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Abstract of Dissertation

Positioning Translational Research in the Biomedical Ecosystem:
From Basic Research to Biomedical Entrepreneurship

Recent Covid-19 vaccine developments have demonstrated the importance of the rapid
transfer of scientific knowledge to the commercial sector. Since 2006, the National
Institutes of Health (NIH) has been providing over $500 million annually to the Clinical
and Translational Science Awards (CTSA) program to improve the translational research
environment. This dissertation examines the effects of translational research on
exploitable knowledge production and biomedical entrepreneurship at the regional level.
In this work, I specifically focus on two types of knowledge: biomedical patents, and
clinical trials. I further extend the analysis to identify regional conditions promoting
biomedical entrepreneurship. Overall, there are three central research questions addressed
in this study: 1) To what extent does translational research increase biomedical
entrepreneurship? 2) To what extent do biomedical patents and clinical trials serve as
effective forms of knowledge connecting translational research to biomedical
entrepreneurship? 3) What configurations of conditions are associated with high levels of
biomedical entrepreneurship in a region? To answer these questions, I construct three
analytical models—Simple, Complex, and Collective models—based on the knowledge
spillover theory of entrepreneurship (KSTE), as well as entrepreneurial ecosystem
approaches. I test my research hypotheses and propositions across 381 metropolitan
statistical areas (MSAs) in the United States using 10 years of panel data. The NIH’s
CTSA program is used as a proxy measure for translational research, while the NIH’s

Small Business Innovation Research (SBIR) program serves as a measure of regional



biomedical entrepreneurship. The results show that the CTSA program increases regional
SBIR grants, but that the magnitude is small. More specifically, I find that the CTSA
program increases the number of regional biomedical patents, but it does not increase the
number of clinical trials conducted. In addition, biomedical patents have a strong
correlation with regional SBIR grants, but clinical trials do not. Path analysis indicates
that the effect of the CTSA program on regional SBIR grants is not strongly conveyed
through biomedical patents or clinical trials. The in-depth analysis focusing on the
interdependencies among regional conditions presents two different pathways that lead to
high biomedical entrepreneurship: (1) a combination of public biomedical R&D,
biomedical patents, and human capital; and (2) a combination of public biomedical R&D,
biomedical patents, clinical trials, high population density, and large regional economies.
The presence of translational research and the private sector turns out not to be an
essential condition in these pathways. Based on three different analytical approaches, I
conclude that translational research funded by the CTSA program has a fairly limited
impact on exploitable knowledge production and regional biomedical entrepreneurship in
the U.S. From my findings, I present four policy recommendations to enhance the effect
of translational research on regional entrepreneurship and to improve the methods used to

measure the impact of public R&D programs.
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Chapter 1: Introduction

In this first chapter, I introduce the motivations for this research. I then present the
research objectives and research questions, along with a detailed discussion of these
aspects. Lastly, at the end of the chapter, I present the structure of the remainder of this
dissertation.
Research Motivation

Recent Covid-19 vaccine development has demonstrated the true importance of
the speedy transfer of scientific knowledge to the clinical field for the public health
system. Developing a vaccine typically takes 5 to 10 years, from the onset of basic
research to regulatory approval and the beginning of inoculations (The Johns Hopkins
Coronavirus Resource Center, n.d.). However, with the unprecedented global pandemic,
it was critical to speed up the transfer of bench side discoveries to bedside applications.
The first U.S. Covid-19 vaccine approved for emergency use, the Pfizer-BioNTech
vaccine, utilized novel technology called messenger ribonucleic acid (mRNA), originally
developed by BioNTech, a German biotech company (Zimmer et al., 2021).
Simultaneously, the British-Swedish pharmaceutical company AstraZeneca partnered
with the University of Oxford, while the company Johnson & Johnson teamed up with
Beth Israel Deaconess Medical Center in Boston to create their own vaccine (Zimmer et
al., 2021). While there might be many reasons for the fast vaccine development, the rapid
transfer of novel technologies from research institutions and biomedical firms to large
pharmaceutical companies that have the capability to implement large-scale clinical trials
and mass production is one key motivation (The Johns Hopkins Coronavirus Resource

Center, n.d.; Zimmer et al., 2021).



