inventions stand for internal cumulative inventions. Standard errors clustered by 

firms. Year- and firm-fixed effects are included in all models. Standardized beta coefficients are reported. P-values in parentheses. All two-tailed tests. * p < 

0.05, ** p < 0.01, *** p < 0.001. 
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Table 5.7 Robustness Check: Controlling for the Scope of Same-Firm Publications  
Model 1 

Tech. scope of 
external follow-up 
inventions 

Model 2 

Tech. scope of 
external follow-up 
inventions 

Model 3 
Originality of 
external follow-up 
inventions 

Model 4 
Originality of 
external follow-up 
inventions 

Same-firm publications  0.027***  0.012**  
 (0.000)  (0.002) 

Patent-level controls     

Scope of same-firm 
publications 

0.009 -0.006 0.010 0.003 

(0.344) (0.423) (0.054) (0.555) 

Patent industrial breadth 0.047*** 0.047*** 0.055*** 0.055*** 

 (0.000) (0.000) (0.000) (0.000) 

Patent tech breadth -0.043*** -0.043*** 0.005 0.004 

 (0.000) (0.000) (0.708) (0.709) 

Patent originality 0.562*** 0.563*** 0.329*** 0.329*** 

 (0.000) (0.000) (0.000) (0.000) 

Patent generality 0.032*** 0.031*** 0.279*** 0.279*** 

 (0.000) (0.000) (0.000) (0.000) 

Backward citation number -0.031** -0.028** 0.041 0.042 

(0.006) (0.008) (0.054) (0.052) 

Forward citation number -0.037*** -0.037*** 0.097*** 0.097*** 

 (0.000) (0.000) (0.000) (0.000) 

Patent family size 0.013* 0.014* 0.030*** 0.030*** 

 (0.016) (0.010) (0.000) (0.000) 

Number of inventors -0.025*** -0.025*** 0.012* 0.012* 

 (0.000) (0.000) (0.027) (0.026) 

Citation to papers -0.010 -0.014 -0.009 -0.011 

 (0.331) (0.169) (0.509) (0.438) 

Firm-level controls     

Firm R&D input stock -0.013 -0.015 0.014 0.014 

 (0.440) (0.382) (0.436) (0.464) 

Firm sales 0.005 0.005 -0.025 -0.025 

 (0.707) (0.724) (0.287) (0.283) 

Firm cash flow 0.005 0.005 0.004 0.004 

 (0.123) (0.154) (0.203) (0.230) 
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Firm patent stock (citation 
weighted) 

0.007 0.007 -0.025 -0.024 

 (0.796) (0.782) (0.279) (0.282) 

Firm basic research 
intensity 

0.005 0.006 0.013 0.014 

(0.437) (0.341) (0.334) (0.313) 

Firm industrial scope 0.004 0.004 0.016 0.016 

 (0.637) (0.646) (0.265) (0.266) 

Firm tech scope 0.010 0.010 0.006 0.006 

 (0.150) (0.148) (0.479) (0.476) 

Observations 29791 29791 30426 30426 

Adjusted R-squared 0.405 0.405 0.318 0.318 

Notes: Standard errors clustered by firms. Year- and firm-fixed effects are included in all models. Standardized beta coefficients are reported. P-values in 

parentheses. All two-tailed tests. * p < 0.05, ** p < 0.01, *** p < 0.001  
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Table 5.8 Additional Analysis: Non-First-Author Firm Publications   
Model 1 

Tech. scope of 
external inventions 

Model 2 
Originality of 

external inventions 

Model 3 
No. of internal 
inventions  

Model 4 
Tech. scope of 

internal inventions 

Model 5 
Private value of 

internal inventions  

Model 6 
Variance of 

private of internal 
inventions  

Same-firm publications 0.026*** 0.011* 0.018* 0.008** 0.012 -0.008 

(0.000) (0.015) (0.018) (0.007) (0.263) (0.251) 

Private value     0.753***  

    (0.000)  

Variance in private value      0.798*** 

     (0.000) 

Number of external follow-up inventions    0.399***   

   (0.000)   

Family size of external follow-up 
inventions 

  -0.022* -0.001 0.019* 0.050*** 

  (0.014) (0.931) (0.037) (0.000) 

Forward citation of external follow-up 
inventions 

  0.028 0.024*** 0.013 -0.013 

  (0.189) (0.000) (0.174) (0.092) 

Originality of external follow-up 
inventions 

  0.056** -0.039** 0.019* 0.005 

  (0.003) (0.001) (0.013) (0.585) 

Patent-level controls       

Patent industrial breadth 0.047*** 0.055*** 0.012 0.023** 0.054*** -0.014* 

(0.000) (0.000) (0.145) (0.007) (0.000) (0.044) 

Patent tech breadth -0.043*** 0.005 0.003 0.017 -0.029*** 0.005 

(0.000) (0.706) (0.836) (0.153) (0.000) (0.572) 

Patent originality 0.563*** 0.329*** 0.091*** -0.029** 0.004 0.009 

(0.000) (0.000) (0.000) (0.002) (0.461) (0.190) 

Patent generality 0.031*** 0.279*** 0.034*** 0.027*** -0.007 0.008 

(0.000) (0.000) (0.000) (0.000) (0.165) (0.108) 

Backward citation number -0.029** 0.041 -0.046*** 0.104*** -0.022** 0.022 

(0.009) (0.057) (0.000) (0.000) (0.007) (0.121) 

Forward citation number -0.036*** 0.097*** -0.047*** 0.319*** -0.073*** 0.144*** 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Patent family size 0.014* 0.030*** -0.001 0.004 0.021* -0.013 

(0.010) (0.000) (0.929) (0.663) (0.025) (0.150) 

Number of inventors -0.025*** 0.012* -0.011 -0.005 -0.001 0.009 

(0.000) (0.027) (0.170) (0.239) (0.865) (0.151) 

Citation to papers -0.014 -0.009 -0.019 -0.102*** 0.034* -0.012 

(0.190) (0.520) (0.094) (0.000) (0.027) (0.272) 

Firm-level controls       

Firm R&D input stock -0.015 0.014 -0.071*** 0.035* 0.021 -0.007 

(0.400) (0.458) (0.000) (0.042) (0.293) (0.639) 

Firm sales 0.005 -0.025 0.027 -0.041*** -0.024 0.020 

(0.705) (0.287) (0.316) (0.000) (0.133) (0.150) 
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Firm cash flow 0.005 0.004 0.005 -0.003 0.000 0.002 

(0.144) (0.198) (0.186) (0.141) (0.928) (0.658) 

Firm patent stock (citation weighted) 0.007 -0.025 0.012 0.003 0.035 -0.004 

(0.800) (0.278) (0.733) (0.866) (0.179) (0.808) 

Firm basic research intensity 0.005 0.013 -0.011 0.014 0.014 0.016 

(0.424) (0.336) (0.353) (0.298) (0.444) (0.463) 

Firm industrial scope 0.005 0.016 0.003 -0.001 0.031** -0.023** 

(0.614) (0.264) (0.878) (0.895) (0.002) (0.002) 

Firm tech scope 0.010 0.006 0.025* -0.008 0.001 -0.002 

(0.144) (0.473) (0.014) (0.139) (0.834) (0.735) 

Observations 29791 30426 11772 30426 14121 14121 

Adjusted R-squared 0.405 0.318 0.088 0.614 0.754 0.740 

Notes: External inventions stand for external follow-up inventions. Internal inventions stand for internal cumulative inventions. Standard errors clustered by 

firms. Year- and firm-fixed effects are included in all models. Standardized beta coefficients are reported. P-values in parentheses. All two-tailed tests. * p < 

0.05, ** p < 0.01, *** p < 0.001. 
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CHAPTER 6 

ADDITIONAL ANALYSES 

In this chapter, I present four sets of additional analyses exploring different aspects of the 

contingencies involved in the consequences of publications. The first contingency relates to the 

source of the external follow-up inventions: do they come from the firm’s potential 

competitors/substitutes in the same industry, or true distant others in a different industry? The 

second contingency regards the focus of the focal firm’s learning: do they learn most in the 

original industry of the invention, or a different industry? The third contingency is about firm-

level differences that impact the focal firm’s efficiency of learning: how does the focal firm’s 

upstream technological diversity affect its efficiency in learning from the external follow-up 

inventions attracted by publications? Finally, the fourth set of analyses look at firm-level factors 

that influence the focal firm’s ability to profit from publications: how does the focal firm’s 

downstream industry scope affect market valuation of publications? 

6.1 Competitive and Substitutive Follow-up Inventions  

One concern regarding the spillover effect of same-firm publications is that they may 

attract follow-inventions from competitors, which poses a competitive threat to the focal firm. In 

my main analyses, I examined the effect of same-firm publications on the total number of 

external follow-up inventions. It remains a question whether same-firm publications affect 

follow-up inventions that may compete with or even potentially substitute for the focal invention, 

and if so, in what ways. Conceptually, external follow-up inventions filed in the same end-use 

industry as the original patented invention pose a competitive threat to the focal firm 

(competitive follow-up inventions). The threat is particularly salient when the inventions are not 

only filed in the same end-use industry but also take a different technological approach than the 
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focal patent, in which case the external follow-up patent could be a substitute for the focal patent 

(substitutive follow-up inventions).  Examining the effect of same-firm publications on these 

competitive and substitutive inventions is important: if publications attract highly original and 

valuable competitive/substitutive inventions from competitors to the focal firm, the net benefit of 

publications could be negative.  

