Scientific Human Capital and Institutional Incentives: The Roles of Topic Knowledge and
Research Skills

Academic scientists develop deep topic knowledge in highly specialized niches. However, they also
acquire extensive skills to undertake advanced research in their fields. Prior research examining how
firms use scientists’ human capital typically focuses on a generalist-specialist distinction in breadth of
topic knowledge or a basic-applied distinction in research orientation. This paper emphasizes an
alternative distinction between two dimensions of scientific human capital: topic knowledge and
scientific research skills. I build on prior literature on scientific careers and the logic of scientific inquiry
to analyze how each dimension provides value in corporate research. I test my arguments using
longitudinal data on researchers in regenerative medicine. While scientists moving to industry have more
conceptually diverse subsequent research output, there is little evidence of other changes in their
research productivity, impact, or basic-applied focus. This is consistent with industry more highly
valuing the wider research skills of scientists hired from academia. It contrasts with a view in which
firms primarily focus on exploiting highly specialized, but narrow, topic knowledge for commercial
purposes. The findings also provide insights into how the division of scientific labor between academia
and industry may shape the knowledge accumulation process in areas where academic and commercial
research overlap.

INTRODUCTION

An extensive body of research has documented how firms can benefit from developing advanced internal
scientific capabilities (Cohen and Levinthal, 1990; Rosenberg, 1990; Gambardella, 1992; Cockburn and
Henderson, 1998). Specialized knowledge can facilitate corporate innovation by guiding search
processes and identifying valuable new information (Fleming and Sorenson, 2004; Arora, Belenzon,
and Sheer, 2017). Scientists’ knowledge can also help them develop relationships with external
knowledge holders to broker valuable ideas from beyond the organizations’ boundaries (Sorenson,
Rivkin, and Fleming, 2006; Fleming, Mingo, and Chen 2007; Fabrizio, 2009). To facilitate knowledge
acquisition, firms can hire scientists with extensive specialized training and experience from academia
to build the human capital resources that provide the foundation for internal scientific capabilities
(Zucker and Darby, 1997; Zucker, Darby, and Torero, 2002; Gittelman, 2005; Ejsing et al., 2013). While
research has shown why firms hire and collaborate with scientists trained in academia, we know far less
about how the different types of knowledge and skills that academic scientists develop contribute to

research programs in corporate science and how firms exploit the human capital of these hires.
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Academic scientists offer human capital that is specialized on multiple dimensions. On the one
hand, academic scientists have deep knowledge in a relatively narrow niche in which they seek to
contribute to advancing the frontier of knowledge in their field (Jones, 2009; Leahey, Beckman, and
Stanko, 2017). However, scientists in academia also develop extensive advanced skills — often rooted in
tacit knowledge — to carry out research projects that advance the knowledge frontier (Senker, 1995).
These skills enable them to understand the relationships between objects of investigation through
scientific experiments. A scientist with narrow topic expertise may use a wide range of different tools
to analyze a narrow set of phenomena in their area of interest. Conversely, another scientist may use a
narrow set of analytical tools but apply these to a wide range of topics. Past research has primarily
focused on the first dimension of specialization of scientific human capital — topic knowledge — when
examining the value scientific human capital contributes to firms’ research and development processes
(Jones, 2009; Agrawal, Goldfarb, and Teodoridis, 2016; Teodoridis, Vakili, and Bikard, 2019). This
literature is driven by the question of how firms can internalize valuable topic knowledge by hiring a
scientist from academia or collaborating with external experts.

Nonetheless, at the heart of our understanding of absorptive capacity is the ability to identify,
evaluate, and re-use external knowledge in ways that are valuable for the firm (Cohen and Levinthal,
1990; Arora and Gambardella, 1994). Understanding and applying external scientific knowledge to new
internal uses is an inherently experimental process applying internal scientists’ knowledge and skills to
decompose and recombine a range of ideas (Henderson, 1994; Iansiti and Clark, 1994; Senker, 1995;
Fabrizio, 2009). Firms can achieve organization-level absorptive capacity across scientific topics in
different ways. First, firms may employ individual scientists as internal experts in their specialized
niche. In this case, individual specialization across diverse specialties provides the necessary knowledge
diversity at the organization level). On the other hand, firms may apply individual scientists’ human
capital to research projects across a wider range of topics of interest to the firm. Here, individual
diversification supports organization-level capabilities across a range of scientific topics. This paper
examines how the different dimensions of scientific human capital are valued and incentivized across

academic and industry institutional settings. In particular, it examines how the nature of scientists’



research changes as their careers take them through transitions between academic and industry
employment.

An additional literature has sought to explain why the different institutional features of academia
and industry provide an appropriate setting for different types of scientific research (Bush, 1945; Nelson,
1959; Arrow, 1962; Aghion, Dewatripont, and Stein, 2008; Lacetera, 2009). Academia is seen to offer
a research environment that is suited for basic research because its reward structure lowers scientists’
exposure to immediate commercial pressures and emphasizes contributions to fundamental scientific
understanding. Conversely, industry — as an institution — is seen to support applied research because
firms’ and scientists’ incentives can be better aligned where there is less ex ante uncertainty about
projects’ value and risk that scientists pursue their private scientific interests rather than commercial
value. Such higher-powered financial incentive schemes are viewed as more difficult to design, and
monitor on an ongoing basis, for basic research with more unpredictable outcomes. Nonetheless,
extensive past research shows that, in many fields, academic and industry scientists have significant
overlap in research topics (Rosenberg and Nelson, 1994; Sauermann and Stephan, 2013; Bikard, 2018).
In ‘Pasteur’s Quadrant’ scientific discoveries may both contribute to fundamental scientific
understanding of phenomena and offer promise for commercial technologies (Stokes, 1997; Bikard,
2015). Yet, if, as prior research suggests, the incentives and institutional logics governing scientific
inquiry vary so much between academia and industry, this raises the question of why we see scientists
working on similar research questions across both settings — and what, if any, differences there are in
how they exploit and further develop their human capital.

This paper seeks to provide insights into scientists’ knowledge accumulation and firms’ scientific
human capital strategies by analyzing how the research direction of scientists moving from academia to
industry in the stem cell field changes after acquiring an industry affiliation. If firms value academic
scientists’ human capital to take advantage of the deep topic knowledge developed through their prior
research, we would expect them to be applied to research projects on the same topics they worked on in
academia. Conversely, to the extent firms value scientists because of their more general scientific
research skills that can be flexibly applied across a range of research questions, we would expect to see

their human capital applied more widely to new topics after transitions to industry employment. This
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paper also sheds light on the important implications for how the division of scientific labor between
academia and industry in areas where both institutions have interests in scientific research. The role
institutional factors play in the type of research scientists produce — even when working on the same
type of research questions — will affect how knowledge is accumulated in those areas of science. In
particular, if scientists need deep topic knowledge to push forward the knowledge frontier and make
scientific breakthroughs (Jones, 2009; Kaplan and Vakili, 2015; Agrawal et al., 2016), these may be less

likely to occur if the balance of scientific labor shifts heavily towards industry.

SCIENTIFIC HUMAN CAPITAL

To understand how different aspects of academic scientists’ human capital are valuable to employers,
we must start by understanding how academia incentivizes scientists to develop their potentially
valuable knowledge and skills. The credit-based reward system in academic science prioritizes early
contributions that significantly advance the scientific community’s understanding of the fundamental
properties of the phenomena that are of interest to a field (Merton, 1957; Dasgupta and David, 1994).
As the ‘burden of knowledge’ required to make these types of contributions increases, scientists are
incentivized to focus their research more narrowly to develop highly specialized topic knowledge that
is deeper but narrower than before (Leahey, 2007; Jones, 2009; Agrawal et al., 2016). Past studies of
academic scientists have largely focused on differences in scientists’ human capital according to the
extent to which they are generalists or specialists in the breadth of their topic knowledge (Agrawal et
al., 2016; Leahey et al., 2017; Teodoridis, 2018; Teodoridis et al., 2019). Alternatively, prior studies
have examined scientists’ relative experience with commercial or patenting activities as distinct parts of
their human capital from pure academic research (Toole and Czarnitzki, 2009; Baba, Shichijo, and
Sedita, 2009; Subramanian, Lim, and Soh, 2013).

However, academic scientists also develop specialized research skills to carry out advanced
research in their discipline. Some scientists may be topic generalists but apply a similar set of research
skills across topics. Others may be topic specialists but use a variety of methods in their area of
specialization. For example, in the social sciences, an economist with advanced research skills in

microeconometric analysis could specialize in applying advanced microeconometric research skills
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within one sub-field of economics, such as labor economics, in which she is a topic specialist. She could
apply these skills to research across multiple areas, such as labor, development, and public economics —
as a researcher with wider topic knowledge but a more specialized research skill toolkit. She may focus
within one sub-field of economics, as a topic specialist, and apply many different analytical skills to her
research. She may have wider breadth in both her topic knowledge and research skills. Finally, she may
focus her research on theoretical microeconometrics and the development of new microeconometric
research tools. Similarly, in sociology, a researcher with advanced skills in social network analysis may
focus on applying these in one niche or across a wide range of topics; use social network analysis
alongside multiple other research skills in research on her topic of interest; or focus on developing new
theory or methods in social network analysis. Topic knowledge and scientific research skills are both
highly specialized forms of human capital developed by academic scientists. However, the research
skills to design, execute, and analyze complex scientific projects skills may be more readily transferrable
across topics in a field than the highly specialized knowledge an academic scientist has developed in a
particular topic.

Prior research suggests that the logic of scientific enquiry can be different in firms and academia
due divergence in the respective nature and goals of scientific research in each type of institution (Evans,
2010; Sauermann and Stephan, 2013). Differences in the nature of work between academia and industry
may have important implications for the ways in which knowledge and skills are valued in each setting.
Whereas the reward system of academic science privileges major discoveries about fundamental
phenomena (Merton, 1957; Latour, 1987; Dasgupta and David, 1994), the returns to firms are based
more on understanding relationships between objects that can subsequently be developed for
commercial ends (Evans, 2010; Sauermann and Stephan, 2013). This may shape the relative returns to
scientific topic knowledge and research skills in academia and industry. To be able to push the frontier
of knowledge on a phenomenon, a scientist may need increasingly specialized knowledge to be at the
forefront of a narrow field (Jones, 2009; Agrawal, Goldfarb, and Teodoridis, 2016). Conversely,
uncovering the relational possibilities of objects may still require substantial subject knowledge but rely

more heavily on applying research skills across a range of scientific objects and phenomena.



To the extent that a large part of the value scientific human capital is as a resource that provides
firms with absorptive capacity, this may affect how firms value and exploit the different dimensions of
scientific human capital. Identifying, interpreting, and experimenting with new ideas from outside the
firm’s boundary may require less deep topic knowledge than advancing the knowledge frontier within
a given topic. Firms and their internal scientists may also contract or build relationships with academic
scientists to access specific novel ideas as they develop in academic science, rather than hiring the
holders of this knowledge (Liebeskind et al., 1996; Cockburn and Henderson, 1998; Zucker, Darby, and
Armstrong, 2002; Fabrizio, 2009). Indeed, it may be very costly to acquire the wide range of topic
specialists that may be needed to get organization-level diversification across the relevant range of
scientific knowledge (Jones, 2009; Agrawal et al., 2016). Instead, having individual-level research
diversity may be a more cost-effective way of covering the necessary range of knowledge at the
organization level
Why Do Firms Hire Scientists?