Rapid knowledge transfer and speedy connections between basic research and
clinical/commercial applications have long been discussed. However, it has been the
generally decreasing productivity in the biomedical sector that has put this topic at the
center of the discussion once again (Heller & de Melo-Martin, 2009; Juliano, 2013).
Productivity, as measured by approved new drugs per R&D investment, has been
trending downward since 1980s (Juliano, 2013; Kim, 2019; Munos, 2009; Wegener &
Rujescu, 2013). The slow transfer of basic research into clinical and commercial
applications has been identified as one reason for the anemic performance of the
biomedical sector (Institute of Medicine, 2013). Scholars have pointed out that this slow
connection stems from multiple barriers, including risky and expensive clinical trials,
data-sharing issues, and a lack of experts in specific areas (Coller & Califf, 2009; Heller
& de Melo-Martin, 2009; Institute of Medicine, 2013).

The need for a tighter connection between basic research and near-market activity
demands public intervention. While the public sector in the U.S., including the National
Institutes of Health (NIH), provides a large amount of research funds for the purpose of
basic research (Kaiser, 2018), the private sector, including large pharmaceutical
companies, are often not actively involved in early-stage research (Scherer, 2010), and
they also are not particularly interested in reducing the gap between the two sides (Eynott
& Fages, 2014; Juliano, 2013; Kim, 2019; Lander & Atkinson-Grosjean, 2011).
Biomedical firms and startups sometimes undertake a connecting role to some extent
(Fishburn, 2013; Kettler, 2000; Pisano, 2006). However, there is a too selective and
unstable investment for these small firms’ activities because of the high uncertainty that

largely comes from extensive resource inputs, as well as the long wait period before



getting FDA approval (Ahn & Meeks, 2008; DiMasi et al., 2016). This underinvestment
situation could be viewed as a market failure. Thus, public intervention is needed to
bridge the chasm between basic research and near-market activities, thereby shortening
the time required between the two and increasing the productivity of this sector.

The NIH started to fund translational research in 2006 (Kim, 2019), and since
then, it has been providing over $500 million annually to its flagship translational
research program—the Clinical and Translational Science Awards (CTSA) program—to
help address the obstacles described above. To date, more than 60 universities and
nonprofit research institutions across the United States have been the recipients of grants
from this program (Llewellyn et al., 2018).

One notable feature of the CTSA program is that it is designed to promote
improvements in the clinical and translational science environment. By improving the
conditions of translational research, the CTSA program is meant to increase the
efficiency of the overall process in terms of the speed and the volume in the transfer of
scientific knowledge to more practical applications.

Recent literature has analyzed the contribution of the CTSA program in terms of
the number of academic articles published (Kim, 2019; Kim et al., 2020; Liu et al., 2016;
Llewellyn et al., 2018; Schneider et al., 2017). However, researchers have not addressed
whether or how this specific translational research program contributes to the business of
biomedicine. Additionally, some earlier surveys had methodological limitations, such as
the fact that they were generally restricted only to the funding recipient institutions or did
not comprehensively consider other factors surrounding translational research (e.g., Kim,

2019; Liu et al., 2016; Llewellyn et al., 2018). As translational research is supposed to



facilitate the transfer of basic research to more practical forms of knowledge, it is
necessary to examine its contribution to the biomedical business sector.
Research Objective and Questions

The overarching objective of this study was to examine the effect of translational
research on biomedical knowledge production and biomedical entrepreneurship. More
specifically, I attempted to meet three key objectives. First, I looked to explore the
connection between translational research and biomedical entrepreneurship. Translational
research is designed to increase the volume and speed of the transfer of scientific
discoveries into useful forms of knowledge (National Institutes of Health, 2006). The
new knowledge is then typically developed further by biomedical firms, which means
that they undertake the bridging role between basic research (i.e., knowledge production)
and near-market activity (i.e., knowledge utilization) (Pisano, 2006; Scherer, 2010).
Notably, many pharmaceutical companies fill their pipelines by acquiring promising
biomedical firms or drug candidates, rather than conducting extensive in-house R&D
themselves (Fishburn, 2013; Kettler, 2000; Pisano, 2006; Schuhmacher et al., 2013).
Thus, my hope was that this study would provide useful information regarding whether
translational research contributes significantly to the biomedical industry.

Considering that the biomedical industry is a science-based business, I define
biomedical entrepreneurship as knowledge-intensive entrepreneurial activities that utilize
knowledge to exploit opportunities within the biotechnology sector (Malerba &
McKelvey, 2020; Pisano, 2006). This definition relies on the concept of “knowledge-
intensive innovative entrepreneurship” (KIE), as proposed by Malerba and McKelvey

(2020, p. 508). KIE incorporates notions found in Schumpeterian entrepreneurship,



evolutionary economics, and innovation systems’ approaches. One notable aspect of this
definition is that it emphasizes the involvement of entrepreneurs in the creation,
diffusion, and use of knowledge.