I explored this possibility by decomposing the pool of external follow-up inventions into 

three categories: external follow-up inventions in a different industry (non-competitive follow-

ups), those in the same industry (competitive follow-ups), and those in the same industry but 

taking a different technological approach (substitutive follow-ups). To determine the end-use 

industry of each patent, I relied on the AI patents industrial classification scheme provided by 

WIPO, which uses CPC code(s) and IPC code(s) to classify a patent to end-use industries 

(WIPO, 2019) such as agriculture, banking and finance, education, etc. To determine the 

technological approach of the original and follow-up invention patent, I relied on the AI patents 

technological approach classification scheme provided by WIPO, which again uses CPC/IPC 

code(s) to classify a patent to different AI technological approaches (WIPO, 2019) including 

fuzzy logic, logic programming, machine learning, ontology engineering, probabilistic reasoning, 

and search methods. I examined the impact of same-firm publications on the originality and 

quality of the three types of external follow-up inventions (measured by family size). Table 6.1 

presents the results. Interestingly, while same-firm publications increase both the originality and 

quality of non-competitive follow-up inventions, it has an insignificantly negative association 

with the originality of competitive and substitutive follow-ups, and the quality of competitive 

follow-up. It also has a significant, negative impact on the quality of substitutive follow-up 

inventions. The results suggest that same-firm publications mainly help firms attract high-quality 
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and original external follow-up inventions that are non-competitive. Therefore, they help firms 

access the knowledge pool of distant others without increasing competitive threat.  

------------------------------------- 

Insert Table 6.1 about here 

------------------------------------- 

There could be multiple reasons for which their competitors do not seem to create higher 

quality or more original follow-up inventions. It could be that the knowledge a focal firm reveals 

in their publications is familiar to their competitors, therefore, the latter does not obtain the 

benefits of distant learning that more distant innovators gain. It could also be that the firm’s 

competitors would follow and learn from the focal firm’s invention anyway, so the publications 

do not make the focal firm’s inventions more visible. Either way, the results suggest that the 

competitive risk of publications may not be as severe as prior literature suggested (Gans et al., 

2017). Nevertheless, I remain cautious in interpreting the results in a conclusive manner as the 

competitors’ substitution or imitation inventions may not be well captured by the follow-up 

inventions. 

6.2 Focus of Learning  

An intriguing question is whether same-firm publications facilitate firms to learn and 

create internal cumulative inventions in their original industry or in a different industry. The 

implications are enormous: if the learning mainly happens within industry boundaries, then 

same-firm publications only help the focal firm better exploit its capability and strengths. If the 

learning happens across industries, then the focal firm is able to move their generic AI invention 

to commercial application in different end-use industries and overcome path dependence to some 

extent (Levinthal & March, 1993).  
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I explored this theoretical question by decomposing the pool of internal cumulative 

inventions into two categories: the internal cumulative inventions with the same industry focus 

as the original patent (same-industry inventions), and those with a different industrial focus 

(other-industry inventions). The industry focus of patents is determined by the WIPO AI patents 

industry classification scheme. I examined how same-firm publications affect the number and 

quality (as indicated by family size) of these two types of internal cumulative inventions, 

controlling for firm- and year-fixed effects and all control variables included in my main 

analyses. Table 6.2 presents the results. The results show that same-firm publications increase 

the number of both same-industry and other-industry internal cumulative inventions. 

Interestingly, same-firm publications have a significant, positive effect on the quality of other-

industry internal cumulative inventions but a significant, negative effect on the quality of same-

industry internal cumulative inventions. The results suggest that the learning benefits brought by 

same-firm publications manifest mostly when the focal firms learn to innovate in a different 

industry. This is understandable because it is when the firm tries to innovate in a different 

industry, the need for synthesizing distant knowledge is the strongest, while the challenge of 

doing so is the biggest. Although same-firm publications do facilitate the focal firm to learn and 

create same-firm inventions, the firms do not gain much insight from this process to improve the 

quality of their inventions.  

------------------------------------- 

Insert Table 6.2 about here 

------------------------------------- 
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6.3 Upstream Technological Diversity and Learning 

Firm-level contingencies may impact a focal firm’s ability to benefit from the 

publication-triggered learning process. A key factor in this vein is the firm’s upstream 

technological diversity, which is defined as a firm’s ability to span multiple technology sectors in 

its proprietary inventions. The diversity manifests on two levels: not only does the firm’s internal 

knowledge base contain knowledge components from multiple technology fields, but it is also 

able to combine knowledge from divergent fields in a single invention. Therefore, technological 

diversity indicates the existence of a diverse technological profile as well as organizational 

routines that facilitate the synthesizing of diverse knowledge (Nelson, 2009). As such, it 

facilitates the firm’s learning from the publication-attracted external follow-up inventions in two 

ways. 

 The first-order effect comes from the storage of diverse knowledge from multiple 

technology fields in the firm’s internal knowledge base. As elaborated on in Chapter 4, 

publications help a focal firm attract external follow-up inventions from a broader set of 

technological fields. Learning from these divergent, distant sources is challenging. 

Organizational learning is cumulative and path-dependent (Dosi, 1988; Helfat, 1994; Teece, 

Rumelt, Dosi, & Winter, 1994). The effective absorption of new, external knowledge is 

facilitated by prior, related knowledge (Cohen & Levinthal, 1990). Given that the firm’s internal 

knowledge pool contains knowledge components from multiple technology fields, it is likely that 

there are more components that are related to the new, external knowledge contained in follow-

up inventions. The existing knowledge serve as a bridge that connects the firm’s prior research 

efforts, the external follow-up inventions, and the firm’s subsequent internal cumulative 

inventions.  
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 The second-order effect derives from the firm’s capability in synthesizing knowledge 

from divergent technology fields. Creating inventions that span multiple technology fields 

requires not only knowledge about the different technologies but also organizational processes 

that facilitate the understanding, articulation, and codification of the divergent knowledge 

components (Zollo & Winter, 2002). Moreover, the recombination of divergent knowledge 

sources involves great uncertainty and a larger number of trial-and-error (Fleming, 2001). As the 

firm regularly creates inventions that span multiple technology fields, they likely have high-order 

organizational routines that increase their efficiency in experimentation, trial-and-error learning, 

and managing uncertainty (Winter, 2003; Zollo & Winter, 2002). Such organizational routines 

are particularly helpful when the firm intends to learn from the publication attracted external 

follow-up inventions as such learning essentially requires the same capability. Therefore, firms 

with upstream technological diversity should be more efficient than technologically specialized 

firms in synthesizing knowledge contained in the distant, external follow-up inventions.  

Taken together, the firm’s diverse knowledge pool and its organizational routines for 

learning from divergent sources together constitute a supreme capability that facilitates the firm 

to learn from the external follow-up inventions and create subsequent internal cumulative 

inventions. Critically, as the direction of the firm’s subsequent inventive efforts is shaped by its 

firm-specific technological path, which is usually compatible with its complementary assets 

positions (Helfat, 1994; Wu, Wan, & Levinthal, 2014), the firm will create subsequent inventions 

in a direction that promise great private value to the firm. 

 A further implication of this line of reasoning is that, as the firm’s organizational routines 

facilitate it to understand, articulate, experiment with, and recombine knowledge from divergent 

sources regularly, the firm over time achieves greater reliability in conducting research and 
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development with high uncertainty. The firm is more efficient than specialized firms in 

interpreting complex causal relationships from their trial-and-errors and selecting privately 

valuable inventions. Therefore, technology diversity should further reduce variance in the private 

value of the firm’s subsequent internal cumulative inventions. To summarize, I expect firm 

technological diversity to positively moderate the effect of same-firm publications on private 

value of internal cumulative inventions, and to negatively moderate the effect of same-firm 

publications on variance in private value of internal cumulative inventions. 

To test this line of reasoning, I created a new variable, firm technological diversity. 

Conceptually, firm technological diversity is defined as the extent to which a firm’s patented 

inventions span multiple technological fields. Firm technological diversity is a firm-level average 

of the technological scope of the firm’s patents. Therefore, I operationalized this variable in the 

following way: 

𝐹𝑖𝑟𝑚 𝑇𝑒𝑐ℎ 𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦𝑖𝑡 =
∑ 𝑝𝑎𝑡𝑒𝑛𝑡 𝑡𝑒𝑐ℎ 𝑠𝑐𝑜𝑝𝑒𝑖𝑗𝑛𝑖

𝑛𝑖
 

 I first determined the technological scope of each one of the firm i’s patents j in a year t, 

measured by the number of distinct USPC technology classes the patent belongs to. I then 

calculated firm technological diversity for firm i in year t as the average technological scope of 

the firm’s 𝑛𝑖  patents in a year. 

Table 6.3 presents the results of testing my predictions.  