An extensive literature has developed to understand why firms choose to invest in basic scientific
research — despite the value of research outputs being difficult to internalize fully (Rosenberg, 1990;
Hicks, 1995; Arora et al., 2017). Investment in scientific research of interest to the academic community
can offer firms access to valuable external knowledge through scientific networks (Powell, Koput, and
Smith-Doerr, 1996) or help them attract talent (Stern, 2004). Firms that develop their own scientific
capabilities have superior capacity to absorb and apply potential valuable knowledge from beyond the
firm’s boundaries in academic science (Cockburn and Henderson, 1998; Gittelman and Kogut, 2003)
and acquire insights into new knowledge through engagement with specialists in academia (Zucker,
Darby, and Armstrong, 2002; Fabrizio, 2009). Basic research can also be used as a means to develop
valuable new ideas internally that can be applied in products (Arora et al., 2017). A central element of
firms’ basic scientific capabilities is their human capital. In order to absorb external knowledge, firms
need scientists able to digest and apply knowledge from the frontier of science and collaborate with
academic scientists. Similarly, to build valuable relationships and participate in networks with academic

scientists, firms need scientists to be sufficiently engaged in the wider scientific community — for



example, through publishing, co-authoring, and attending scientific conferences (Liebeskind et al.,
1996; Cockburn and Henderson, 1998; Simeth and Raffo, 2013).

Hiring workers who have human capital in relevant domains can provide firms scientific or
technological knowledge in new areas (Zucker and Darby, 1997; Almeida and Kogut, 1999; Zucker,
Darby, and Torero, 2002; Rosenkopf and Almeida, 2003; Song, Almeida, and Wu, 2003; Singh and
Fleming, 2010; Singh and Agrawal, 2011). Past research has detailed the ways in which scientific
knowledge can help organizations overcome technological barriers and identify valuable new
technological opportunities (Fleming and Sorenson, 2004; Fabrizio, 2009; Arora et al., 2017). To take
advantage of these opportunities, firms need internal capabilities in basic science to understand and
utilize the new ideas emerging beyond their boundaries (Dyer and Singh, 1998; Lane and Lubatkin,
1998; Zahra and George, 2002; Lewin, Massini, and Peeters, 2011). One way in which firms can build
these capabilities to access valuable external knowledge at the forefront of research is by hiring scientists
from academia (Henderson, 1994; Lacetera, Cockburn, and Henderson, 2004). While there has been
extensive prior research on why firms build internal scientific capabilities (Cohen and Levinthal, 1990;
Cockburn and Henderson, 1998; Arora et al., 2017), we know less about firms’ strategies to exploit the
human capital of the scientists carrying out basic research in the firm.

Firms can also obtain value from their employees’ human capital through collaborations with
external scientists, which provides access to valuable knowledge and expertise beyond the boundaries
of the firm (Liebeskind et al., 1998; Cockburn and Henderson, 1998; Fabrizio, 2009). To do this
successfully, firms must have the internal scientific capabilities to identify and interpret potentially
valuable knowledge either to build on it internally or to find productive opportunities for external
collaboration (Cohen and Levinthal, 1990). Beyond the firms’ internal routines and stocks of knowledge,
scientists who are able to access networks beyond the firm can have greater access to information,
particularly if this has a tacit dimension (Rappert, Webster, and Charles, 1999; Zucker, Darby, and
Armstrong, 2002). Moreover, to subsequently use external ideas, firms need scientists who have the
human capital needed to assimilate these ideas and translate them internally for relevant projects inside
their organization (Zahra and George, 2002). Numerous prior studies have examined complementarities

between internal scientific research and external knowledge sourcing strategies (Powell et al., 1996;
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Cassiman and Veugelers, 2006; Fabrizio, 2009). This literature highlights the dual role of firms’
scientific human capital strategies. One role is to produce valuable knowledge internally through
scientific research (Arora et al., 2017); another is to access and build on external knowledge that may
be valuable to the firm (Cohen and Levinthal, 1990; Cockburn and Henderson, 1998).

Reward Systems in Science

While firms may benefit from scientists’ participating on research projects of interest to the academic
community (Hicks, 1995; Cockburn and Henderson, 1998). Nonetheless, the nature and goals of
commercial science differs from academia in some important ways (Dasgupta and David, 1994;
Gittelman and Kogut, 2003; Evans, 2010; Sauermann and Stephan, 2013). Firms are ultimately trying
to develop valuable products based on their scientific research, whereas academia places more emphasis
on the credit-based rewards for furthering scientific understanding. Even where firms and academic
scientists are simultaneously working on very similar topics, corporate researchers are more likely to
subsequently focus on the range of applications whereas academic scientists publish more subsequent
research on the fundamental attributes of the phenomenon (Bikard, 2015).

Scientific credit — as a reward system — is allocated according to the extent to which scientific
research improves knowledge of the fundamental properties of a phenomenon (Merton, 1957; Dasgupta
and David, 1994). As the knowledge frontier advances, scientists seeking to make these types of
contributions are incentivized to focus their research more narrowly to develop highly specialized
knowledge sets that are deeper but narrower than before (Jones, 2009). Firms benefit from rapidly
identifying relational applications of new knowledge that can patented and form the basis of products
(Evans, 2010). Scientific human capital is important in understanding and testing these potential
relationships but may require less specialized knowledge than research on more fundamental properties
of an object. While domain knowledge will be important for this, and for maintaining effective external
collaborations, the scientific skills to rapidly test potential relationships are likely to be applicable across
a wider range of topics than the specialized knowledge required for fundamental academic contributions
in a given research area. Evans (2010) shows that academia-industry collaboration tends to produce

research that is less central to existing hubs of knowledge in a scientific field.



This divergence has implications for the ways in which firms will exploit the knowledge and skills
of experienced scientific hires and how industry transitions may affect scientists’ research trajectories.
First, firms may be more interested in the range of potential applications of knowledge in a domain in
which a scientist has expertise, rather than in narrow niches corresponding to highly specific knowledge.
Second, insofar as firms value science more as a tool to discover potentially commercializable
relationships between objects (rather than furthering fundamental understanding as a research goal) the
value of the scientists’ skillset may extend more widely than it would in academia. The first of these
regards the differential value for a firm of developing new knowledge within a scientific area, relative
to scientists in academia. The second suggests that, given this, scientists skills can be more widely
applied within the scientific area to generate outputs with commercial value, than they could to generate
academic value. Where the goal is furthering fundamental understanding in a topic, the scientist may
need to already be at the knowledge frontier in that topic (in addition to having the necessary research
skills). However, if much of the value of their scientific human capital is identifying, interpreting, and
experimenting with new ideas from outside the firm’s boundary, advanced research skills that can be

flexibly deployed may be more important than exploiting deep topic knowledge.

MARKETS FOR SCIENTIFIC HUMAN CAPITAL

There is a significant gap between industry and academia salaries, on average, which implies that firms
have to pay a compensating differential to attract and motivate scientists to forgo the non-pecuniary
benefits of academia (Agarwal and Ohyama, 2013; Sauermann and Stephan, 2013). For example, many
scientists have a preference for participating in the wider scientific community through publishing —
albeit with heterogeneity between scientists (Stern, 2004; Roach and Sauermann, 2010). Nonetheless,
despite differences on average in the type of research pursued by scientists in industry and academia
(Sauermann and Stephan, 2013), there is still substantial overlap in research between corporate and
academic research in science-intensive industries (Stokes, 1997; Bikard, 2015, 2018). Survey data from
the National Science Foundation shows that more than one-quarter of industry scientists in the United
States work on basic research and a sizeable minority of academic scientists engage primarily in applied

projects (Agarwal and Ohyama, 2013).



Despite this, we know relatively little on how career transitions between the two types of
institutions occur during the course of scientists’ careers and how transitions impact the type of research
scientists pursue. Industry employment may be becoming more attractive to scientists as volumes of
public funding in academia have stalled and competition for these resources increased (National Science
Foundation, 2017; Vallas and Kleinman, 2008). As these changes occur in scientific labor markets, it
becomes all the more important to understand how the knowledge and skills developed by academic
scientists can be a valuable human capital resource for firms. Most empirical research regarding how
scientists choose industry or academic employment and the impact it has on their research outputs, has
focused on surveys of graduating doctoral students (e.g. Stern, 2004; Roach and Sauermann, 2010;
Sauermann and Cohen, 2010). This research typically finds higher earnings profiles for industry
scientists and that some scientists with a greater ‘taste for science’ are willing to accept lower initial
salaries to work in academia. It also finds that academic scientists have significantly greater publication
volumes, on average, but are far less likely to patent than scientists in industry (Sauermann and Stephan,
2013). A second stream of research has analyzed transitions to entrepreneurship from academia,
primarily in the context of commercializing the outputs of their academic research (Stuart and Ding,
2006; Roach and Sauermann, 2015; Azoulay, Liu, and Stuart, 2016). This literature identifies an
important role for both local social norms and imprinting in early academic careers in scientists’
decisions to become entrepreneurs (Stuart and Ding, 2006; Azoulay et al., 2016). It also typically finds
that scientists becoming entrepreneurs do not appear to suffer negative effects on their scientific output
from engagement with commercial goals (Azoulay, Ding, and Stuart, 2009; Hvide and Jones, 2018).

Beyond these highly specific contexts, less is known about the impact of transitions on scientists’
research during the course of their careers. Growing collaborative activities between industry and
academic scientists promoting networks across institution types, changing academic norms, public
grants becoming more restrictive, and shifts in relative funding availability may induce greater transition
rates to industry (Bozeman and Gaughan, 2007; Vallas and Kleinman, 2008; Roach and Sauermann,
2017). Previous research has also focused on how the human capital of ‘star’ scientists can positively
impact a firm (Lacetera et al., 2004; Zucker, Darby, and Torero, 2002; Rothaermel and Hess, 2007).

These scientists are recognized by their peers as highly knowledgeable and influential scientists who
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can span boundaries inside and outside the firm and enhance its ability to access and utilize external
knowledge. Star scientists may be particularly valuable in the scientific labor market and be accorded
greater autonomy and resources for the research by the firm (Liu and Stuart, 2010; Stephan, 2012).
However, they may also be unrepresentative of the mass of scientists who comprise the bulk of firms’
scientific human capital resources.