Second, I wished to investigate how translational research influences biotech
entrepreneurship. Translational research can increase knowledge production via
published articles, clinical trials, biomedical patents, or trained experts (Llewellyn et al.,
2018). As noted above, in past studies, researchers have mainly focused on publication
performance (e.g., Kim, 2019; Llewellyn et al., 2018). However, I chose to examine other
types of knowledge production for this study, most specifically, biomedical patents and
clinical trials. I chose these two outputs for two reasons. First, commercialization in the
biomedical sector generally occurs through the licensing of intellectual property rights
(Kettler, 2000; Pisano, 2006; Scherer, 2010), and thus, patents can be regarded as an
important milestone before moving on to any commercialization activity (Reitz &
Czupich, 2014). Second, each clinical trial stage generates critical information regarding
the safety and efficacy of drugs, and they are prerequisites for commercialization in the
biomedical sector (Varmaghani et al., 2020). For these two reasons, I chose to investigate
whether translational research affects knowledge production through biomedical patents
and clinical trials, as well as whether either output connects translational research and
biomedical entrepreneurship.

The final objective of this study was to identify the sets of conditions that support
regional biomedical entrepreneurship. This goal was an attempt to expand the analysis,
from work focusing on a single dominant condition—translational research in this

research context—to the sets of regional conditions that can promote biomedical



entrepreneurship. Each geographical area has a different environment, policies, and
development history (Edler & Fagerberg, 2017), and these factors could have different
effects on the regional economic activity of entrepreneurs (Qian et al., 2013). For
instance, some factors might only be effective under certain conditions or in conjunction
with others (Mason & Brown, 2014; Spiegel, 2017). Alternatively, some regions might
generate similar outcomes even though they have different sets of conditions. As Stam
(2015) noted, interdependency among regional conditions has not yet been thoroughly
studied.
Based on the history and experiences of the U.S.’s CTSA program, I sought
answers to three sets of research questions:
1. To what extent does translational research increase biomedical
entrepreneurship?
2. To what extent do biomedical patents and clinical trials serve as effective forms
of knowledge connecting translational research to biomedical entrepreneurship?
2a. To what extent does translational research affect knowledge
production (approximated through biomedical patents and clinical trials)?
2b. To what extent do the increased levels of knowledge (i.e., biomedical
patents and clinical trials) translate into biomedical entrepreneurship?
3. What configurations of conditions are associated with high levels of biomedical
entrepreneurship in a region?
3a. What are the roles of translational research and other regional
conditions in the configurations for biomedical entrepreneurship?

Overview of Chapters



The remaining parts of this dissertation are organized as follows. Chapter 2
provides the background on why translational research has emerged, and it introduces the
reader to the NIH’s CTSA program. Chapter 3 reviews the literature on translational
research and related fields of study—specifically, the knowledge spillover theory of
entrepreneurship and the entrepreneurial ecosystem approach—which informed the
approaches | used for this study. Chapter 4 introduces the analytical models I used to
address the research questions. In Chapter 4, I propose three models—Simple, Complex,
and Collective—and offer the rationale behind each model’s construction. I also discuss
their strengths, their potential issues, and the strategies used to mitigate those issues.
Chapters 5, 6, and 7 present my empirical analyses based on the three models introduced
in Chapter 4. Specifically, Chapter 5 and Chapter 6 discuss the Simple and Complex
model analyses, respectively: Chapter 5 mainly reports the results from the difference-in-
difference method I applied, while Chapter 6 provides the results from the path
analysis/structural equation modeling. Chapter 7, which provides details on the Collective
model, reports the findings from the applied fuzzy-set qualitative comparative analysis
(fsQCA). In each of these three chapters, I introduce the empirical methods and data,
followed by the estimation results, and then a discussion of those results. Finally, in
Chapter 8, I discuss the main findings and policy implications of this research, this
work’s contributions to the literature, the study’s limitations, and suggestions for future

research on this topic.