------------------------------------- 

Insert Table 6.3 and Figure 6.1 about here 

------------------------------------- 
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Model 1 tests how firm technological diversity moderates the effect of same-firm 

publications on the private value of internal cumulative inventions. The positive coefficient of 

the interaction term between same-firm publications and firm technological diversity 

(Standardized Beta = 0.029, p = 0.019) lends support for my prediction. Notably, in this model, 

the coefficient of same-firm publications becomes negative. Figure 6.1 presents the marginal 

effects of same-firm publications on the private value of internal cumulative inventions at 

different levels of firm technological at diversity. We can see that when the firm has no upstream 

technological diversity, the effect of publication is negative (non-significant). All other variables 

held at mean levels, at 50 percentile of technology diversity, every additional same-firm 

publication leads to a 1.16 increase in internal cumulative invention’s average family size. The 

results suggest that the positive effect of same-firm publications manifests itself mainly for firms 

with diverse upstream technological assets.  

Model 2 tests whether firm technological diversity negatively moderates the effect of 

same-firm publications on variance in the private value of internal cumulative inventions. The 

negative coefficient of the interaction term between same-firm publications and firm 

technological diversity (Standardized Beta = -0.024, p = 0.005) lends support for my prediction. 

Notably, in this model, the coefficient of same-firm publications becomes positive. Figure 6.2 

presents the marginal effects of same-firm publications on the variance in the private value of 

internal cumulative inventions at different levels of firm technological diversity. We can see that 

when the firm has no upstream technological diversity, same-firm publications increase the 

variance of private value of internal cumulative inventions. All other variables held at mean 

levels, at 50 percentile of technology diversity, every additional same-firm publication leads to a 

0.80 decrease in the standard deviations of the private value of the internal cumulative inventions 
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on a focal patent. This suggests that same-firm publications make learning from external follow-

up inventions more reliable, mainly for firms with diverse upstream technological assets.  

------------------------------------- 

Insert Figure 6.2 about here 

------------------------------------- 

6.4 Downstream Industry Scope and Profiting from Publications 

Similarly, firm-level contingencies may also affect the focal firm’s ability to profit from 

the publication-triggered learning process. Here I focus on the firm’s downstream industry scope. 

Downstream industry scope is defined as the extent to which the firm has a foothold in a wide 

range of end-use industries. Having a foothold in an industry suggests the existence of relevant 

complementary assets or capability in manufacturing, marketing, sales, etc. Usually, such 

downstream complementary asset position is coupled with storage of the industry-specific 

technological knowledge and know-how.  

A firm’s foothold in a wide range of industries facilitates the firm to gain financial profits 

from the subsequent inventions they created off the publication-triggered learning process in 

several ways. First, intuitively, the firm’s ownership of complementary assets (e.g. assets for 

manufacturing, marketing, sales, post-sale services, etc.) in multiple industries facilitate 

commercialization of AI inventions in those industries, thereby enlarging the potential volume of 

profits the firm could earn (Teece, 1986). This reasoning is in line with a classic view that 

diversified firms appropriate more profits from and thus are more motivated to conduct basic 

research (Nelson, 1959; Rosenberg, 2010). Assuming that the diversified firm have a coherent 

R&D profile and downstream complementary assets compositions, the firm should also have the 

related industry-specific technology know-how which proves to be extremely useful in moving a 
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generic AI invention to commercialization. All else equal, diversified firm is able to realize more 

commercial value from a piece of generic AI invention because of its superior asset position in 

and technology knowledge about multiple industries.  

Second, when the firm has specialized complementary assets in a wide range of end-use 

industries, it more effectively precludes competitors from imitation, because even if imitators 

come along, they are not able to commercialize the imitated invention as effectively as the focal 

firm. This exclusive power is crucial for commercializing the publication-triggered learning 

outcomes. Essentially, the publication-triggered learning comes from intentionally disclosing a 

firm’s inventions and knowledge to the outside world, which makes it easier for competitors to 

create imitations or substitutions and thus undercut the firm’s competitive advantage (Oliver, 

1997; Wernerfelt, 1984). If the focal firm could defend its monopoly position with 

complementary assets, it can financially profit from the learning benefits associated with 

publications without bearing the cost of spillover (Pisano, 2006), creating additional incentives 

for an open science strategy.  

Third, a firm’s multi-industry position buffers the uncertainty in the market prospect of 

AI inventions. A generic AI invention has the potential to be commercialized in multiple end-use 

industries. The take-off of an AI invention in a specific end-use industry not only depends on the 

firm’s downstream complementary assets in that industry but also relies on the existence of 

complementary inventions and infrastructures (Bresnahan, 2010; Bresnahan & Trajtenberg, 

1995; Gambardella & McGahan, 2010; Teece, 2018), which is beyond the control of a focal 

firm. Therefore, ex ante, it is highly uncertain in which industry commercialization will take off. 

Having prior investments in complementary assets in multiple industries allows the focal firm to 

test water at different industries without building or acquiring new capabilities. This affords the 
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firm the much-needed flexibility to commercialize inventions in a highly uncertain environment 

(Lampert et al., 2020). 

Taken together, a firm’s foothold in multiple industries facilitates it to gain more 

financial profits from the publication-triggered learning process. Such financial gain should be 

reflected in changes in the firm’s market value. Assuming that stock market valuations of a firm 

in a given period reflect the long-term financial return to the firm’s tangible and intangible 

assets, the financial return a firm gains from publications should be reflected by stock market 

valuations of firm publications (Hall et al., 2005; Hall, Thoma, & Torrisi, 2007; Jaffe, 1986). 

Following the line of reasoning I built earlier, market valuation of publications should be higher 

for firms with broad industry scope than for more specialized firms. 

 To test this line of reasoning, I focused on firm industry scope as my explanatory 

variable. Firm industrial scope reflects the firm’s foothold in a wide range of end-use industries. 

I proxied for this variable with the total number of industries spanned by a firm’s AI patents in a 

year. Here I build on previous literature to assume that when a firm enters a new technology 

field, the direction of its technological investment is usually dictated by, and thus its downstream 

complementary asset positions (Benner & Tripsas, 2012; Helfat, 1994; Tripsas, 1997; Tripsas & 

Gavetti, 2000; Wu et al., 2014). I relied on the WIPO AI patents industry classification scheme 

to determine the targeted end-use industry of a patent (WIPO, 2019). 

The unit of analysis for this set of analyses is a firm in a year. I obtained data on the 

firm’s yearly fundamentals and financial performance, including market value, from Compustat 

firm database maintained by Wharton Research Data Services (WRDS). Due to data availability 

on firm market value, my firm sample includes 201 firms over the period 1995 to 2018. 
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I employed the market value approach (Griliches, 1981, 1986; Hall et al., 2005; Hall et 

al., 2007) to estimate how downstream industry scope affects market valuation of firm 

publications. The methodology is based on the following assumptions: the long-run equilibrium 

market value of a firm should equal the book value of the firm’s bundle of assets; unless the 

market is in disequilibrium, any deviations from this equation reflect an unmeasured source of 

rents driving the difference between the market and book value of the assets. Therefore, the 

value of intangible assets, such as basic research, patents, publications, can be inferred from the 

difference between a firm’s market value and the book value of its tangible assets. Past 

researchers have applied this methodology to estimate market valuations of R&D input 

(Griliches, 1981; Hall et al., 2007), patents (Hall et al., 2007; Jaffe, 1986), patent citations (Hall 

et al., 2005; Hall et al., 2000), and publications (Arora et al., 2018; Simeth & Cincera, 2016).  

 More specifically, the value of a firm is a function of its composite physical assets A and 

its intangible assets K including R&D input, patent, publications, etc., which are valued by the 

market but not measured as an element of the physical asset.  

𝑉𝑖𝑡(𝐴𝑖𝑡, 𝐾1𝑖𝑡 , 𝐾2𝑖𝑡 , 𝐾3𝑖𝑡 , … ) = 𝑞𝑡(𝐴𝑖𝑡 + 𝛾1𝐾1𝑖𝑡 + 𝛾2𝐾2𝑖𝑡 + 𝛾3𝐾3𝑖𝑡 + ⋯ )𝜎               (1) 

 Dividing both sides by A and taking the natural logarithm of both sides of the function 

gives us: 

log Qit = log
𝑉𝑖𝑡

𝐴𝑖𝑡
 

=  log 𝑞𝑡 + 𝜎 (𝑙𝑜𝑔 (1 + 𝛾1 (
𝐾1𝑖𝑡

𝐴𝑖𝑡
) + 𝛾1 (

𝐾2𝑖𝑡

𝐴𝑖𝑡
) + 𝛾1 (

𝐾3𝑖𝑡

𝐴𝑖𝑡
) … )) + 𝜖𝑖𝑡   (2) 

 Scholars conventionally use 𝑄𝑖𝑡 to denote 
𝑉𝑖𝑡

𝐴𝑖𝑡
 and call it Tobin’ q (Hall, 1993). The 

intercept of the model, log 𝑞𝑡 , can be interpreted as an estimate for the logarithm average of 

Tobin’s q across firms for each year. The σ coefficient describes the overall scale effect and is 1 
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under assumptions of constant returns to scale and no measurement error in asset A. The 

parameters γ multiplying a specific intangible asset K is the shadow value of these intangible 

assets relative to the book value of asset A.  I applied this method to estimate the market value of 

firm publications and then examine how firm downstream industry scope affect the market 

valuation of publications. 