Division of Labor between Industry and Academia

Prior theoretical research has also analyzed how scientists select into academic or industry careers based
on ability and preferences for types of research (Aghion et al., 2008; Lacetera, 2009; Agarwal and
Ohyama, 2013). Corporate research, driven by maximizing the expected returns of scientific research,
is seen to limit scientific autonomy as firms eschew more speculative research and be more likely to
curtail projects that are not showing interim results even if scientists wished to continue with it for its
scientific potential (Lacetera, 2009). On the other hand, higher autonomy over projects can be beneficial
in incentivizing workers’ efforts in settings where research projects’ ongoing outputs are more
speculative and difficult to contract over ex ante (Eisenhardt, 1985; Foss and Laursen, 2005). Building
on these insights, the current literature predicts a division of labor across different types of scientific
projects. In particular, the institutions of academia are seen to provide appropriate incentives for more
speculative and fundamental research due to greater control rights and rewards for generating
scientifically, rather than only commercially, valuable knowledge. Conversely, industry can provide
more high-powered incentives to scientists working on more incremental applied research projects
where scientists’ and firms’ interests are less likely to diverge and where there is less ambiguity about a
project’s ongoing value (Aghion et al., 2008).

An implication of this line of research is that the division of labor between academia and industry
should partly be explained by these types of institutional characteristics. The optimal interface for
collaboration between industry and academia would be determined by the nature of a scientific project
according to which type of institution has advantages in providing the appropriate incentives for the type
of research needed. In particular, this theoretical literature suggests that firms will focus on identifying
potentially valuable ideas and developing these in new projects, while retaining control rights that are

exercised according to the revealed commercial prospects. On the other hand, academia will promote
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more open-ended exploratory research where the perceived scientific value may diverge more strongly
from perceivable commercial rewards.

Scientists’ Human Capital and Research Direction

The discussion in the preceding sections leads to the core hypothesis of this paper. The absorptive
capacity literature suggests much of the value of scientific human capital in firms is as a more flexible
resource that can evaluate and experiment with cutting-edge external knowledge (Cohen and Levinthal,
1990; Arora and Gambardella, 1994). It may be costly to rely on a wide range of topic specialists may
be needed to get organization-level diversification across all relevant areas of science (Jones, 2009;
Agrawal et al.,, 2016). Firms and their internal scientists can contract or build relationships with
academic scientists to access specific ideas as they develop in academic science, rather than hire holders
of this knowledge (Liebeskind et al., 1996; Cockburn and Henderson, 1998; Zucker, Darby, and
Armstrong, 2002; Fabrizio, 2009). Moreover, since the goals of corporate research differ from academic
research in terms of the focus on fundamental scientific advance, exploiting deep topic knowledge will
be less important to understanding the relational properties between phenomena of interest in industry
(Evans, 2010). Additionally, if firms are institutionally less able to commit to research projects where
the expected value is more ambiguous or takes longer to become apparent (Aghion et al., 2008; Lacetera,
2009), the value of exploiting scientists’ topic knowledge in more open-ended deep dives into specific
topics may be lower than exploiting their knowledge and skills in discrete projects where evaluation
decisions on project continuation can be made more rapidly.

The prior literature typically approaches differences in industry and academic research in the
context of the distinction between basic and applied science. However, in Pasteur’s Quadrant, where
there is alignment between basic scientific value and the potential uses of new scientific knowledge, this
distinction may not always be as relevant (Stokes, 1997; Bikard, 2015). Scientists in academia and
industry may pursue very different research strategies even when working on basic research. Whereas
the reward system of academia incentivizes scientists to develop and exploit deep topic expertise,
scientists engaged in basic research in industry may be more likely to exploit (and further develop) their

knowledge and skills by applying it to a wider range of research topics.
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Hypothesis 1: Scientists will apply their human capital more widely to explore new scientific

concepts at higher rates when employed in industry.

To provide novel insights into the drivers of firms’ scientific human capital strategies, I analyze
the consequences of scientists’ transitions to industry employment in the stem cell research field. 1
examine how scientists’ research direction changes when acquiring industry employment using a range
of metrics that indicate whether they are applying their scientific skills to new areas or are working in
areas in which they already had expertise. I use detailed publication-level data to analyze the changes in
research direction among U.S. scientists transitioning to industry employment relative to other scientists
who remain employed in academia. If transitions to industry are associated with scientists covering a
wider range of topics, this suggests that a major reason for their hire is to acquire the scientists’ skillsets
and more widely applicable research abilities to search more flexibly within their field. On the other
hand, if firms view the specialized topic knowledge aspect of academic scientists’ human capital as the
core resource of value, we should expect see that new hires’ research remain focused in their previous
domain of expertise. I take academic scientists as a baseline for this because, as noted above, these
scientists are incentivized to deepen knowledge in their niche. Hence to the extent that it is scientists’
frontier scientific knowledge (and academic networks) in these niches are valuable to firms, we would
expect to see these scientists to continue to develop their research in these areas.

The relationship between scientists’ employment in academic or industry institutions and the
nature of their research also has relevance to the more policy-focused concerns on how the division of
labor between academia and industry affects knowledge accumulation (David, Hall, and O’Toole, 2000;
Murray and Stern, 2007; Azoulay et al., 2018, Bikard et al., 2019; Arora et al., 2019). Understanding
how the logic of inquiry in academia and industry maps to the use of scientists’ human capital in their
research helps us to understand how policy changes that affect the locus of research activity will affect
knowledge accumulation in a scientific field. The extent to which firms value academic scientists’ topic
knowledge relative to their scientific research skills will have significant implications to how these
scientists develop their knowledge. If scientists in industry focus on exploring topics more widely, rather
than more deeply, this will affect both how they further their individual human capital and the research

outputs they contribute to the wider scientific community. If deep topic expertise is required to make
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major breakthroughs (Jones, 2009; Agrawal et al, 2016), a greater (lesser) share of science taking place
in industry may decrease (increase) the rate at which these occur. Conversely, to the extent individual-
level knowledge diversity promotes making valuable new connections between different ideas (Taylor
and Greve, 2006; Nagle and Teodoridis, 2020), higher (lower) relative industry employment may

increase (decrease), the rate at which these occur.

RESEARCH DESIGN

Institutional Details

My empirical setting for testing relationship between scientists’ employment in academic or industry
institutions and the nature of their research is the stem cell science field of biomedical research. Stem
cells are a specific type of cell that have the unusual and extremely valuable property of being capable
of differentiating into many types of specialized cells, such as skin, nerve, or muscle cells. In 1999,
Science magazine recognized the immense potential of the stem cell field to generate a vast range of
new treatments and therapies, by naming stem cell research as its ‘Breakthrough of the Year’ (Vogel,
1999). Across industry and academia great attention has been paid to the new opportunities for medical
treatments opened up by advances in stem cell science. Stem cell science is an archetype of Pasteur’s
Quadrant where basic research and potential uses of new scientific knowledge are more closely aligned.
Therefore, large amounts of research are carried out by scientists in both academia and industry with
significant scope for mobility between settings.

In this paper, I examine how moving to industry changed the research focus of U.S. scientists
working in stem cell research compared to those working in academia. This helps shed light on how
transitions to industry affect scientists’ individual research outputs, the relative value of different
dimensions of their human capital in academia and industry, and how the division of scientific labor
between the two types of employers affects knowledge accumulation. In particular, I am interested in
the extent to which scientists are likely to apply their skillset more widely across a range of topics after
moving from academia to industry. This finding would suggest that firms place less emphasis on deep

topic knowledge in their human capital strategies than is present in academia. Alternatively, scientists’
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research may remain focused on exploiting their antecedent knowledge set, which would suggest that
this is the core reason for firms to employ scientists from academia.
Data
I begin by using the Scopus database of scientific publications to identify all scientists who had a
publication in a stem cell field and were based in the United States during the period from 1996 to 2000
inclusive according to the affiliation information on their publications. To identify stem cell
publications, articles were searched for based on mentioning mention “stem cell” or variants in their
titles, abstracts, or keywords. For each scientist in the sample, the author information, affiliations,
abstracts, and citation statistics were extracted for all papers authored until 2008 inclusive. I excluded
those scientists whose first publication appeared before 1976 to mitigate the risk that a reduction in
publication rates could be driven by selective attrition of older scientists retiring from active research.
This procedure yields a total of 5,348 scientists with an identifiable affiliation during the sample period.
I extend this data by scraping all the keywords associated with the articles from the PubMed
database, which includes almost all journal articles published in the life sciences. PubMed contains
precisely indexed keywords from a managed dictionary to describe the content of archived papers. These
MeSH terms represent medical subject headings and comprise a vocabulary managed by subject-specific
experts at the National Library of Medicine (NLM). There are currently over 28,000 descriptors in the
MeSH vocabulary along with more than 200,000 supplementary terms that typically indicate specific
examples of chemicals, disease, and drug protocols. Indexing is independent of article authors. Terms
are assigned by professional indexers at the NLM who select them based on a specific protocol. Indexers
therefore place an article at a point in the space of scientific concepts based on its content on the
dimensions represented by each index word. For each author in the sample, I use this data to calculate
the number of MeSH terms used each year, the cumulative count of unique terms they have used in their
careers to date, and the number of terms used for the first time in each year. I also perform textual
analysis on the abstracts to provide further evidence on how scientists’ research changes when moving

from academia to industry.

Dependent Variables
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I am interested in how the conceptual content of scientists’ research changes when they change from
industry to academic employment. My main dependent variable, Percent New Terms, is defined as the
percentage of MeSH terms that are indexed to articles published by a focal scientist i in a given year ¢
that had not been previously indexed by the NLM to scientist i’s articles from #-1 to the year in which i
first published. This reflects the percentage of conceptual terms identified by the NLM used by a
scientist in a given year that are new to the scientist’s (revealed) antecedent knowledge set as defined
by previously used conceptual terms. Thus, this variable represents the extent to which scientists use
concepts new to them relative to concepts familiar to them. I also carry out robustness checks in which
the definition of a new term excludes subsidiary terms applied to a main stem term (e.g., treating
“Antigens, CD34/analysis” and “Antigens, CD34/immunology” as a single “Antigens, CD34” concept).
The variable Percent New Stem Terms provides a measure of the extent to which scientists are covering
more diverse conceptual space across a range of topics, rather than diving more deeply into the range of
possibilities within a topic area.

As arobustness check, I use an additional dependent variable, Total New Terms, which represents
the number of MeSH terms that appear on all articles published by a focal scientist 7 in a given year ¢
that had not been indexed by the NLM to scientist i’s articles from #-1 to the year in which 7 has a first
publication. Due to the skewness of the variable, I use the natural logarithm of one plus the raw count
of new terms. Total New Terms does not account for the conceptual exploration relative to the
exploitation of previously covered conceptual space (as does Percent New Terms). However, it does
provide a valuable check that the core results on new concept use are not biased by corporate
publications systematically being associated with a higher percentage of new terms due to having a
smaller denominator of total index terms. Instead, this variable focuses solely on the numerator. |
perform unreported robustness checks in which I redefine Percent New Terms, Percent New Stem Terms,
and Total New Terms from ¢-1 to #-8 and from #-1 to #-5 and find qualitatively similar results.