Chapter 2: Background: Translational Research in the Biomedical Sector

This chapter discusses the subject of the declining productivity in the biomedical
sector and the potential causes that researchers have identified for this situation. Here, I
present the concept of translational research and why public intervention is needed to
support it. At the end of the chapter, I present the application of the National Institutes of
Health’s (NIH) Clinical and Translational Science Awards (CTSA) program.
Declining Productivity in the Biomedical Sector

Scholars have recently raised concerns about decreasing productivity in the
biomedical sector (Heller & de Melo-Martin, 2009; Juliano, 2013). The number of annual
U.S. Food and Drug Administration (FDA) approvals for new molecular entities have
stagnated despite sharp increases in pharmaceutical research and development
expenditures (Juliano, 2013; Munos, 2009; Wegener & Rujescu, 2013). For instance, in
2010, there were only 21 new molecular entities approved by the FDA, even though the
public and private sectors invested more than $80 billion in drug development (Eynott &
Fages, 2014). While new drug approvals by the FDA have shown an upward trend over
the last decade, the average number of FDA approvals per R&D investment—i.e.,
productivity—has been in a continuous downward trend (Kim, 2019). As Munos (2009)
puts it, “[t]he innovation crisis of the pharmaceutical industry is occurring in the midst of
a new golden age of scientific discovery” (p. 965).

Among other potential reasons for the decreasing productivity in the biomedical
sector noted by researchers (Eynott & Fages, 2014; Munos, 2009; Pisano, 2006), the slow
conversion of basic research into clinical and commercial applications has been pointed

out as one root cause (Institute of Medicine, 2013). Several barriers are known to have



led to this conversion slowdown: risky and expensive clinical trials; data-sharing
problems; insufficient resources; regulatory burdens; and a lack of a skilled,
knowledgeable workforce (Heller & de Melo-Martin, 2009; Institute of Medicine, 2013).
Due to these barriers, the difficulty in translation from the bench (i.e., the laboratory) to
the bedside (i.e., the hospital) has often been expressed as crossing the “valley of death”
(Coller & Calift, 2009).

When discussed in more generic terms in the technology transfer literature, the
barriers mentioned above are analogous to “knowledge filters” that hinder the conversion
of academic research into commercially valuable knowledge (Acs et al., 2009; Almeida
& Kogut, 1999; Audretsch & Lehmann, 2005; Carlsson et al., 2009). Audretsch and
Lehmann (2005) define a knowledge filter as “the gap between new knowledge and what
Arrow (1962) referred to as economic knowledge or commercialized knowledge” (p.
1195). Acs et al. (2009) view the concept in terms of entrepreneurship; they argue that
such impediments are factors affecting entrepreneurship, which is a function of
knowledge stock, R&D exploitation by incumbents, and barriers to entrepreneurship.

According to Carlsson et al. (2009), there are three main types of knowledge
filters discussed in the academic setting: institutional value filters, economic value filters,
and commercial value filters. The institutional value filter generally indicates both overly
rigid university policies and the lack of incentives for commercialization (Carlsson et al.,
2009). The economic and commercial value filters include whether the invention
disclosure can be converted into intellectual property (IP), and whether the IP can be
commercialized through the process of licensing and the creation of new ventures

(Carlsson et al., 2009). In this process from research to commercialization, relatively very



few scientific discoveries successfully pass through the filters to get licensed and/or to be
utilized commercially (Braunerhjelm et al., 2010; Carlsson et al., 2009).

Knowledge filters are similar to the barriers identified by the above-mentioned
researchers and institutions, including Heller and de Melo-Martin (2009) and the Institute
of Medicine (2013). Comparing knowledge filters and barriers in the biomedical sector
implies that the issues in translational research can be viewed with the lens of other
fields, such as knowledge transfer or innovation.

The Emergence of Translational Research in the Biomedical Sector

Translational research has emerged as an important driver to facilitate conversion
and increase biomedical productivity (Fishburn, 2013; van der Laan & Boenink, 2015;
Woolf, 2008; Zerhouni, 2003). Translational research is generally understood as a
concerted effort to produce new products, services, or treatments from basic research in a
rapid manner (Fishburn, 2013). Van der Laan and Boenink (2015) succinctly summarize
the emergence of translational research as a reflection of the desire to get more benefit
from society’s investment in basic research.

The conceptualization of “translational research” varies among researchers and
continues to evolve (Van der Laan & Boenink, 2015). Originally, translational research
was viewed as a two-phase process: T1, the translation from basic science to human
studies; and T2, the translation of new knowledge into clinical practice and health
decision-making (Sung et al., 2003). The National Institutes of Health (2006) has a
similar definition, found in its first request for applications for the Institutional CTSA
program; it states that translational research is 1) “the process of applying discoveries

generated during research in the laboratory, and in preclinical studies, to the development
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of trials and studies in humans,” and 2) “research aimed at enhancing the adoption of best
practices in the community.”