To isolate market value of publications, I focused on the additional informational value 

publications provided to the stock market, after the firm’s research input and other research 

outputs (i.e. patents) have been factored in. I conceptualize knowledge creation processes inside 

the firm as a flow from R&D input to outputs including patents and publications (Hall et al., 

2005). R&D input indicates the firm’s investment in innovation, while patents and publications 

signal the firm’s success in utilizing the investment to generate codifiable inventive outputs. 

Once the market value of R&D input stock and patent stock have been factored in, the additional 

information value provided by firm publications lies in the number of firm publication stock per 

R&D dollar. My interest is in estimating market valuation of this piece of additional information. 

Therefore, the equation to be estimated becomes: 

𝑙𝑜𝑔𝑄𝑖𝑡 = 𝑙𝑜𝑔𝑞𝑡 + log (1 +
𝛾1𝑅&𝐷𝑖𝑡

𝐴𝑖𝑡
+

𝛾2𝑃𝐴𝑇𝑖𝑡

𝑅&𝐷𝑖𝑡
+

𝛾3𝑃𝑈𝐵𝑖𝑡

𝑅&𝐷𝑖𝑡
+ ∑ 𝛾𝑥𝑋𝑖𝑡) + 𝜀𝑖𝑡    (3) 

𝑅&𝐷𝑖𝑡, 𝑃𝐴𝑇𝑖𝑡, and 𝑃𝑈𝐵𝑖𝑡 represent the stock variables of the R&D input, citation-

weighted patent counts, and publications of firm i in year t. 𝑋𝑖𝑡 denotes a set of time-varying 

firm-level control variables. The model also includes a full set of year dummies. Standard errors 

are heteroskedastic-consistent. Parameter 𝛾3 estimates the market value of publications per 

million R&D dollars. Adding the interaction term between publication stock and industry scope, 

the equation becomes (4), with 𝛾4  estimating the interaction effect of industry scope and 

publications stock on market value.  
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𝑙𝑜𝑔𝑄𝑖𝑡 = 𝑙𝑜𝑔𝑞𝑡 + log (1 +
𝛾1𝑅&𝐷𝑖𝑡

𝐴𝑖𝑡
+

𝛾2𝑃𝐴𝑇𝑖𝑡

𝑅&𝐷𝑖𝑡
+

𝛾3(𝑃𝑈𝐵𝑖𝑡)

𝑅&𝐷𝑖𝑡
+

𝛾4(𝑃𝑈𝐵𝑖𝑡∗𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑠𝑐𝑜𝑝𝑒)

𝑅&𝐷𝑖𝑡
+ 𝛾5 ∗

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝑠𝑐𝑜𝑝𝑒 + ∑ 𝛾𝑥𝑋𝑖𝑡) + 𝜀𝑖𝑡                           (4) 

To implement the market value approach, we need to include assets in the estimation. 

Assets equal the book value of a firm’s assets minus debt at the end of a fiscal year. To make 

sure the effect I found is not a reflection of the firm’s overall research input or patents as another 

form of research output, I also included in the equation the firm’s R&D input stock, and the 

firm’s patent stock (citation weighted), calculated in the same way as described in Chapter 4.  

 I additionally controlled for the firm’s size with sales, resources with cash. Also, to 

ensure I estimate the effect of publications above and beyond the basic impact of the firm’s basic 

research orientation, I controlled for basic research intensity, which is proxied by the number of 

instances that the firm cited academic papers as prior arts in its patents filed in a year. 

OLS regression can be applied to estimate (3) and (4), relying on the approximation 

log(1+x) ~ x. Nevertheless, the approximation is very imprecise with higher values of x. 

Therefore, I estimated (3) and (4) using non-linear least squares (NLLS) regressions with the 

STATA command nl. Robustness checks using OLS regressions produce consistent results. 

Table 6.4 presents the results of non-linear least squares regression analyses. Model 1-3 

presents market valuations of R&D input stock, patent stock (citation weighted), and publication 

stock relative to the book value of firm assets, each estimated alone. The three models show that, 

when estimated alone, all three indicators of the firm’s R&D activities are positively valued by 

the market. Publications stock has a marginally significant, positive effect on the market value of 

firms. However, the result does not represent the true market value of firm publications because 

the firm’s R&D input and the other form of R&D output—patents—have not been properly 

controlled for. Model 4 presents results from estimating equation (3), estimating market 
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valuations of R&D input stock relative to assets, patent stock (citation weighted) relative to R&D 

input stock, and publication stock relative to R&D input stock simultaneously. As expected and 

consistent with prior research, both R&D input stock and patent stock (citation weighted) are 

positively valued by the stock market. The coefficient of publications stock is positive but non-

significant. This suggests that publications stock by itself are not positively valued by the stock 

market in a statistically significant way. Model 5 adds the interaction term of industry scope and 

publication stock. The positive coefficient of this interaction term suggests that industry scope 

positively mediates the effect of publications stock on market value. The impact is illustrated in 

Figure 6.3 by calculating the semi-elasticity of the effect of publications stock for a firm with 

narrow or broad industry scope. For a specialized firm that focus on one industry, every 

additional publication per millions R&D dollar leads to a 1.6% decrease in firm market value; for 

a firm moderately diversified firm (calculated at the industry average), every additional 

publication per millions R&D dollar leads to a 0.2% decrease in firm market value. In contrast, 

for a firm that tabs into 6 industries (about one standard deviation from industry average level of 

diversification), every additional publication per millions R&D dollar leads to a 0.6% increase in 

firm market value; for a firm that tabs into 8 industries (about two standard deviations from 

industry average), every additional publication per millions R&D dollar leads to a 1.6% increase 

in firm market value. It suggests that the stock market does not value publications for specialized 

or moderately diversified firms. For firms that are more diversified than industry average, 

publications translate into positive market valuations.  

------------------------------------- 

Insert Tables 6.4 and Figure 6.3 about here 

------------------------------------- 
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Figure 6.1 Conditional Marginal Effects of Same-Firm Publications  

on Private Value of Internal Cumulative Inventions  

by Firm Technological Diversity 

 

Notes: All other variables held at their mean level. X-axis represents firm technological diversity in percentile among all firm-year 

observations. Y-axis represents the marginal effects of same-firm publications on the private value of internal cumulative 

inventions (dy/dx). For example, a marginal effect of 1 indicates that every additional same-firm publication is associated with 1 

more jurisdiction in the focal invention’s patent family. 95% confidence interval.  
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Figure 6.2 Conditional Marginal Effects of Same-Firm Publications on  

Variance in the Private Value of  

Internal Cumulative Inventions by Firm Technological Diversity 

 

Notes: All other variables held at their mean level. X-axis represents firm technological diversity in percentile among all firm-year 

observations. Y-axis represents the marginal effects of same-firm publications on the variance in private value of internal 

cumulative inventions (dy/dx). 95% confidence interval.  
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Figure 6.3 Conditional Marginal Effects of Firm Publications  

Per Million R&D Dollar by Firm Industry Scope 

 

Notes: All other variables held at their mean level. X-axis represents the number of industries the focal firm spans into. Y-axis 

represents semi-elasticity of firm market value on firm publications per million R&D dollars (ey/dx). For example, a semi-elasticity 

of 0.02 indicates that every additional firm publication per million R&D dollars is associated with 2% increase in firm market 

value. 95% confidence interval. 
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Table 6.1 Additional Analysis: Competitive and Substitutive External Follow-up Inventions  
 Patent originality Patent quality 
 

Model 1 
Non-competitive 

follow-up 
inventions 

Model 2 
Competitive 

follow-up 
inventions 

Model 3 
Substitutive 
follow-up 
inventions 

Model 4 
Non-competitive 

follow-up 
inventions 

Model 5 
Competitive 

follow-up 
inventions 

Model 6 
Substitutive 

follow-up 
inventions 

Same-firm publications 0.009* -0.005 -0.006 0.014*** -0.007 -0.019*** 
(0.026) (0.195) (0.212) (0.000) (0.247) (0.000) 

Patent-level controls       
Patent industrial breadth 0.619*** -0.639*** -0.589*** 0.115*** -0.319*** -0.398*** 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Patent tech breadth 0.083*** -0.087*** 0.554*** 0.037*** -0.048*** 0.310*** 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Patent originality 0.145*** -0.007 0.032*** -0.057*** -0.008 -0.014 

(0.000) (0.414) (0.000) (0.000) (0.426) (0.232) 
Patent generality 0.094*** 0.028*** 0.058*** 0.010* -0.040*** 0.005 

(0.000) (0.000) (0.000) (0.016) (0.000) (0.537) 
Backward citation number 0.024 -0.009 0.006 0.017 0.043** 0.024 

(0.084) (0.414) (0.689) (0.373) (0.004) (0.145) 
Forward citation number -0.015 0.060*** 0.046* 0.704*** 0.188*** 0.213*** 

(0.262) (0.000) (0.013) (0.000) (0.000) (0.000) 
Patent family size -0.006 0.020** 0.019*** 0.014 0.060*** 0.061*** 