To ensure the robustness of my results, I create a second set of dependent variables using textual
analysis of the abstracts of scientists’ papers. This allows me to focus on changes in the topics covered
by scientists’ research in the stem cell field. If firms hiring scientists with knowledge of stem cell

research area, the extent to which they subsequently change their rate of working in new areas of stem
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cell research provides an indication of how far firms are exploiting their antecedent knowledge of topics
(relative to hiring them to apply their expertise more widely). [ use topic modelling to identify 100 topics
used across the stem cell research papers in my sample from 1994 to 2010. I use latent Dirichlet
allocation as the basis for an algorithm that infers the posterior distribution of the unobserved topics
across the documents in my sample (Blei, Ng, and Jordan, 2003; Blei, 2012). The first output of the
topic model algorithm is a vector of words weighted by how important they are in that topic. The second
output is a vector of topics for each document that are weighted by how important they are to the
document. I follow prior papers in setting the model to identify 100 topics. This is perceived to provide
semantically meaningful topics that are not over-fitted to the observed papers (Blei and Lafferty, 2007;
Kaplan and Vakili, 2015).

The language scientists use to describe their research provides insights into how they think about
the content of their research and how they frame it to be received by the wider scientific community.
Scientific paper abstracts are typically 150-300 words requiring the scientist to be parsimonious and
careful in their use of language to describe the content of their paper. Abstracts are an important
summary of research that indicate to interested authors that an article has specific content and may be
of interest to them given the focus of their research. In the life sciences, in particular, abstracts are also
very important for the role they play as the key search result for scientists who use the PubMed database
to identify relevant literature on scientific topics. It contains almost all publications in the life sciences
and is an important resource for scientists searching for prior work in an area of research.

Since my sample only comprises a selection of abstracts from the stem cell field, the topic model
algorithm does not model the entire field of stem cell research. However, I use approximately 15,000
abstracts covering 33,000 scientist-publication observations from 1994 to 2010 in the topic model
(which include similar scientists outside the U.S. who are not included for purposes of analysis but make
the corpus more comprehensive). Although this is not the entire stem cell research field, it is sufficiently
large to get reasonably reliable definitions of topics if there is no unobserved selection into the sample
by scientists based on how they describe their research. Since topics are defined by the co-occurrence
of words if these were used systematically differently by non-included authors, these would either be

their own topics (in which case no bias would be introduced) or at the margin they might affect the topic
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model’s allocation of terms to topics if the frequency in which they co-occurred over the entire corpus
were significantly altered.

I extend the sample by two years before and after the period on which I focus my empirical
analysis to ensure that topics in papers early and late in my sample are at less risk of being misclassified
because they are early or late instances of topics and these topics may not be identified if their co-use of
concepts is less observed. I also use a more time restricted sample to mitigate the risk that there are
within-topic changes in language use over time that affect my topic classification. I do not attempt to
model the paper-topic relationships outside the stem cell field. This is because the authors’ publications
represent such a small sample of the overall space of scientific concepts outside stem cell research. In
order to deliver the required number of topics, the topic model algorithm would have to generate topics
over larger intellectual distances. Therefore, these would be at a fundamentally different level of
abstraction than for the stem cell papers. Moreover, the sample of non-stem cell research papers may be
a highly unrepresentative sample of the conceptual space in which the scientists work due to the
omission of so many other authors in the wider space. Therefore, in this case, the distribution of concept
co-occurrence may be biased by these omissions and so topic modelling would generate flawed outputs.

I use the output of my topic model to generate the variable New Topic. This is an indicator variable
set to one in years in which a scientist authors an article for which the modal topic in a paper is outside
the set of modal topics in which they had previously published research, and zero otherwise. Hence, this
variable indicates whether a scientist’s publication record reveals that their stem cell research has been
on a new topic. The online appendix provides a summary of the model output by showing the ten most
frequently occurring terms in a topic generated by the topic model algorithm for five randomly selected
topics in stem cell research. When carrying out empirical analysis for which New Topic is the dependent
variable, I exclude scientists in my sample with a first stem cell publication in a year prior to 1994 (when
I begin including publications in the topic model). This is to ensure that the results are not biased by
scientists’ papers being miscategorized as in a new topic when in fact they had published similar research
prior to 1994.

To provide further insights into how employment transitions from academia to industry are

associated with changes in scientists’ research, I analyze three further dependent variables. These are
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the scientist’s number of publications, the citations per publication, and the median CHI journal ranking
of the publications in a given year. The purpose of the variables is to ensure that scientist-level changes
in the number of publications or moving to more applied research are not driving the main results. For
example, scientists may be exploring more conceptual space per publication but having fewer
publications or doing more applied research that covers more topics if these are shorter term. Changes
in the rate of publishing — in addition to its direction measured by the core dependent variables — is also
important to understanding how the division of labor between academia and industry affects the
accumulation of scientific knowledge. I also analyze changes in the number of citations per publication
to examine whether this research becomes more or less impactful after scientists acquire corporate
affiliations. This is important to understand the consequences of these employment transitions on
knowledge accumulation in a scientific field, beyond the directional changes in conceptual space
covered by scientists’ research.

Finally, the median CHI journal ranking of the scientist’s publications indicates whether the
results are being driven by changes in the basicness of their research. Even within Pasteur’s Quadrant,
where basic research is inspired by potential usefulness, scientific research can be more fundamental or
applied. In biomedical science, research involving clinical trials may be seen as less basic than
laboratory research on the properties and potential of particular substances, for example. The CHI
journal ranking captures the extent to which papers published in a journal typically involve more applied
clinical research or basic science on a scale of 1-4 points. Where a scientist has a publication in a given
journal, I take the CHI score for that journal (if it is ranked in the CHI index) and calculate the median
score of all publications in that year (if any are observed). This variable provides insights into whether
the same scientist performs more applied research when moving to industry. For example, the scientist
may cover more conceptual space if they switch to doing a greater volume of clinical research applying

a wider range of substances.

Independent Variables

19



My main independent variable of interest is Corporate Affiliation. This is an indicator variable set equal
to one for all scientist-year observations in which scientist i has a corporate affiliation on an article, and
zero otherwise. Where this is not directly observed from a publication by scientist i in year ¢ that directly
provides the required information, I interpolate between observed affiliations. When examining whether
the NLM has indexed new MeSH terms to a scientist’s publications in a given year, I control for the
natural logarithm of one plus the count of unique terms that have previously been indexed to that
scientists’ papers. This is intended to control for the stock of prior terms and limit the extent to which
the results may be driven by a mechanical correlation in which scientists with more prior publications
have less potential to cover additional concepts associated with new terms to be indexed to their papers.
For similar reasons, I also control for the natural logarithm of one plus the cumulative number of
publications. This is intended to reduce the risk that the rate at which scientists cover new intellectual
space (associated with new MeSH terms) is driven by the extent of their prior publishing activity rather
than changes in their research strategies.

When using topic-based dependent variables, I incorporate a similar set of variables to control for
the risk that the number of prior publications may be related to the stock of prior research. If fewer
observed research outputs are associated with the rate of publishing in different topics, this may in part
be driven by a difference in the baseline probability that an author is observed as exploring a new topic
is linked to the number of observations that reveal past engagement with a topic. First, I control for the
lagged count of stem cell publications to control for the risk that the number of publications is
mechanically related to the rate at which new topics can be explored. Second, I control for the lagged
count of topics that a scientist has used for similar reasons. I include these variables in the regression in
the form of the natural logarithm of one plus the value of the variable. Again, the results are robust to
including quadratic, rather than logged, versions of these control variables. Finally, I carry out additional
analyses in which I examine how the number of stem cell publications a scientist has in a given year
interacts with their affiliation. This ensures that the main results are not being driven by scientists with
more stem cell publications exploring more topics simply because they have more opportunities for a

publication to be in a new topic. In all regressions with controls, I include a quadratic control for the
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‘age’ of the scientist. This is calculated as the number of years between year ¢ and the year in which the
scientist had her first publication in Scopus.
Econometric Approach
I compare the change in the research direction of U.S. scientists upon acquiring (and retaining) a
corporate affiliation to U.S. scientists compared to those in academia. I use author fixed effects to
identify the change in research direction between a scientists pre- and post-corporate affiliation research
output compared to matched controls. I follow these scientists from 1996-2008 inclusive. I limit the
sample to these years to mitigate the risk that the results are affected by industry scientists being more
likely to transition from research to managerial tasks as they advance in their careers in years further
after they are observed in the initial inclusion period. To analyze the changes in scientists’ research
direction in my sample, I use the following specification in my core analysis:
Y= po + fiCorporateAffiliation;, + X + .+ 0; + i

Where Y;; denotes the dependent variable of interest in each regression for scientist i in year t.
The coefficient B, is the main variable of interest representing the changes in scientists’ research
direction following their transition from academia to industry and X;, is a vector of control variables as
described above. Time period effects affecting all scientists are captured by the year fixed effect, 7;, and
time-invariant individual characteristics are controlled for using scientist fixed effects, &;. Thus, the
analysis can be seen as identifying the within-scientist changes in scientists’ research direction that is
associated with acquiring a corporate affiliation. Scientists in my sample can have both academic and
corporate affiliations
Instrumental Variables
Scientists transitioning to industry may strategically time transitions or systematically differ in
unobserved characteristics to other scientists that make them attractive to industry employers. For
example, scientists may switch to industry employment immediately after their research has uncovered
a particularly valuable result for commercial exploitation. Alternatively, scientists may switch to
industry in order to carry out research in new areas if academic science funding makes it more difficult

to acquire resources for research in areas scientists have not previously worked. To address these
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concerns, | use instrumental variables based on local tax and employment rates to generate plausibly
exogenous variation in the assignment of scientists to types of institution. Specifically, I use variation
in taxes and employment rates across U.S. states over time as instrumental variables that affect the
incentives and opportunities for scientists to take industry employment. In this section of the analysis, I
draw on the empirical work of Moretti and Wilson (2017) analyzing scientists’ labor market decisions
and thank the authors for making their data publicly available.

The instrumental variables focus on changes in the demand side of scientific labor markets in a
state at a particular point in time. The first instrument is the state-level tax credit for R&D expenditures.
This is based on the tax rates in the state in which scientist i worked during the previous year (if it the
scientist’s first publication year, it is imputed as the rates for the first observed state in the previous
year). This variable captures the relative cost to firms in that state of investing in R&D based on the tax
credits available to them for these expenditures. Wilson (2009) and Rao (2016) show that that firms in
the United States invest more in R&D where tax credits lower the cost to the firm of making marginal
R&D investments. This increases firms’ incentives to invest in scientific research — where this is a part
of their R&D efforts — and thus to hire the scientists with the human capital to carry out this research.

The second instrument is based on the labor market opportunities for scientists in the state in
which they reside. The Bureau of Labor Statistics’ Census of Employment and Wages records the
number of workers in each U.S. state across different occupational groups. The data for NAICS category
54171 records the number of workers employed in scientific research and development in each state
over time. Individuals working in the life sciences who are employed by universities and hospitals are
not included in this category (these employers have their own respective NAICS categories). I begin by
finding a state’s pre-sample level of employment (in the year 1995). I then adjust this figure for each
year by the percentage growth in employment in NAICS category 54171 for all other U.S. states
(excluding the focal state) to create a predicted value of employment opportunities in the state. Finally,
I take the natural logarithm of one plus the state’s predicted scientific R&D employment. I exclude the
scientist’s state of residence from the calculation to ensure that changes in the instrument’s value is not
driven by any endogenous changes in their own state that may increase both employment opportunities

and affect a scientist’s research strategy. I again construct my instrument for the state in which scientist
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i worked during the previous year and adjust similarly for a scientist’s first observed year. This variable
is intended to provide variation in the number of employment opportunities for research scientists in
that state and thus the relative size of the set of opportunities a scientist would have to transition into
industry employment.