In the biomedical sector, researchers have recently more narrowly conceptualized
the translation framework, as shown in Figure 1 (Blumberg et al., 2013, p. 37). This
framework spans from TO to T4: TO to T2 appears roughly equivalent to T1 in the earlier
framework, and T3 to T4 seems to correspond roughly to T2 in the earlier framework.
This more elongated framework has been reflected in the NIH’s recent CTSA funding
opportunity announcement (National Institutes of Health, 2012).

The core elements in the newer translational research framework are from TO to
T2—processes to convert discoveries in the laboratory into clinical trials (Fishburn,
2013). In their work, Van der Laan and Boenink (2015) reviewed 107 translational
research articles, finding that many researchers focused on a narrow conception that
usually covered the area “between basic science...and new approaches for pre-clinical
work” (p. 37). Similarly, the FDA also identified this narrow part as a “critical path” to

drug development (Woodcock & Woosley, 2008, p. 4).
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Figure 1. Translational Research Framework for the Biomedical Sector

Source: Blumberg et al. (2012, p. 37)

Public agencies in the U.S. like the NIH strongly support basic research, while the
private sector heavily invests in marketable products or services. However, the middle
part—the so-called “valley of death” mentioned above—is often regarded as too risky for
the private sector to invest in because it requires huge investments (Butler, 2008), along
with the uncertainty of getting a good return on such investments. For instance, a recent
analysis of 106 new drugs revealed that the average R&D cost for a new drug was $2.87
billion (in 2013 dollars) on a post-approval basis (DiMasi et al., 2016).

To help limit their financial exposure, many pharmaceutical companies have
chosen not to participate actively in the early-stage biomedical development process, but

instead to utilize diverse strategies that ultimately help them stay hugely profitable
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(Schuhmacher et al., 2016). For example, they often fill their pipelines by acquiring
promising biomedical firms or drug candidates, rather than funding in-house R&D, and
focus their attention on late-stage clinical trials (Fishburn, 2013; Kettler, 2000; Pisano,
2006). According to Schuhmacher et al. (2013), half of the world’s pharmaceutical firms’
pipelines were filled with external R&D projects in the last decade. After tracking FDA
approvals between 2001 and 2005 and related patents, Scherer (2010) found that large
pharmaceutical companies rely heavily on discoveries made outside their companies.

Meanwhile, biomedical firms and startups often undertake the middle part of the
chain by being the connecting link between academia and industry. These biomedical
firms generally license IP from universities or research institutions, and then after adding
value, sell their intermediate products or services to big pharmaceutical companies
(Pisano, 2006). Indeed, Scherer (2010) confirmed that a large portion of nonacademic
patents related to the FDA approval process was linked to biomedical companies. Still,
while biomedical firms play an important role in the overall process, the issue is that
there is an “irregular nature of biotech financing markets” in the biomedical sector (Ahn
& Meeks, 2008, p. 23). Therefore, early-stage biomedical firms sometimes face real risk
when attempting to secure venture capital (Ahn & Meeks, 2008).

The domain between basic research and the near-market (i.e., from TO to T2 in
Figure 1) can be recognized as a market failure because of the sub-optimal distribution of
resources. Thus, public intervention is justified to mitigate the uncertainty and the large
amount of resource inputs when developing scientific knowledge, products, and services.

Proper policy measures have the potential to shorten the time required for the
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development of biomedical products and services, thereby contributing to the greater
public good. Public supports for translational research are meant to achieve the goals.

There are different approaches to achieve translational research (Van der Laan &
Boenink, 2015). In the so-called externalist view, which is dominant in the translational
research literature, the emphasis is on the need to eliminate obstacles for translation or to
improve the translational research conditions. This view considers that current obstacles
are solvable, and thus, support from the outside, such as funding and deregulation, is
needed to address the obstacles. On the other hand, the so-called internalist view focuses
on the science itself. At its core, this view is that there are scientific hurdles when
transforming basic research into clinical applications, and the key is to find new
approaches to break through scientific bottlenecks (Van der Laan & Boenink, 2015).
Despite their different approaches, these two views might not be exclusive, but rather,
complementary. For instance, internal problems could be better addressed with strong
external support, which could then improve the overall translational research
environment (Van der Laan & Boenink, 2015).
The NIH CTSA Program

To mitigate declining productivity stemming from slow conversion from basic
research, in 2006, the NIH initiated a translational research program called the Clinical
and Translational Science Awards (CTSA) program. Through it, the NIH provides about
$500 million annually to approximately 60 universities and nonprofit institutes (see
Figure 2 and the list of CTSA program recipients by year in Appendix A) (Llewellyn et
al., 2018; National Institutes of Health, 2019). As Figure 2 shows, the NIH selected large

cohorts of grantees between 2006 and 2011, and the total number of recipients has
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remained relatively stable since then, with some additional selections and occasional

dropouts.