(0.414) (0.003) (0.001) (0.284) (0.000) (0.000) 
Number of inventors 0.017*** -0.012* 0.036*** -0.034*** -0.009 0.015** 

(0.000) (0.027) (0.000) (0.000) (0.107) (0.001) 
Citation to papers -0.012 0.010 0.003 -0.020 -0.043** -0.015 

(0.270) (0.354) (0.767) (0.525) (0.005) (0.161) 
Firm-level controls       
Firm R&D input stock 0.037 -0.030 0.013 0.006 -0.022 0.001 

(0.101) (0.172) (0.367) (0.699) (0.250) (0.948) 
Firm sales -0.034* 0.021 -0.022 0.003 -0.018 -0.022 

(0.036) (0.272) (0.054) (0.828) (0.395) (0.205) 
Firm cash flow -0.001 0.003 -0.007 0.009** -0.006* -0.018** 

(0.700) (0.289) (0.082) (0.003) (0.049) (0.006) 
Firm patent stock (citation weighted) -0.000 -0.009 0.042* 0.014 0.008 0.024 

(0.982) (0.711) (0.049) (0.592) (0.806) (0.341) 
Firm basic research intensity -0.007 0.014 -0.008 -0.027 0.025 -0.027 

(0.480) (0.191) (0.444) (0.077) (0.122) (0.253) 
Firm industrial scope 0.023 -0.017 0.034** -0.001 -0.016 0.015 

(0.073) (0.170) (0.002) (0.842) (0.169) (0.083) 
Firm tech scope -0.001 0.003 0.029*** 0.003 -0.009 0.018* 

(0.859) (0.575) (0.000) (0.573) (0.123) (0.034) 
Observations 30422 30422 30422 30449 30662 30662 
Adjusted R-squared 0.494 0.461 0.422 0.466 0.226 0.244 

Notes: Standard errors clustered by firms. Year- and firm-fixed effects are included in all models. Standardized beta coefficients are reported. P-values in 

parentheses. All two-tailed tests. * p < 0.05, ** p < 0.01, *** p < 0.001. 
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Table 6.2 Additional Analysis: Same- vs. Other-Industry Internal Cumulative Inventions   
Model 1 

No. of other-industry 
inventions 

Model 2 

No. of same-industry 
inventions 

Model 3 

Quality of other-
industry inventions 

Model 4 

Quality of same-
industry inventions 

Same-firm publications 0.012*** 0.010** 0.005*** -0.007** 

(0.001) (0.005) (0.000) (0.001) 

Variance in private value of same-
industry inventions 

  0.993***  

  (0.000)  

Variance in private value of other-
industry inventions 

   0.818*** 

   (0.000) 

Number of external follow-up 
inventions 

0.203*** 0.289***   

(0.000) (0.000)   

Family size of external follow-up 
inventions 

0.007 -0.007 0.008** 0.011* 

(0.364) (0.448) (0.003) (0.043) 

Forward citation of external follow-
up inventions 

0.021*** 0.016*** -0.000 -0.007*** 

(0.000) (0.000) (0.323) (0.000) 

Originality of external follow-up 
inventions 

0.001 -0.053*** 0.013*** -0.016*** 

(0.914) (0.001) (0.000) (0.000) 

Patent-level controls     

Patent industrial breadth 0.154*** -0.185*** 0.006*** -0.045*** 

(0.000) (0.000) (0.001) (0.000) 

Patent tech breadth 0.069*** 0.017 -0.015*** -0.026*** 

(0.000) (0.167) (0.000) (0.000) 

Patent originality -0.017* -0.047*** 0.007*** 0.010** 

(0.029) (0.000) (0.001) (0.005) 

Patent generality 0.036*** 0.017*** -0.001 -0.009* 

(0.000) (0.000) (0.238) (0.025) 

Backward citation number 0.099*** 0.081*** -0.012*** 0.005 

(0.000) (0.001) (0.000) (0.756) 

Forward citation number 0.434*** 0.306*** -0.003 -0.035** 

(0.000) (0.000) (0.410) (0.004) 

Patent family size -0.005 -0.010 0.001 0.004 

(0.577) (0.239) (0.642) (0.423) 

Number of inventors 0.000 -0.009* -0.001 0.003 

(0.956) (0.021) (0.150) (0.469) 

Citation to papers -0.098*** -0.081*** -0.001 0.014 

(0.000) (0.000) (0.827) (0.601) 

Firm-level controls     

Firm R&D input stock 0.051** 0.030 0.006 -0.023* 

(0.010) (0.115) (0.100) (0.017) 

Firm sales -0.018 -0.035* -0.006 -0.019** 

(0.137) (0.019) (0.084) (0.009) 

Firm cash flow -0.000 -0.002 0.000 -0.002 

(0.847) (0.566) (0.630) (0.153) 

Firm patent stock (citation weighted) -0.013 -0.007 -0.002 0.048* 

(0.662) (0.709) (0.534) (0.019) 

Firm basic research intensity 0.004 0.030 0.005 0.016** 

(0.760) (0.056) (0.154) (0.002) 

Firm industrial scope 0.003 -0.019 0.003 0.007 

(0.763) (0.068) (0.098) (0.328) 

Firm tech scope 0.002 -0.010 -0.001 0.000 

(0.818) (0.173) (0.620) (0.942) 

Observations 30426 30426 14121 30426 

Adjusted R-squared 0.521 0.497 0.987 0.787 

Notes: Standard errors clustered by firms. Year- and firm-fixed effects are included in all models. Standardized beta 

coefficients are reported. P-values in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 
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Table 6.3 Patent-Level Analysis: Moderating Effect of Technological Diversity  
Model 1 

Private value  
Model 2 

Variance of private value  
Same-firm publications -0.004 0.003 

(0.691) (0.579) 

Same-firm publications * 
technological diversity 

0.029* -0.024** 

(0.019) (0.005) 

Technological diversity 0.001 0.024 

(0.961) (0.273) 

Private value of internal 
cumulative inventions 

0.753***  

(0.000)  

Variance in private value of 
internal cumulative inventions 

 0.798*** 

 (0.000) 

Family size of external follow-up 
inventions 

0.019* 0.051*** 

(0.042) (0.000) 

Forward citation of external 
follow-up inventions 

0.013 -0.013 

(0.172) (0.090) 

Originality of external follow-up 
inventions 

0.019* 0.005 

(0.014) (0.593) 

Patent-level controls   

Patent industrial breadth 0.054*** -0.014* 

(0.000) (0.042) 

Patent tech breadth -0.029*** 0.006 

(0.000) (0.545) 

Patent originality 0.005 0.009 

(0.432) (0.214) 

Patent generality -0.008 0.008 

(0.146) (0.094) 

Backward citation number -0.022** 0.022 

(0.007) (0.120) 

Forward citation number -0.073*** 0.144*** 

(0.000) (0.000) 

Patent family size 0.021* -0.013 

(0.026) (0.144) 

Number of inventors -0.001 0.009 

(0.870) (0.142) 

Citation to papers 0.034 -0.012 

(0.051) (0.293) 

Firm-level controls   

Firm R&D input stock 0.021 -0.009 

(0.276) (0.535) 

Firm sales -0.025 0.022 

(0.136) (0.106) 

Firm cash flow 0.000 0.001 

(0.892) (0.695) 

Firm patent stock (citation 
weighted) 

0.035 -0.002 

(0.177) (0.884) 

Firm basic research intensity 0.014 0.017 

(0.413) (0.437) 

Firm industrial scope 0.031** -0.024** 

(0.001) (0.002) 

Firm tech scope 0.001 -0.002 

(0.835) (0.747) 

Adjusted R-squared 0.755 0.740 

Notes: N = 14,121. Standard errors clustered by firms. Year- and firm-fixed effects are included in all models. 

Standardized beta coefficients are reported. P-values in parentheses. All two-tailed tests. * p < 0.05, ** p < 0.01, *** 

p < 0.001. 
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Table 6.4 Firm-Level Analysis: NLLS Regressions of Firm’s Tobin’s Q  
Model 1 Model 2 Model 3 Model 4 Model 5 

𝑷𝒖𝒃𝒍𝒊𝒄𝒂𝒕𝒊𝒐𝒏 𝒔𝒕𝒐𝒄𝒌

𝑹&𝑫 𝒊𝒏𝒑𝒖𝒕 𝒔𝒕𝒐𝒄𝒌
 

   0.572 -10.28* 

   (0.515) (0.013) 

𝑷𝒖𝒃𝒍𝒊𝒄𝒂𝒕𝒊𝒐𝒏 𝒔𝒕𝒐𝒄𝒌 ∗  𝑰𝒏𝒅𝒖𝒔𝒕𝒓𝒚 𝑺𝒄𝒐𝒑𝒆

𝑹&𝑫 𝒊𝒏𝒑𝒖𝒕 𝒔𝒕𝒐𝒄𝒌
 

    2.275** 

    (0.005) 

Industry Scope 

 

   -0.00881 -0.0121* 

   (0.146) (0.046) 

𝑹&𝑫 𝒊𝒏𝒑𝒖𝒕 𝒔𝒕𝒐𝒄𝒌

𝑨𝒔𝒔𝒆𝒕𝒔
 

0.246***   0.197*** 0.196*** 

(0.000)   (0.000) (0.000) 