The key identifying assumptions are that changes in tax credits or predicted labor market
opportunities are only associated with changes in the number of opportunities for scientists to work in
industry. It requires that the instruments are not correlated with changes in preferences about which
topics scientists choose to research within their existing employment type. I cluster standard errors at
the state, rather than scientist, level in these models because the variation in the values of the
instrumental variables occurs at the state level. Table 1 below provides summary statistics of the
variables used in this paper.

[INSERT TABLE 1 ABOUT HERE]

RESULTS

Scientists’ Exploration of New Areas of Conceptual Space

I begin by examining how the acquisition of an industry affiliation is associated with changes in
scientists’ propensity to explore new areas of conceptual space in their research. The analysis in Table
2 shows how the rate at which scientists use new MeSH terms relative to re-using existing concepts after
switching from academia to industry. Models 1 and 2 use my preferred dependent variable Percent New
Terms. They show that the percentage of terms indexed to a scientists’ research in a given year by NLM
specialists that had not previously been indexed to their research outputs is greater after scientists’
transition to industry. The point estimates in Model 2 suggests that scientists’ share of new terms in
publications increases by approximately 1.4 percentage points following transitions to industry. This
would be equivalent to approximately a 2.5 percent increase in the share of indexed terms applied to a
scientists’ research that represents new scientific content (which has not been revealed in their
antecedent knowledge set through past publications). The results are similar when restricting new terms

to the stem terms. Scientists’ share of new terms increases by approximately 1.1 percentage points
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following transitions to industry. This represents an increase of approximately 3.3 percent relative to the
baseline rate of new stem terms indexed to scientists’ publications.
[INSERT TABLE 2 ABOUT HERE]

As a basic robustness check, Table A.1 in the online appendix uses the Total New Terms
dependent variable to ensure these results are not being driven by scientists’ publications simply
covering less conceptual space overall after transitioning to industry. The point estimates in Model 1
and 2 imply that scientists increase their use of new terms in publications by about 13 percent per year
following transitions to industry. Models 3 and 4 repeat the analysis of Models 1 and 2 in Table 2
limiting the analysis only to MeSH terms used in the previous eight years to ensure that the results are
not being driven by re-use of terms that were last used many years prior by scientists in areas they had
previously researched. The point estimates and standard errors of these coefficients are highly consistent
with those presented in the main analysis (similar, unreported results are available from the author for
models with five-year intervals). Overall, the results suggest that scientists’ research covers more new
scientific content after moving to industry compared to scientists who remain in academia.

Other Changes in Scientists’ Research

The MeSH term-based dependent variables that measure a scientists’ research direction are based on
observed research outputs. Therefore, the results may be affected by the rate at which scientists’ research
outputs are observed. For example, there may be changes in the rate at which involvement with industry
leads scientists to be subject secrecy or publication delays to protect valuable ideas from leaking to
competitors (Czarnitzki, Grimpe, and O’Toole, 2015). As a consequence, I could be under-counting the
number of new MeSH terms covered in scientists’ research when working in industry (since I would
only be observing part of their overall research portfolio). Conversely, if secrecy were systematically
applied by firms more to research that exploited scientists’ antecedent knowledge sets, this could bias
the results by leading me to under-count their repeated use of terms relating to existing knowledge in
the denominator of the core variables. The models using the Total New Terms variable (which is based
on the count, rather than share, of MeSH terms new to the scientist) offers some check on this risk by
showing that the crude count of new terms is higher in publications is higher when scientists are affiliated

with industry.
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To examine whether changes in publication habits or wider changes in scientists’ research may
be driving the main results, I re-run the core analysis with scientists’ number of publications, their
number of citations received per publication, and the median CHI ranking of the journals in which they
publish in a given year as the dependent variables. The results are presented in Table 3. Models 1 and 2
show that there are no clear changes in the number of publications per year after acquiring industry
employment. Models 3 and 4 show that scientists moving to industry appear to receive marginally more
citations per paper than those outside industry. Finally, Models 5 and 6 show that the median CHI
ranking of journals (a measure of the basicness of the typical research paper a journal publishes) appears
to be unchanged after the employment change. Overall, results in Table 3 imply that scientists are not
publishing less, having lower impact, or performing less basic research after transitioning to industry
employment. This suggests that scientists are not switching to projects that require less skill in basic
scientific research nor are they researching topics of more marginal value. However, as the results in
Table 2 show, they are applying their scientific human capital across a wider range of the conceptual
space of science.

[INERT TABLE 3 ABOUT HERE]

There were also changes in U.S. stem cell funding at the federal level during the sample period,
which could have affected scientists’ research output and behavior. Federal resources for human
embryonic stem cell research were significantly limited from 2001 to 2009 due to restrictions imposed
by the Bush administration (although funding for other areas of stem cell research increased). This was
particularly pronounced in the immediate period from 2001 to 2005. Over time, foundations and state
governments increased funding to provide alternative resources for this area of research. Human
embryonic stem cell research was a comparatively small sub-field of stem cell research in terms of the
overall volume of publications at the time, but nonetheless had a comparatively high profile in the
scientific community. To check whether the changes in federal funds available to academic scientists is
driving my results, I replicate my analysis including only the observations from the period before
President Bush took office in 2001. The results presented in Table A.2 show a similar pattern to the
main results. The magnitudes of the coefficients are typically slightly larger than those in the main

analysis. This may reflect the federal policy changes leading academic scientists to explore relatively
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more new conceptual space by providing a major shock the existing balance between scientists’ research
choices and funding provision. As an additional check that the results are not primarily driven by
changes in U.S. science policy during the sample period, I also replicate the results using a sample of
scientists based in countries outside the United States in Table A.3. More information on that sample is
provided in the online appendix.

Differences in Scientists’ Characteristics

A further concern is that the results may be primarily driven by scientists’ transitions to industry at a
particular career stage, by a particular cohort, or by a subset of scientists with atypical academic ability.
However, this does not appear to be the case. Tables A.4, A.5, and A.6 in the online appendix replicate
the core results for the dependent variables above splitting the sample at the median value on variables
that measure scientists’, ability, cohorts, or career stage. First, to separate scientists by ability, I calculate
the median number of citations received by scientists to papers published during the pre-sample period
from 1990 to 1995 inclusive. I do this separately for groups of scientists according to their first
publication year to account for differences in citations received to papers during this period due to
differences in career lengths or career stage during this period. I then split the sample according to
whether a focal scientist an above or below median number of citations during this decade. I exclude
scientists who had a corporate affiliation prior to 1996 to ensure scientists’ observation on this variable
is not driven by changes in citations or publication patterns due to non-academic employment, rather
than academic ability. I also exclude those who have no observed publications prior to 1996 because 1
cannot make a pre-sample calculation for these individuals. The results presented in Table A.4 are very
similar for both sub-samples.

Next, to examine whether the result is driven by different cohorts in my sample, I split the sample
according to the year in which scientists had their first publication (whether it was strictly before 1990).
The results in Table A.5 show that the pattern of results is similar in both groups of scientists regardless
of whether they had a first publication before or after 1990. Finally, I split the sample, according to
scientists’ number of active years prior to an observation (based on the time elapsed since their first
publication and with the cut taking place at 12 years). The results in Table A.6 show a consistent pattern

of results across the sub-samples. However, in this smaller sample the coefficient on Percent New Stem
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Terms for the sub-sample containing observations of scientists with fewer than 12 years career length is
not significant (although with an identical point estimate to that in the longer career length sub-sample).

Table A.7 adds an additional control variable for the number of co-authors a scientist has in a
given year. This is to check whether changes in co-authoring patterns that coincide with changes in
affiliation type may be driving the results. These could still reflect genuine changes in the application
of scientists’ human capital to different types of research and the scientists themselves working on more
diverse topics. But it could also reflect scientists’ publications having more diverse conceptual content
because co-authors bring this knowledge to collaborations and the co-author performs that aspect of the
research. In which, case it would be difficult to draw conclusions about whether a focal scientist is
herself exploring these new concepts. However, the results show that the relationship between industry
affiliation and conceptual exploration is positive and significant across models.

To provide further nuance on the relationship between scientists’ characteristics, employment
type, and their propensity to explore new conceptual space, I present results without scientist fixed
effects in Table A.8. The results show that scientists who work in industry tend to have lower publication
rates when scientist fixed effects are not included in the regression models. Conditional on actively
publishing, however, scientists have similarly higher rates of conceptual exploration compared to
academic scientists in these models. The lower average publication rates of scientists in this sample
when working in industry appears to be driven by individual-level characteristics correlated with
selection into industry employment. It does not appear to result directly from scientists’ type of
employer. Nonetheless, as an institutional setting, industry employment appears to promote scientists to
explore more new research areas compared to academia — regardless of the differences in time-invariant
individual characteristics that drive selection into industry employment.

A further concern about the results is that firms intentionally choose to hire scientists who are
already changing their research direction to explore new conceptual space. Alternatively, scientists who
want to move to industry may start to change their research direction to cover topics and ideas that will
be more valued in industry. In this case, the transition to industry would be a consequence of changes
in scientists’ research direction that were already under way. This should lead to a decline in the

observed rate at which scientists explore new concepts after obtaining industry employment if they are
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then working on these new topics. However, the elevated rate of exploration may continue after the
transition if it is a signal from scientists to potential industry employers about the flexibility of their
knowledge and skills across research topics. Figures 1 to 3 show the yearly effects of acquiring a
corporate affiliation in a ten-year window before and after the transition to industry employment for
those scientists who transition to industry during the sample period for the Percent New Terms, Percent
New Stem Terms, and Total New Terms dependent variables.

[INSERT FIGURES 1 TO 3 ABOUT HERE]
Exploration of New Stem Cell Topics
I now move to analyze the changes in scientists’ research direction within the stem cell domain after the
acquisition of corporate affiliations using the additional type of dependent variable generated by a topic
model of scientists’ publication abstracts. The results of this analysis are presented in Table 4 and are
consistent with the results from models using bibliographic data to measure scientists’ exploration in
MeSH-defined conceptual space. Models 1 and 2 shows that, conditional on publishing a stem cell
article, a scientist who has moved to industry is more likely to be publishing in a new topic than controls
who remain in academia. The point estimates for each model respectively suggest that scientists are
approximately 2 percentage points more likely to publish on a new topic in the stem cell field after
moving to industry, relative to a sample mean of 12 percent. This is approximately equivalent to
scientists being 17 percent more likely to publish in a new stem cell topic in a given year when they are
employed in industry rather than academia relative to the baseline rate.

[INSERT TABLE 4 ABOUT HERE]

Models 3 and 4 show that these results are not driven by changes in the relative stem cell/non-
stem cell composition of publications between scientists moving to industry and those remaining in
academia. The point estimates imply that scientists are approximately 5 percentage points more likely
to have a new stem cell topic in each stem cell publication after moving to industry. Unreported results
(available from the author) show that industry-affiliation is not significantly related to a scientist’s
propensity to publish in stem cell research relative to other fields. The coefficient is negative but not
close to significant. (The share of a scientist’s publications that are in a stem cell field is 0.01 lower with

an exact p-value of 0.25.) This suggests that the main results are not driven by scientists having a greater
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tendency to do research in stem cell fields relative to non-stem cell fields based on having academic or
industry employment. Overall, these results suggest that firms are utilizing scientists’ more widely
applicable expertise and scientific skillset across topics, rather than focusing on exploiting their existing
knowledge in a highly specialized niche as in academia.
Returnees from Industry to Academia
To probe the robustness of my results, I analyze the research outputs of scientists who transition to
industry employment from academia during my sample period and subsequently return to academia.
The results presented in Table 5 show that scientists who spend time working in industry are less likely
to explore new scientific conceptual space upon returning to academia than they were during industry
employment. The omitted category in the regression models is employment in academia before
transitioning to industry. This provides the baseline against which the coefficient on other affiliation
types can be interpreted. There is a consistent pattern of results across the models with the different
measures of conceptual space exploration. Scientists engage in more conceptual exploration upon
acquiring an industry affiliation than during their prior academic employment. However, upon returning
to academia, they once again exhibit less conceptual exploration than during the period in which they
are employed in industry. Indeed, their level of conceptual exploration is similar to that of their pre-
industry academic employment across the models (where pre-industry academic employment is the
omitted category in the regression models).

[INSERT TABLE 5 ABOUT HERE]
Scientific Labor Market Instruments
There are reasons to worry that scientists’ selection into industry employment may bias the results. For
example, academic scientists may be more likely to enter industry employment if they have made a
specific, potentially commercially valuable finding in their recent research. This would lead be a
downward bias in my results as scientists would select into industry employment in order to exploit
already identified opportunities for specific findings in recent research and be less likely to explore new
topics. The results would then not reflect the true effect of industry employment on the exploitation of
topic knowledge relative to wider scientific skills, but rather be driven by selective entry to exploit

existing knowledge. Alternatively, scientists may choose to move to industry because they desire to
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change their research direction. Academia is typically associated with greater research autonomy than
industry (Dasgupta and David, 1994; Stern, 2004; Sauermann and Stephan, 2013). However, industry
may offer an advantageous setting to change research direction if highly specialized knowledge (and the
research outputs demonstrating this to funders) is more important to access resources for research on
particular topics in academia. This would lead to an upward bias in my results.

Either of these effects seems to be intuitively plausible. Therefore, I use instrumental variables
analysis to evidence of the same mechanism. I use two instrumental variables based on tax credits for
research and development expenditures and exogenous changes in local scientific labor market
opportunities as instruments for labor market affiliations. My instrumental variables vary both over time
within a location and at a given point in time between different locations. The instruments provide
exogenous variation in the propensity of scientists to have an industry affiliation. The results of the
instrumental variables regressions are presented in Table 6 for the core MeSH-based dependent variable
Percent New Terms and the topic model-derived dependent variable New Topic.

[INSERT TABLE 6 ABOUT HERE]

There is a positive relationship between industry employment and scientists’ research covering
more new conceptual space for both types of dependent variable. Notably, the point estimates of
coefficients on industry employment variable are positive and larger in magnitude than the baseline
results. This implies that the first of the two proposed selection mechanisms is more relevant in the OLS
models. The core results would then be downward bias from some scientists strategically entering
industry employment to exploit valuable existing knowledge. It contrasts with a mechanism in which
scientists selectively enter industry employment in order to change their research direction (which would
lead to upward bias in the OLS results). This interpretation is also consistent with the trends in Figures
1-3. These figures show that scientists cover new MeSH-defined space at a lower rate during their earlier
years of industry (albeit at a higher rate than when in academia). In subsequent years of industry

employment, the level of exploration stabilizes at a higher rate.
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In this paper, I distinguish between scientists’ specialized topic knowledge and their advanced scientific
research skills. I argue that these represent two important dimensions of scientists’ human capital that
can be exploited by firms in corporate scientific research. This delineation between aspects of scientists’
human capital is conceptually distinct from those typically drawn in the prior literature. Past research
has typically divided scientists’ human capital according to the specialization or generalization of their
topic knowledge (Agrawal et al., 2016; Teodoridis, 2018; Teodoridis et al., 2019) or by the levels of
experience in basic and applied research (Toole and Czarnitzki, 2009; Baba et al., 2009; Subramanian
et al., 2013). While some scientists may be seen as generalists insofar as they work across a wide range
of topics, they may apply a similar set of research skills across these areas. Conversely, other scientists
may be more specialized, in terms of the topics they research, but use a variety of advanced methods in
their narrower area of specialization. The results in this paper show that scientists working in the stem
cell field who acquire industry employment have more conceptually diverse subsequent research output.
This is consistent with industry placing greater value on hired academic scientists’ advanced research
skills that can be applied more widely in their corporate human capital strategies. The findings contrast
with an explanation in which firms hire experienced scientists with the primary intention of exploiting
their highly specialized, but narrower topic knowledge for commercial purposes.

I argue that these results emerge due to differences in the logic of scientific research in academia
and industry. The reward structure of academia privileges fundamental insights into novel phenomena
(Dasgupta and David, 1994). For scientists working in industry, their employer’s primary rewards come
from the role of science in speedily identifying valuable and commercializable relationships (Evans,
2010; Sauermann and Stephan, 2013). Thus, firms may benefit more from applying scientists’
knowledge to uncovering these types of relationships across a greater range of conceptual space, rather
than focusing on exploiting the highly specialized knowledge developed through their prior academic
research. Moreover, prior research suggests that a large part of the value scientific human capital has as
aresource to firms is provide absorptive capacity, which involves identifying, interpreting, recombining,
and experimenting with new ideas from outside the firm’s boundary (Cohen and Levinthal, 1990; Arora

and Gambardella, 1994; Fabrizio, 2009). Thus, much of the value of the scientific human capital
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resource may lie in its ability to be deployed more flexibly over a greater range of topics to buttress the
absorptive activities in the firm.

Whereas the literature often focuses on the distinction between basic and applied research when
discussing how different institutional features drive the optimal division of labor between academia and
industry (Aghion et al., 2008; Lactera, 2009), this paper suggests that these institutional features give
rise to another important distinction in the way scientific human capital is used in each setting. Namely,
the relative topic breadth and focus of scientists’ research. I show that a scientist’s human capital tends
to be employed in a narrower, more focused area of conceptual space in academia compared to industry
— even though the basicness and impact of the scientist’s research appears to remain unchanged. Their
research cover a greater range of scientific ideas when employed in industry without necessarily shifting
to more applied research. Industry employment leads scientists to use their human capital to explore
more widely — with greater exploitation of their wider scientific skills relative to their existing
specialized topic knowledge. Whereas, academia incentivizes scientists to have more narrow search
strategies to build greater topic expertise.

These results also contribute to our understanding of scientific labor markets, where career
transitions from academia to industry have been relatively understudied outside of early career and
entrepreneurial settings, except for the specific case of star scientists. My results show how the type of
institution in which a scientist works affects how they exploit their prior knowledge and skills and hence
how their subsequent research adds to their knowledge stock. This helps us understand the role
specialized scientific knowledge and skills appear to play in firms’ human capital management.
However, it also points to important ways in which the division of labor between industry and academia
may affect the type of scientific knowledge that is accumulated in a scientific or technical field.
Interestingly, transitions to industry do not seem to lead to negative changes in the quality of scientists’
output (as reflected by forward citations). Nor are there changes in the basicness of scientists’ research
(at least as captured by CHI journal classifications). Nonetheless, shifts in the division of innovative
labor to industry in a given area appear to lead to scientists covering greater conceptual space in their
research. This comes with the implicit trade-off that they may develop less of the deep topic knowledge

associated with academic science that may be necessary to push forward the knowledge frontier and
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make scientific breakthroughs (Jones, 2009; Kaplan and Vakili, 2015). This presents insights to
policymakers to understand the consequences for knowledge accumulation when designing policies for
funding research or promoting mobility between academia and industry in Pasteur’s Quadrant.

An extensive literature, primarily in the economics tradition, has sought to divide human capital
into different components based on its specialization with respect to occupations, employers, and tasks
(Becker, 1962; Gibbons and Waldman, 2004; Lazear, 2009; Gathmann and Schonberg, 2010). General
human capital comprises the knowledge and skills that workers can apply across a range of occupations.
Task-specific human capital comprises knowledge and skills that are specialized to the tasks undertaken
in a specific occupation and can be applied to other occupations only where these have a similar task
environment. Finally, firm-specific human capital comprises knowledge and skills that are more tightly
coupled to a specific employer’s work environment. These skills contribute more to workers’
productivity at that specific firm than they would at other employers. Academic scientists’ human capital
is composed of both deep topic knowledge and the advanced research skills needed to undertake
experimental projects in their field. Both these dimensions of human capital are specialized and
developed in the task environment of scientific research. However, to the extent that research skills are
more widely applicable to research tasks across topics, than advanced knowledge of a given topic, it is
a more general form of human capital applicable to a greater total number of tasks. This does not mean
that these skills are necessarily less specialized; developing many advanced research skills may require
major investments of time and effort. Indeed, skills in novel methods may be rarer than advanced topic
knowledge in some areas of science as they diffuse to become part of scientists’ skillsets over time.
Future research could elaborate which types of research skills are more transferable across different
topics to understand how this facilitates scientific research breadth.

There are a number of limitations to this study. The content of publications may be an imperfect
proxy for scientists’ knowledge stocks. Although the vocabulary indexed independently by the NLM
should accurately reflect the conceptual space in which a scientist has published, this may miss important
parts of the conceptual space in which they also have knowledge but have not yet published.
Additionally, since papers have multiple co-authors, any given author may not have developed

knowledge of all parts of the conceptual space indexed by the NLM. The topic-based measures

33



complement the MeSH term analyses. They use the conceptual content of a research output as described
by its authors to communicate this to readers. These results show similar patterns to models using MeSH
terms. However, they also have limitations due to not being generated from the entire corpus of stem
cell publications and not covering the many publications scientists in both industry and academia have
from research projects outside the stem cell field.