𝑷𝒂𝒕𝒆𝒏𝒕 𝒔𝒕𝒐𝒄𝒌

𝑨𝒔𝒔𝒆𝒕𝒔
 

 0.00213***    

 (0.001)    

𝑷𝒖𝒃𝒍𝒊𝒄𝒂𝒕𝒊𝒐𝒏𝒔 𝒔𝒕𝒐𝒄𝒌

𝑨𝒔𝒔𝒆𝒕𝒔
 

  2.848   

  (0.064)   

𝑷𝒂𝒕𝒆𝒏𝒕 𝒔𝒕𝒐𝒄𝒌

𝑹&𝑫 𝒊𝒏𝒑𝒖𝒕 𝒔𝒕𝒐𝒄𝒌
 

 

   0.00138* 0.00156** 

   (0.014) (0.004) 

Sales -0.00000386*** -0.00000399*** -0.00000399*** -0.00000377*** -0.00000378*** 

 
(0.000) (0.000) (0.000) (0.000) (0.000) 

Cash 0.0000198*** 0.0000201*** 0.0000177*** 0.0000232*** 0.0000238*** 
 

(0.000) (0.000) (0.001) (0.000) (0.000) 

Basic research intensity 0.00755*** 0.00402** 0.00588** 0.00481** 0.00539** 

(0.000) (0.008) (0.002) (0.009) (0.005) 

Adjusted R-squared 0.083 0.070 0.046 0.090 0.092 

Notes: N = 1,812. Dependent variable Tobin’s Q = 
𝐹𝑖𝑟𝑚 𝑚𝑎𝑟𝑘𝑒𝑡 𝑣𝑎𝑙𝑢𝑒

𝐹𝑖𝑟𝑚 𝐴𝑠𝑠𝑒𝑡𝑠
. Year-fixed effects are included in all models. 

Standardized beta coefficients are reported. P-values in parentheses. All two-tailed tests. * p < 0.05, ** p < 0.01, *** 

p < 0.001. 
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CHAPTER 7 

DISCUSSIONS AND CONCLUSION 

7.1 Summary of Dissertation 

 My dissertation started from a classic question in innovation studies: why do firms get 

when they publish? Departing from the existing literature, which focuses on how firm 

publications affect the capturing of immediate, commercial value from a firm’s inventions, I turn 

to the other side of the story, which has so far been largely neglected: publications could also 

influence the creation and capturing of the long-term, generative value of the firm’s inventions, 

defined as the subsequent cumulative inventions the focal firm creates building off its original 

inventions and the train of follow-up inventions spawned by the original inventions. I theorize 

that a publishing firm may enlarge the generative value of an invention by leveraging 

publications as a learning tool; in the meantime, firms also face a critical tradeoff between the 

potential gain of the publication-triggered learning benefits in the long-term, and the loss of 

commercial profits in the short-term.  

 I carry on this theoretical discussion in the context of artificial intelligence technology 

sectors, as a theoretical case for radical GPTs. This scope condition is important because it is the 

inherent technological and market uncertainty in a radical GPT sector like AI that makes the 

generative value of inventions critical but challenging for inventing firms. 

 I theorized and empirically explored the impact of publications on the generative value of 

firm inventions and the various contingencies. First, I look deep into the learning benefits 

brought by publications. I develop and test a theory on how publications facilitate firms to learn 

from distant others effectively and thus enlarge the generative value of their inventions. Center to 

my theorization are two inter-related arguments: publications first serve as a broadcasting tool 
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that helps firms attract a diverse pool of highly original external follow-up inventions to the 

firm’s generic AI inventions; second, publications serve as a common knowledge interface that 

guides firms as they learn from the diverse, distant external follow-up inventions. As a result, 

publications help firms create not only more internal cumulative innovations but also inventions 

that are from a broader spectrum of technology classes, of higher private value, and with lower 

variance. Analyses of the publication and patenting activities 237 AI active publicly-traded firms 

in the U.S. provide support to my theoretical predictions.  

After revealing the long-term learning benefits firm publications brought, I look into the 

tradeoff between the long-term learning benefits brought by publications and the potential loss of 

short-term commercial profits. I theorize that each firm need to consider this tradeoff in deciding 

whether, and how much to publish papers on a piece of invention. The consequences of their 

decision depend on publications’ impact on the short-term, commercial and long-term, 

generative value of the invention, which varies by firms. Chapter 6 looks into the various 

contingencies involved. Results from additional analyses show that while publications help firms 

attract more original and higher quality external follow-up inventions, they do not attract more 

original or high-quality competitive/substitution inventions. Firms gain the most learning 

benefits when they learn to innovate in a different end-use industry than the original invention, 

highlighting the importance of publications in facilitating learning from distant sources. I also 

theorize and empirically showed that upstream technological diversity indicates superior 

organizational capability in synthesizing knowledge from divergent sources and trial-and-error 

learning, thereby enhancing the firm’s innovation output from the publication-triggered learning 

process. In the meantime, diversity in a firm’s downstream industry scope helps the firm realize 

more profits from their cumulative innovations, buffer the uncertainty of multi-industry 
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commercialization, and defend their monopoly positions, thereby enhancing the firm’s financial 

gain from the publication-triggered learning process. Overall, diversified firms benefit more 

from open science publications, both in their innovation output and in financial gain. 

7.2 Reflections 

 Taken together, my dissertation provides an account for the consequences of firm 

publications in the radical GPT sector of AI and various contingencies in these consequences. 

The inherent technological and market uncertainty of GPT inventions makes innovation and 

commercialization challenging for AI firms. One way AI firms deals with the uncertainty of AI 

inventions is to learn broadly from divergent, distant sources via publication in open science 

communities. An additional buffer for the technological and market uncertainty is upstream and 

downstream diversification: the former helps the firm produce more and better innovation output 

from the publication-triggered learning process; the latter facilitates commercial value capturing 

from the firm’s inventions, helps firms defend their market positions, and buffers against 

uncertainties.  

 In Chapter 4, I outlined the three innovation challenges faced by AI firms: the challenge 

of broad search, the challenge of effective learning, and the challenge of commercialization. 

Looking back, we see that publications, to some extent, help firms deal with these three 

challenges when used in conjunction with the right upstream technology profile and downstream 

industry scope. Firms can tackle the challenge of broad search by using publications as a 

broadcasting tool, which not only attracts highly original external follow-up inventions from a 

broad spectrum of technological fields but also facilitate firms to learn in a different industry 

context. Surely, not every one of the external follow-up inventions will be useful; the quality of 

the follow-up inventions might be highly variable. Yet, it is the diversity of this pool of external 
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follow-up inventions, and the unfamiliarity of some of the inventions, that provides firms 

adequate raw material for learning and subsequent innovation.  

 Firms tackle the challenge of effective learning using both the knowledge behind the 

publications and their superior organizational capability in knowledge recombination. On the one 

hand, the knowledge revealed in a publication serves as a common knowledge interface that 

bridges the firm’s prior research efforts, the external follow-up inventions, and the firm’s 

subsequent inventive efforts, making sure the scientific knowledge base of the three overlaps to a 

large extent. More importantly, the theoretical knowledge and tacit know-how that the focal firm 

accumulated while producing the invention facilitate it to absorb the external follow-up 

inventions, further enhancing the reliability of subsequent cumulative innovation efforts. On the 

other hand, the positive value of publication is amplified when the firm is adept at synthesizing 

knowledge from divergent sources. When a firm possesses superior organizational capability in 

distant search, experimentation, trial-and-error learning, they can more efficiently learn from the 

diverse pool of external follow-up inventions attracted by publications. The outcome is internal 

cumulative inventions with greater private value and more reliable inventive efforts.  

 Publications do not directly resolve the problem of commercialization. Although the 

publication-triggered learning from different technological approaches and end-use industries do 

help firms create subsequent cumulative inventions in directions closer to commercial use in 

end-use industries, taking these inventions to marketplace requires complementary downstream 

assets and capabilities. Results from additional analyses presented in Chapter 6 suggest that 

diversified firms are better equipped to deal with the challenge of commercialization and 

maximize their financial gain from publications. Critically, the challenge of commercialization in 

a radical GPT sector lies in uncertainty regarding multi-industry commercialization. 
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Diversification in downstream industrial assets helps firms target more end-use industries as their 

markets, buffer the uncertainty of multiple markets, and defend their monopoly position against 

competitors.   

7.3 Theoretical Contributions 

 My dissertation is in a dialogue with and thus makes a contribution to four bodies of 

literature in strategy, innovation, and organizational studies: corporate publication, 

organizational learning, technology evolution, and firm strategies in general-purpose technology 

sectors.  

7.3.1 Corporate Publications 

 My dissertation is in a direct conversation with a long train of literature on corporate 

publications. I contribute to this literature in three ways. First, extending the existing work on the 

learning benefits of firm publications (Cockburn & Henderson, 1998; Hicks, 1995), I develop 

and test a theory about how publications facilitate firms to learn from distant others and gain 

long-term innovation benefits. Going beyond the existing work that focuses on how publications 

facilitate access to existing knowledge, I explicate that publications can help firms shape the 

production of external, future knowledge in directions that benefit their learning. Moreover, I 

show the publication-triggered learning is different from other types of inter-organizational 

learning as it helps firms overcome the trap of path dependence. Second, I connect the work that 

emphasizes the competitive consequences of publications (Gans et al., 2017; Polidoro Jr & 

Theeke, 2012; Spencer, 2003; Stern, 2004), and the work that focuses on the learning benefits 

(Cockburn & Henderson, 1998; Hicks, 1995; Simeth & Raffo, 2013) to consider both 

consequences in tradeoff with each other. Critically, I point out that although there is always a 

tradeoff between the two when it comes to publications, the tradeoff is different for different 

firms and inventions. By leveraging firm-specific capabilities and resources, firms can maximize 
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the learning benefits (can capture financial gain from it) while minimizing the commercial profit 

loss. Third and relatedly, my dissertation looks into firm-level contingencies that shift the 

balance between the competitive and learning consequences of publications. By revealing these 

contingencies that have been largely overlooked in previous literature, I provide insights on why 

the publication activities are concentrated in a few firms in many sectors (Hartmann & Henkel, 

2020; Hicks, 1995). 

7.3.2 Organizational Learning 

 By explicating how publications facilitate long-term learning and the firm-level 

contingencies that amplified such learning benefits, my dissertation also dialogues with the 

organizational learning literature. My key contribution to this literature is showing publications 

as a tool that, to some extent, help firms overcome the difficulty of distant learning and the trap 

of path dependence (Alexy et al., 2013; Jeppesen & Lakhani, 2010). A long line of research has 

documented the benefits of broad searches and learning from distant others (Burt, 2004, 2009; 

Kovács, 2019; March, 1991; Rosenkopf & Nerkar, 2001; Schilling, 2005; Schilling & Green, 

2011). In the meantime, distant search/learning is costly and produces innovation outcomes that 

are uncertain, unreliable, and distant in time (Fleming & Sorenson, 2004), partly due to the 

cognitive distance between the focal learning organization and the target knowledge source 

(Ahuja & Katila, 2001; Lane & Lubatkin, 1998). Therefore, the tradeoff between the upside 

potential and cost of distant learning makes it difficult for organizations. As a result, firms tend 

to conduct local search (Fleming, 2001; Levinthal & March, 1993; March, 1991) and learn from 

proximate and familiar others (Ahuja, 2000; Ahuja & Katila, 2001; Ahuja & Morris Lampert, 

2001; Baum & Ingram, 2002; Sorenson et al., 2006). This paper theorizes and empirically 

demonstrates that firms’ publication activities trigger a learning process that, to a large extent, 

overcomes this tradeoff. Publications help the focal firm attract a large and diverse pool of 
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follow-up inventions (Jeppesen & Lakhani, 2010) which contains knowledge components that 

are more diverse and more original. My findings also show that publications enhance firms’ 

ability to learn from distant others effectively and reliably. After publication, firms built off 

external follow-up inventions to develop not only more internal cumulative inventions but also 

inventions with broader scope, higher private value, and higher reliability. Furthermore, the 

learning benefits of publications are amplified if the firm has a diverse upstream technological 

profile and corresponding organizational capability for knowledge recombination. Taken 

together, my theorizations and empirical findings point to a novel strategy that firms use to 

engage in distant learning. 

7.3.3 Technology Evolution 

 My dissertation contributes to the literature on technology evolution (Anderson & 

Tushman, 1990; Suarez, 2004; Suárez & Utterback, 1995; Tushman & Anderson, 1986) by 

explicating the learning benefits firms gain in the era of technological ferment via broadcasting 

search and learning via publications. This literature provides a nice characterization of the 

variation-selection process in the period following a technological breakthrough: competition 

between different technological paths creates uncertainty for firms regarding the development 

paths of their inventions; the uncertainty remains until the market and socio-political 

circumstances select a dominant design. Variations are important for the exploration of different 

technological possibilities and field-level learning. They come from two sources—within-firm 

variations are generated from firms’ in-house research (Nelson, 2009), while between-firm 

variations are generated stochastically in the market (Anderson & Tushman, 1990). Yet, we 

know very little about how firms can influence the variation-selection process to increase their 

chance of winning the innovation battle. It is largely assumed that firms can only generate 

within-firm variations via in-house research; they do not benefit from the external variations. Yet 
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in-house experimentation is expensive, and firms suffer from cognitive constraints (Wu et al., 

2014). My dissertation shows that a firm may benefit from sharing the scientific knowledge 

behind a path-breaking invention and triggering external variations. Sharing the knowledge base 

of a path-breaking invention makes it easier for the external community of inventors to 

understand and build off the path-breaking invention, thereby triggering follow-up inventive 

efforts and speeding up the technological ferment. In addition to the legitimacy and visibility 

gained in this process (Spencer, 2003), there is an additional learning benefit. The focal 

inventing firm can cheaply explore the various technological possibilities by looking at and 

learning from external experimentations from diverse technological fields. These learning 

opportunities complement the variations generated from in-house research. The publications also 

provide a scientific knowledge base that connects the external variations and the firm’s 

subsequent inventive efforts, making learning easier for the focal firm. As such, publications 

facilitate an innovating firm to learn broadly and effectively, iterate quickly, and stay in the 

driver’s seat in the era of technological ferment. 

7.3.4 Firm Strategies in GPT Sectors 

 Past organizational studies on firm strategies in GPT fields have examined the firms’ 

commercialization strategies in the product or technology market (Gambardella & Giarratana, 

2013; Gambardella & McGahan, 2010; Maine & Garnsey, 2006; Thoma, 2008). My dissertation 

makes two contributions to this literature. First, previous research gives less attention to 

strategies that help GPT firms innovate in multiple end-use industries (Teece, 2018). This 

neglect is critical because the long-term commercial value of GPT inventions largely depends on 

technology inventors’ ability to create industry-specific versions of their technological inventions 

(Bresnahan, 2010; Bresnahan & Trajtenberg, 1995; Feldman & Yoon, 2011). To do so, GPT 

firms face many hurdles—a prominent one being attracting complementary inventions from the 
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targeted end-use industries (Bresnahan, 2010; Maine & Garnsey, 2006). My dissertation 

recognizes the lack of research on the innovation strategies of GPT firms and focuses on AI. It 

examines how publication can be an effective tool that helps firms learn broadly and create 

subsequent inventions in unfamiliar end-use industries. Second, I show how firm open-science 

publications, when combined with a diversified downstream industry scope, help firms tackle the 

difficulty of commercialization. A valuable insight from the existing literature is that 

commercializing GPT inventions is difficult because the inventing firm often lacks the necessary 

technological and market knowledge to move their generic invention to marketplace. My 

dissertation shows that while the publication-triggered learning process enables firms to learn the 

necessary industry-specific technological knowledge to iterate along a direction that is closer to 

application in end-use industries, a firm’s diverse downstream assets help take these inventions 

to the marketplace, buffer the uncertainty of multi-industry commercialization, and guard against 

potential competitors and substitutes.   

7.4 Empirical and Managerial Implications  

 Empirically, my dissertation examines how firms’ publications affect the external follow-

up inventions they attract and the inventing firms’ internal cumulative inventions. For this 

purpose, to my knowledge, I created the first comprehensive dataset that tracks the process of 

cumulative innovation in the field of AI and linked the cumulative innovation process with firm 

publication activities.  

My findings have important managerial implications for technology managers, 

considering recent evidence of a decline of scientific publications in the U.S. corporations (Arora 

et al., 2018; Arora et al., 2020a; Arora, Belenzon, & Sheer, 2020b). As I show, firms reap long-

term innovation benefits from publishing in the open science community. Therefore, the recent 
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drop in corporate publishing means that at least firms are missing a huge opportunity to profit 

from technological innovation in the long term. 

Findings from Chapters 5 and 6 shed light on who should take on the opportunity: firms 

that are adept at creating inventions spanning multiple technological fields reap the most 

innovation benefits from publications, while firms with a diversified industry scope are well 

equipped to capture financial gains from the resulting innovation output. As a result, the stock 

market places greater value on the publications of diversified rather than specialized firms.  

7.5 Limitations and Future Research Directions 

 Due to constraints of data, time, and the scope of this study, my dissertation provides 

inconclusive tests to some of the theoretical ideas I develope, and leaves some intriguing 

questions unanswered, which provides ample opportunities for future research.  

7.5.1 Endogeneity Issue 

 As I mentioned in Chapter 4, examining the impact of same-firm publications on a firm’s 

follow-up inventions involves challenging methodological issues. Namely, inventions with 

certain characteristics are more likely to be selected by the focal firm or the academic peer 

review system for publication; these characteristics may also impact the invention’s likelihood of 

attracting original and diverse follow-up inventions. I explored this possibility and reported 

results in Chapter 5. I also took care to control for the invention characteristics found to 

influence firm publication outcomes. In the meantime, to tease out the influence of firm 

strategizing, I ran robustness checks using non-first-author same-firm publications as the 

explanatory variable and found consistent results.  