This paper has not examined how firms’ scientific human capital management decisions relate to
other channels through which they can internalize valuable external knowledge. Prior research has
examined how firms can take advantage of complementarities between internal and external knowledge
resources (Cassiman and Veugelers, 2006; Fabrizio, 2009). These findings are consistent with firms
using external knowledge strategies for accessing highly specialized expertise on specific research
projects through collaboration but choosing to use internal human capital as a more general scientific
resource. Further exploration of the links between hiring and collaboration strategies — particularly
beyond the role played by star scientists — could generate valuable insights here. Different types of firm
might also diverge in the value placed on the different dimensions of academic scientists’ human capital.
Future research might valuably identify how different types of firms vary in their use of scientific labor.
Pertinent considerations may include the scope of research activities, the extent of internal engagement
with basic and applied research, and the diversity of scientific human capital within the firm. It may also
be fruitful to examine whether differences in the extent to which firms apply the human capital of
scientists across different areas of research affects their ability to extract value from this knowledge
directly, through internal spillovers, and through collaborations with external scientists. Such analyses
would help us better understand the micro-level mechanisms through which firms can learn by hiring
specialized knowledge workers and how human capital strategies operate as a micro-foundation of

absorptive capacity.
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Table 1: Summary statistics

Variable Obs Mean S.D. Min Max
Corporate Affiliation 66,782 0.135 0.342 0 1
Percent New Terms 38,277 0.554 0.201 0 1
Percent New Stem Terms 38,277 0.330 0.172 0 1
New Topic 66,782 0.131 0.337 0 1
Total New Terms 38,277 3.291 0.790 0 6.163
Percent New Terms (Prior 8 Years) 38,277 0.574 0.197 0 1
In (1+Lag Cum Publications) 66,782 2.548 1.157 0 6.084
In (1+Lag Cum MeSH Terms) 66,227  4.619 1.699 0 7.941
In (1+Lag Cum MeSH Stem Terms) 66,227 4213 1.544 0 7.149
In (1+Lag Cum MeSH Terms) (Prior 8 Years) 66,227 4.384 1.627 0 7.657
In (1+Lag Cum SC Publications) 66,782  0.901 0.647 0 4.419
In (1+Lag Cum SC Topics) 66,782 0.776 0.568 0 3.664
Age (Years Since First Publication) 66,782 12.09 7.235 0 32
In (1+Number of Publications in a Year) 66,782 0.749 0.747 0 4.094
In (1+Citations per Publication in a Year) 39,918 3.488 1.134 0 9.021
Median CHI Ranking 31,919 3.010 0.798 1 4
N SC Publications in a Year 66,782 0.259 0.688 0 14
First Publication Year 66,782  1990.1 6.518 1976 2000
First SC Publication Year 66,782  1996.9 3.194 1980 2000
State R&D Tax Credit Rate 66,458 0.057 0.052 0 0.200
State Predicted R&D Employment 66,458 9.557 1.302 0 11.46

Notes: The difference in the cumulative term measure and the number of observations on other yearly
variables occurs because some papers do not have indexed MeSH terms. I treat these observations as
missing. Therefore, until I observe a first paper with indexed MesH terms for scientist i, I am unable to
generate a cumulative measure of their prior MeSH term use. Results of robustness tests (available from the
author) show no meaningful differences to the main results in the paper if scientists with missing terms in
any year are excluded from the sample entirely. I also exclude scientists whose first publication is from
before 1994 from the sample in (and only in) the regressions using the topic model-based dependent variable
for reasons explained in the paper. However, I include their ‘New Topic’ and ‘First SC Publication’ values

in the summary statistics calculations because their values for other variables are included.
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Table 2: Changes in the rate at which scientists use new MeSH terms in research outputs
when acquiring corporate affiliations

Percent New Terms Percent New Stem Terms
@) (2) 3) “4)
Corporate Affiliation 0.013*** 0.014%** 0.009** 0.011%**
(0.005) (0.005) (0.004) (0.004)
Controls No Yes No Yes
Scientist FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 38,277 38,277 38,277 38,277
Scientists 5,323 5,323 5,323 5,323
R-squared 0.076 0.253 0.119 0.338

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. The control
variables are In(1+Cum MeSH Terms) and In(1+Cum Pubs) along with age controls and a constant term.
In Models 3 and 4, In(1+Cum MeSH Terms) only counts the stem terms counted in the dependent variable.
Standard errors (in parentheses) are clustered at the scientist level. *** p<0.01, ** p<0.05, * p<0.1.

Table 3: Changes in the impact and basicness of scientists’ research output when acquiring a
corporate affiliation

Number of Pubs Citations per Pub Med Pub CHI
1) (2) 3) 4) (5) (6)
Corporate Affiliation 0.015 0.016 0.066* 0.068* -0.018 -0.015
(0.017) (0.017) (0.035) (0.035) (0.020) (0.020)
Controls No Yes No Yes No Yes
Scientist FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 66,782 66,782 39,918 39,918 31,919 31,919
Scientists 5,348 5,348 5,348 5,348 5,152 5,152
R-squared 0.041 0.041 0.086 0.086 0.005 0.005

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. The number of
publications is measured for each scientist-year observation as In(1+N Pubs) and the number of citations
per publication is measured as In(1+(N Cites/N Pubs)) for each yearly observation. The median CHI of
scientists’ publications is not observed for all journals in the dataset. If a scientist-year observation lacks a
CHI value, despite having a publication, the variable is treated as missing (if it is observed for some
publications, but not all, it is included in the regressions based on the value for scientists’ CHI-covered
journal publications in that year). The control variables are In(1+Cum Pubs), age controls and a constant.
Standard errors (in parentheses) are clustered at the scientist-level to allow for serial correlation and are
robust to arbitrary heteroskadasticity. *** p<0.01, ** p<0.05, * p<0.1
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Table 4: Changes in scientists’ research into new topics in the stem cell field when acquiring

a corporate affiliation

New Topic
1) (2) 3) “)
Corporate Affiliation 0.021** 0.017** -0.007 -0.006
(0.008) (0.008) (0.006) (0.006)
N SC Pubs 0.407%** 0.394***
(0.013) (0.012)
Corporate Affiliation* 0.062%%** 0.047%**
N SC Pubs (0.021) (0.019)
Controls No Yes No Yes
Scientist FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 59,723 59,723 59,723 59,723
Scientists 4,805 4,805 4,805 4,805
R-squared 0.081 0.172 0.516 0.572

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. The control
variables are In(1+Cum Topics) and In(1+Cum SC Pubs) along with age controls and a constant term.
Scientists with first publications in stem cell research prior to 1994 are excluded from the sample for the
reasons explained in the main text. Standard errors (in parentheses) are clustered at the scientist level. ***
p<0.01, ** p<0.05, * p<0.1.

Table 5: Changes in scientists’ research after returning to academia from industry
(relative to prior academic employment)

Percent New Percent New Total New New Topic
Terms Stem Terms Terms
€)) (2) 3) “)

Corporate Affiliation 0.028*** 0.015%* 0.183*** 0.050*

(0.010) (0.008) (0.050) (0.028)
Post-Corporate Affiliation 0.003 -0.005 -0.084 0.010

(0.011) (0.008) (0.066) (0.030)
Controls Yes Yes Yes Yes
Scientist FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 3,191 3,191 3,191 3,355
Scientists 308 308 308 291
R-squared 0.238 0.324 0.038 0.098

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. Scientists must
return to academia for more than two years and have at least two years of academic employment prior to
transitioning to industry to be included in the analysis. The period before a scientist acquires a corporate
affiliation provides the baseline against which to interpret the coefficients in the models. All models include
age controls and a constant term. In Models 1 and 3, In(1+Cum MeSH Terms) and In(1+Cum Pubs) are the
additional controls. Model 2 incorporates the In(1+Cum MeSH Stem Terms) variable as a control in place
of In(1+Cum MeSH Terms). Model 4 includes the additional control variables In(1+Cum Topics) and
In(1+Cum SC Pubs) in place of In(1+Cum MeSH Terms) and In(1+Cum Pubs). Scientists with first
publications in stem cell research prior to 1994 are excluded from the analysis in Model 4 for the reasons
explained in the main text. Standard errors (in parentheses) are clustered at the scientist level. *** p<0.01,
** p<0.05, * p<0.1.
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Table 6: Changes in scientists’ research when acquiring a corporate affiliation (instrumental
variables results)

Corporate Percent New Corporate New
Affiliation Terms Affiliation Topic
@ (@) (€) “
Corporate Affiliation 0.203%* 0.262%*
(0.097) (0.127)
R&D Tax Credit 0.208*** 0.265%%*
(0.061) (0.051)
Predicted R&D Employment 0.011%%** 0.010%%**
(0.003) (0.003)
Controls Yes Yes Yes Yes
Scientist FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 37,761 37,761 59,436 59,436
Scientists 4,938 4,938 4,791 4,791
Cragg-Donald F-stat 47.23 108.95
Hansen J-stat p-value 0.992 0.313
R-squared 0.203 0.157

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. Models 1 and 2
include th In(1+Cum MeSH Terms) and In(1+Cum Pubs) control variables. Models 3 and 4 include In(1+Cum
Topics) and In(1+Cum SC Pubs). Both sets of models include age controls and a quadratic control for the
number of years since the scientist was last observed in a new state. This is to mitigate the risk that the results
are linked to transitions between states. Observations where scientists leave the United States are dropped from
the analysis (as the instruments are U.S.-specific) which leaves fewer observations than in the core analysis.
Scientists with first publications in stem cell research prior to 1994 are excluded from the analysis in Models 3
and 4 for the reasons explained in the main text. Standard errors (in parentheses) are clustered at the state level
since this is the unit of variation in the instrumental variables. Models with standard errors clustered at the
scientist level (available from the author) have smaller standard errors. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 1: Changes in the share of MeSH terms in a paper that are new to the scientist following
acquisition of corporate affiliation
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Notes: Results of regression with indicators for each year shown in the graph. The regression sample is limited
to observations for the years shown relative to the transition event. Scientists drop from the sample if they
return to having exclusively academic affiliations.

Figure 2: Changes in the share of new stem MeSH terms in a paper that are new to the
scientist following acquisition of corporate affiliation
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Notes: Results of regression with indicators for each year shown in the graph. The regression sample is limited

to observations for the years shown relative to the transition event. Scientists drop from the sample if they
return to having exclusively academic affiliations.
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Figure 3: Changes in the number of MeSH terms in a paper that are new to the scientist
following acquisition of corporate affiliation

0.8
0.6

0.4+

I

Yearly changes in new MeSH term use
S
N o
1
—
—
—
—1

-0.4

-4 -3 -2 -1 0 1 2 3 4 5

Year relative to transition from acacademia to industry

Notes: Results of regression with indicators for each year shown in the graph. The regression sample is limited
to observations for the years shown relative to the transition event. Scientists drop from the sample if they
return to having exclusively academic affiliations.
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ONLINE APPENDIX

Examples of Terms Defining Topics in the Model Output
Examples of the ten most frequently occurring terms in a topic in descending order of word
prominence for five randomly selected topics in stem cell research generated by the topic model

algorithm.

cardiac

heart
function
imag
cardiomyocyt
infarct
myocardi
inject

label

myocyt

Table A.1: Changes in the rate at which scientists use new MeSH terms in research outputs after

dna

damag
chromosom
repair
recombin
genom
induc
frequenc
radiat
exposur

growth
factor
tgfbeta
fgf
fibroblast
prolifer
receptor
transform
egf
stimul

cell
pancreat
stem
islet
insulin
diabet
hormon
develop
pancrea
endocrin

intestin

crypt

colon

cell

stem

epitheli
epithelium
gastric

gut
gastrointestin

acquiring corporate affiliations (alternative dependent variables)

Total New Terms Percent New Terms (prior 8 years)

1) (2) 3) 4)

Corporate Affiliation 0.133*** 0.125%** 0.012** 0.012%**

(0.022) (0.023) (0.005) (0.005)
Controls No Yes No Yes
Scientist FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 38,277 38,277 38,277 38,277
Scientists 5,323 5,323 5,323 5,323
R-squared 0.012 0.019 0.043 0.262

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. The control
variables are In(1+Cum MeSH Terms) and In(1+Cum Pubs) along with age controls and a constant term.
In Models 3 and 4, In(1+Cum MeSH Terms) only counts the terms used within the previous eight years.
Standard errors (in parentheses) are clustered at the scientist-level to allow for serial correlation and are
robust to arbitrary heteroskadasticity. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.2: Changes in the rate at which scientists use new MeSH terms after acquiring
corporate affiliations (pre-2001 only)

Percent New

Percent New Terms Total New Terms
Stem Terms
1) (2) 3)

Corporate Affiliation 0.015%* 0.015%* 0.192%**

(0.007) (0.006) (0.038)
Controls Yes Yes Yes
Scientist FE Yes Yes Yes
Year FE Yes Yes Yes
Observations 16,877 16,877 16,877
Scientists 5,267 5,267 5,267
R-squared 0.265 0.335 0.033

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. Only
observations during the period 1996-2000 (inclusive) are included in the sample. All models include
age controls and a constant term. In Models 1 and 3, In(1+Cum MeSH Terms) and In(1+Cum Pubs)
are the additional controls. Model 2 incorporates the In(1+Cum MeSH Stem Terms) variable as a
control in place of In(1+Cum MeSH Terms). Standard errors (in parentheses) are clustered at the
scientist level. *** p<0.01, ** p<0.05, * p<0.1.

Table A.3: Changes in the rate at which scientists use new MeSH terms after
acquiring corporate affiliations (only scientists based outside the U.S.)

Percent New Terms Percent New Total New Terms
Stem Terms
) (2) 3)

Corporate Affiliation 0.029*** 0.021*%* 0.160***

(0.008) (0.007) (0.037)
Controls Yes Yes Yes
Scientist FE Yes Yes Yes
Year FE Yes Yes Yes
Observations 18,794 18,794 18,794
Scientists 2,527 2,527 2,527
R-squared 0.253 0.320 0.021

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. The
sample is drawn from scientists who had a stem cell publication in the 1996-2000 period and were
based exclusively in a non-U.S. country with permissive public funding policies during the entire
sample period. All models include age controls and a constant term. In Models 1 and 3, In(1+Cum
MeSH Terms) and In(1+Cum Pubs) are the additional controls. Model 2 incorporates the In(1+Cum
MeSH Stem Terms) variable as a control in place of In(1+Cum MeSH Terms). Standard errors (in
parentheses) are clustered at the scientist level. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.4: Changes in the rate at which scientists use new MeSH terms in research outputs
after acquiring corporate affiliations (sample split by pre-sample citations relative to
cohort median)

% New Terms % New Stem Terms Total New Terms
Low High Low High Low High
Cites Cites Cites Cites Cites Cites
€9) 2 3 “4) ) 6
Corporate Affiliation 0.023***  (.022** 0.022%** (.01 8*** 0.086** 0.080*
(0.009) (0.009) (0.008) (0.006) (0.044) (0.043)
Controls Yes Yes Yes Yes Yes Yes
Scientist FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 11,639 13,662 11,639 13,662 11,639 13,662
Scientists 1,774 1,764 1,774 1,764 1,774 1,764
R-squared 0.198 0.114 0.252 0.166 0.022 0.018

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. The sample is
split according to whether a scientist had strictly more citations in the 1986-1995 period than the median
scientist with the same year of first publication recorded in Scopus. Scientists with a corporate affiliation
before 1996 are excluded as are scientist for whom the pre-sample citation count is undefined due to only
appearing in Scopus from 1996 onwards. The control variables in Models 1, 2, 5, and 6 are In(1+Cum MeSH
Terms) and In(1+Cum Pubs) along with age controls and a constant term. In Models 3 and 4, In(1+Cum
MeSH Terms) only counts the stem terms counted in the dependent variable. Standard errors (in parentheses)
are clustered at the scientist level. *** p<0.01, ** p<0.05, * p<0.1.

Table A.5: Changes in the rate at which scientists use new MeSH terms in research outputs
after acquiring corporate affiliations (sample split by first publication year)

% New Terms % New Stem Terms Total New Terms
I*" Pub I*" Pub I*" Pub I*" Pub I’ Pub I*" Pub
Pre-90 Post-90 Pre-90 Post-90 Pre-90 Post-90
€)) (2) 3) 4) (5) (6)
Corporate Affiliation 0.012* 0.015%** 0.011** 0.011* 0.154%** (0.09] ***
(0.006) (0.007) (0.005) (0.006) (0.032) (0.032)
Controls Yes Yes Yes Yes Yes Yes
Scientist FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 19,785 18,492 19,785 18,492 19,785 18,492
Scientists 2,163 3,160 2,163 3,160 2,163 3,160
R-squared 0.113 0.370 0.155 0.449 0.021 0.020

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. The sample is
split according to whether a scientist has a first publication recorded in Scopus strictly before 1990. The
control variables in Models 1, 2, 5, and 6 are In(1+Cum MeSH Terms) and In(1+Cum Pubs) along with age
controls and a constant term. In Models 3 and 4, In(1+Cum MeSH Terms) only counts the stem terms
counted in the dependent variable. Standard errors (in parentheses) are clustered at the scientist level. ***
p<0.01, ** p<0.05, * p<0.1.
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Table A.6: Changes in the rate at which scientists use new MeSH terms in research outputs after
acquiring corporate affiliations (sample split by scientists’ career age at observation)

% New Terms % New Stem Terms Total New Terms
<I2 >]2 <I2 >]2 <I2 >]2
years years years years years years
€9 (2) 3) (4) (5) (6)
Corporate Affiliation 0.012%* 0.014** 0.008 0.008* 0.131%%*  (.174%**
(0.007) (0.007) (0.006) (0.005) (0.031) (0.035)
Controls Yes Yes Yes Yes Yes Yes
Scientist FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 19,122 19,155 19,122 19,155 19,122 19,155
Scientists 4,276 3,058 4,276 3,058 4,276 3,058
R-squared 0.377 0.082 0.451 0.110 0.024 0.029

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. The sample is
split according to whether a scientist has a first publication recorded in Scopus strictly more than 12 years
prior to the focal observation. This means that scientists can appear in both sub-samples at different stages
of their career. The control variables in Models 1, 2, 5, and 6 are In(1+Cum MeSH Terms) and In(1+Cum
Pubs) along with age controls and a constant term. In Models 3 and 4, In(1+Cum MeSH Terms) only counts
the stem terms counted in the dependent variable. Standard errors (in parentheses) are clustered at the
scientist level. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.7: Changes in the rate at which scientists use new MeSH terms in research
outputs after acquiring corporate affiliations (controlling for number of coauthors)

Panel A: Controlling for number of observed coauthors

Percent New Terms Percent New

Total New Terms

Stem Terms
1) (2) 3)

Corporate Affiliation 0.014%** 0.0171%** 0.040%*

(0.005) (0.004) (0.021)
N Coauthors 0.000%** 0.000 0.016%**

(0.000) (0.000) (0.001)
Controls Yes Yes Yes
Scientist FE Yes Yes Yes
Year FE Yes Yes Yes
Observations 38,268 38,268 38,268
Scientists 5,323 5,323 5,323
R-squared 0.253 0.339 0.256

Panel B: Interacting coauthor control variable with corporate affiliation variable

Percent New Terms Percent New

Total New Terms

Stem Terms
1) (2) 3)

Corporate Affiliation 0.019%** 0.016%** 0.104%**

(0.006) (0.004) (0.048)
N Coauthors 0.000%*** 0.000** 0.016%**

(0.000) (0.000) (0.001)
Corporate Affiliation * -0.000** -0.000%** -0.002
N Coauthors (0.000) (0.000) (0.002)
Controls Yes Yes Yes
Scientist FE Yes Yes Yes
Year FE Yes Yes Yes
Observations 38,268 38,268 38,268
Scientists 5,323 5,323 5,323
R-squared 0.253 0.339 0.256

Notes: All estimates are based on panel OLS regression with year and scientist fixed effects. The

models in Panel A include a control variable for the scientists’ number of observed coauthors in a

year. The models in Panel B include this control variable and additionally interact it with the
‘Corporate Affiliation’ variable. All models include age controls and a constant term. In Models 1 and
3, In(1+Cum MeSH Terms) and In(1+Cum Pubs) are the additional controls. Model 2 incorporates
the In(1+Cum MeSH Stem Terms) variable as a control in place of In(1+Cum MeSH Terms). Standard
errors (in parentheses) are clustered at the scientist level. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.8: Differences the rate at which scientists use new MeSH terms in research
outputs according to whether they have a corporate or academic affiliation (no scientist
fixed effects)

Panel A: No additional fixed effects

Number of Percent New Percent New Total New
Publications Terms Stem Terms Terms
€)) (2) 3) 4)
Corporate Affiliation -0.149%** 0.026%** 0.015%** 0.058%**
(0.011) (0.003) (0.003) (0.017)
Controls Yes Yes Yes Yes
Scientist FE No No No No
Cohort FE No No No No
Age FE No No No No
Year FE Yes Yes Yes Yes
Observations 66,782 38,277 38,277 38,277
Scientists 5,348 5,323 5,323 5,323
R-squared 0.402 0.480 0.536 0.061

Panel B: Incorporating age and cohort fixed effects

Number of Percent New Percent New Total New
Publications Terms Stem Terms Terms
1) (2) 3) (4)
Corporate Affiliation -0.148%** 0.026%** 0.015%** 0.049%**
(0.011) (0.003) (0.003) (0.016)
Controls Yes Yes Yes Yes
Scientist FE No No No No
Cohort FE Yes Yes Yes Yes
Age FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 66,782 38,277 38,277 38,277
Scientists 5,348 5,323 5,323 5,323
R-squared 0.423 0.480 0.537 0.077

Notes: All estimates are based on panel OLS regression with year fixed effects. Models in Panel A
exclude scientist fixed effects from the regression models. Panel B incorporates fixed effects for
scientists’ age (measured as the number of years since their year of their first publications) and cohort
fixed effects (measured by year of scientists’ first observed publications). The number of publications
is measured for each scientist-year observation as In(1+N Pubs). Models include age controls and a
constant term. In Model 1, In(1+Cum Pubs) is the additional control. In Models 2 and 4, In(1+Cum
MeSH Terms) and In(1+Cum Pubs) are the additional controls. Model 3 incorporates the In(1+Cum
MeSH Stem Terms) variable as a control in place of In(1+Cum MeSH Terms). Standard errors (in
parentheses) are clustered at the scientist level. *** p<0.01, ** p<0.05, * p<0.1.
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