 Nevertheless, I fully acknowledge that I could not fully control for all invention-level 

factors that confound the relationship between same-firm publications and the characteristics of 

external follow-up inventions and internal cumulative inventions. To do so requires a 
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counterfactual comparison of the same invention when it is associated with same-firm 

publications and when it is not. Yet this is impossible because each invention is observed only 

once. Therefore, I remain cautious about making causal claims about the empirical patterns I 

found. I leave it to future research to test the causal impact of publications. 

7.5.2 Movement of inventors across firms  

Throughout my dissertation, I theorized and conducted empirical analyses assuming a 

firm as the focal actor. However, in reality, it is not the abstract firm that publishes, learns, and 

invents. It is the researchers/inventors that worked at the focal firm that conducted research and 

created inventions, filed patents and published academic papers, tracked external follow-up 

inventions and learnt from them, and pursue cumulative innovation. People change jobs and 

move across different organizations. As inventors move, although the intellectual property right 

of patents and author affiliation of academic publications stays with the company, knowledge 

and tacit know-how may leave with the inventors. As a result, the validity of the set of 

hypotheses I developed in this dissertation would depend on 1) the research staff turnover rate in 

a field and in a firm, which theoretically should negatively moderate the learning effect of 

publications as turnover creates knowledge loss; 2) the focal firm’s capability in storing, 

transmitting, and reusing knowledge and tacit know-how, which theoretically should attenuate 

the negative impact of turnover as it reduces knowledge loss. Theorizing and empirically 

investigating these factors are beyond the scope of this dissertation yet constitute important 

research questions for future research.   

7.5.3 Interactions between the Focal Firm and Follow-up Inventors 

 I did not make any assumptions about whether there is any interaction between the focal 

firm and follow-up inventors in my theorization. Interactions may happen in a variety of forms. 

The interested follow-up inventors could seek collaboration with the AI firm to develop and 
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commercialize the technology, license the technology from the AI firm (Gambardella & 

Giarratana, 2013; Gambardella & McGahan, 2010), or self-develop a complementary invention 

and commercialize it. In the different scenarios, the focal firm captures different proportions of 

the profits that come out of the follow-up inventions. Due to data availability, I was not able to 

observe the interactions between the focal firm and its follow-up inventors or the different 

outcomes of value capturing. I leave this intriguing question for future research. 

7.5.4 Generalization beyond GPT Sectors 

I restrict the scope of my theoretical argument to technology sectors with broad industrial 

application potential, where the generative value of inventions is critical. Consistent with the 

scope condition, I empirically examined my arguments in the context of artificial intelligence 

technologies. Other than the broad industrial application potential, it would be interesting to 

explore the other important scope conditions for my theoretical propositions. On the one hand, it 

is reasonable to expect that the publications’ impacts on the generative value of firm inventions 

are more critical for firms in technologically fast-moving and innovative fields. In such fields, 

the ability to continuously innovate is crucial for firm survival. This may explain why my 

findings contrast the documented decline in corporate publication activities (Arora et al., 2018) 

in a wide range of industries with intense product market competition. Yet, the extent to which 

publications affect inventions’ generative value in more stable technology fields is an important 

empirical question to explore in future research. On the other hand, future research could also 

examine if and to what extent the level of field-wide participation in open science moderates 

publications’ effect. If no one in an industry pays attention to a publishing firms’ academic 

publications, no follow-up invention will occur, and the firm would have nothing to learn. 
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Testing these scope conditions would clarify the significance and boundary of my findings and 

enrich the scholarly understanding of innovation processes in various technology fields. 

7.5.5 Tracking Inventions with Patents 

 Following past research in innovation studies (Fleming, 2001; Fleming & Sorenson, 

2001, 2004; Hall et al., 2000, 2001; Huang & Li, 2019; Jaffe, 1986; Trajtenberg et al., 1997), I 

used patents to track firm inventions. Doing so provides the great advantage of data availability 

and ease of tracking cumulative inventions. Yet, the patent approach also suffers from well-

recognized limitations (Fleming, 2001; Fleming & Sorenson, 2001). In the first place, patenting 

is just one of the ways that firms choose to protect their inventions. Firms may alternatively 

choose to keep the invention as a trade secret or, on the other extreme, completely open it up in 

open-source communities. The nature of an invention may affect the firm’s choice of protection 

method for an invention, introducing bias for studies focusing on patented invention only. 

Secondly, only inventions that pass a certain threshold of quality and commercial value will be 

turned to the patent office by the focal firm. In other words, patent data only capture the 

successful inventive efforts. A focal firm may spend large amounts of unsuccessful inventive 

efforts as they try to learn from the publication-triggered external follow-up inventions, which 

are not captured by patent data. Overcoming these problems requires tracking the inventions that 

firms chose not to file patent for, and the firms’ unsuccessful inventive efforts. Doing so requires 

the collection and creative use of new data. I leave this research opportunity for future research. 

7.6 Conclusion 

By examining the impact of publications on firms’ ability to learn from distant others, 

cumulatively innovate, and finally profit from these innovations, my dissertation provides a 

novel view of innovating firms actively participating in collective learning to overcome the 
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technological uncertainty of a GPT sector. This view echoes a classical perspective that sees 

innovation as “standing on the shoulders of giants”—here, the “giants” are the ideas collected 

through the collective learning and innovation process. I hope more future research would join 

my efforts in examining the private returns and costs of engaging in open knowledge disclosure 

and the associated collective learning and innovation processes, as well as the societal, 

institutional, and organizational arrangements that promote or impede such organizational 

practices. Such endeavors would not only reveal important strategic processes behind firm open 

science activities but also shed light on how modern firms are shaping the production of 

scientific knowledge and the development of technology paradigms.  
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APPENDIX  

Matching Patent Data to Compustat Firms 

 My initial data comes from two sources: 1) patent data obtained from the U.S. Patent and 

Trademark Office (USPTO) patent database, and 2) the Compustat firm database maintained by 

Wharton Research Data Services (WRDS). The goal of this matching procedure is to match the 

initial assignees of patents—the name of the organization(s) to which the patent was assigned to 

at issue—to firms listed in the Compustat firm database and their subsidiaries with the same 

corporate name.  

 I follow a multi-step procedure similar to that used in the NBER PDP Project (Bessen, 

2009). First, I applied the name cleaning and standardization routine provided in Bessen (2009) 

to standardize the assignee name in the USPTO database and corporate name in the Compustat 

firm database. This routine capitalized all words, removed punctuations (e.g. “?”, “#”) and 

designators of corporate form (e.g., “Inc.,” “Ltd.”), and standardized common expressions and 

abbreviations.  

Second, I used the word frequency-based matching procedure developed by Raffo and 

Lhuillery (2009) with the Stata command “matchit” to match standardized patent assignee names 

and corporate names. The procedure generates the Jaccard similarity score for each potential 

match. This score is calculated based on the overlap of common words in the assignee and the 

corporate name. In this matching procedure, each word is weighted by the inverse of the natural 

logarithm of its frequency in the entire dataset. Specifically, let PA stand for patent assignee 

name and CON stand for corporate name then:  

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝑆𝑐𝑜𝑟𝑒(𝑃𝐴, 𝐶𝑂𝑁) =
𝑚

√𝑠𝑃𝐴 ∗ 𝑠𝐶𝑂𝑁

; 

𝑚 =  𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑚𝑚𝑜𝑛 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑃𝐴 𝑎𝑛𝑑 𝐶𝑂𝑁;  
𝑠𝑃𝐴 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑃𝐴;  

𝑠𝐶𝑂𝑁 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝐶𝑂𝑁; 
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𝑚, 𝑠𝑃𝐴 , 𝑠𝐶𝑂𝑁  𝑎𝑟𝑒 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑏𝑎𝑠𝑒𝑑 𝑡ℎ𝑒 
1

log(𝑓)
 𝑜𝑓 𝑒𝑎𝑐ℎ 𝑤𝑜𝑟𝑑. 

 A high similarity score indicates more resemblance between the matched patent assignee 

name and corporate name. A similarity score of 1 implies the two names are identical.  

 Third, I kept all matches with a similarity score of 0.70 or above. Finally, I further 

cleaned this matched sample in two ways: 1) to ensure that the matched firms indeed filed AI 

patents, I searched the standardized name of each matched firm USPTO AI patent database and 

dropped the firms that had field zero AI patents, and 2) I manually verified the remaining 

matches with additional information from the Compustat database. Fourth, I took measures to 

deal with two data issues resulting from the Compustat database structure. More specifically, 

Compustat records identified by GVKEY refers to securities, not firms. A firm may correspond 

to multiple securities over time within the Compustat database for two reasons: 1) accounting 

changes; and 2) merger and acquisitions. I manually checked the firms' matched sample to 

ensure each GVKEY corresponds to a distinct firm in my dataset. I then drew on the SDC 

database to track mergers and acquisitions reported during my observation period (1987-2019). 

When a firm is acquired by/merged with another firm, the focal firm drops out of the dataset at 

the time of acquisition. If the focal firm becomes an independent subsidiary of the 

acquirer/newly formed entity, its patents/publications do not go to the new owner. If the focal 

firm is integrated into the acquirer, its patents/publications go to the acquirer after the year of 

acquisition.  

 This procedure only considers the initial owners of patents, as reflected by the assignee 

name at the patent issue. Sometimes ownership changes through patent transfers. At present, I do 

not track these reassignments. 
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