Number of recipients
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New CTSA Cohort Total number of CTSA recipients (Cumulative)

Figure 2. The Number of CTSA Grantees, 2006-2019

Source: Author, based on the National Institutes of Health RePORTER (n.d.-d)

The CTSA program is designed “to transform the local, regional, and national
environment for clinical and translational science, thereby increasing the efficiency and
speed of clinical and translational research” (National Institutes of Health, 2006). To
achieve its goals, the program supports “training, research and infrastructure to help
researchers engage in clinical research—and cross the valley of death” (Butler, 2008, p.
841). In particular, the funded projects and initiatives sponsor activities that influence the
translation environment, such as the Streamlined, Multisite, Accelerated Resources for
Trials Internal Review Board (SMART IRB); the Trial Innovation Network; and the

Common Metric Initiative (National Institutes of Health, 2018, n.d.-a). For instance,
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SMART IRB provides a platform to help researchers and institutions conducting research
at multiple sites that require integrated collaboration. One thing to note is that unlike
other NIH awards supporting projects based on diseases, specialties, and investigators,
the CTSA program supports improvements specifically in the translational environment
(National Institutes of Health, 2006).
Conclusion

This chapter discussed the issue of declining productivity in the biomedical sector
and the emergence of translational research. In it, I introduced the conceptual framework
of translational research and explained how public intervention in the translational
research field is justified. In the final part of the chapter, I described the key features of
the NIH CTSA program. In the following chapter, I review the translational research
literature and other related fields of study that have been useful while pursuing this

investigation.

16



Chapter 3: Literature Review

In this chapter, I review the literature on translational research in the biomedical
sector. I also discuss the literature that provided the theoretical foundation of this
dissertation—most specifically, the knowledge spillover theory of entrepreneurship
(KSTE) and the entrepreneurial ecosystem approach.

The Literature on Translational Research in the Biomedical Sector

In the area of biomedicine, studies on translational research cover a wide range of
topics, from investigations of laboratory and clinical medicine to the dissemination of
research findings to the evaluations of projects and programs. This section reviews the
literature related to the outputs and the effects of translational research, especially
focusing on the National Institutes of Health’s (NIH) Clinical and Translational Science
Awards (CTSA) program. While doing so, I discuss what has not been addressed in the
literature to date, which are areas that merit further investigation.

A number of scholars have studied the effects of translational research on
academic publications, especially by analyzing the CTSA program (Kim, 2019; Kim et
al., 2020; Liu et al., 2016; Llewellyn et al., 2018; Schneider et al., 2017). In their studies,
a strong emphasis has been paid to the number of articles published, among other outputs,
resulting from the CTSA program. By relying mainly on bibliometric analysis,
investigators have shown that the NIH CTSA program has increased the recipients’
numbers of publications. For example, Liu et al. (2016) demonstrated that CTSA funding
has increased both publications and research collaborations, while Schneider et al. (2017)
reported on a pilot study based on six CTSA hubs’ publications to investigate whether

bibliometrics is a reliable approach for evaluating the CTSA program’s performance.
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Researchers have shown that publications acknowledging the CTSA program get more
citations compared to others, and furthermore, that CTSA-funded researchers’
collaborations with other institutions and the high volume of grants also increase the
number of publications and citations (Llewellyn et al., 2018). Additionally, in their work,
Kim et al. (2020) proposed a new indicator, called the translational science score, to
measure how an article has translational characteristics by comparing the forward
citations received from journals in clinical science. Using this new indicator, Kim (2019)
reported that the CTSA program had increased the number of translational research
publications by the program recipients.

While publications are one critical channel to advance and spread knowledge in
the biomedical sector (Llewellyn et al., 2018), the extant literature has yet to address
whether or how the CTSA program contributes to economic activity. Economic activity
matters because translational research was initiated to facilitate the conversion of basic
research into clinical/commercial areas (National Institutes of Health, 2006; Van der
Laan & Boenink, 2015). Therefore, a line of research that could link the increases in
publications to biomedical development would be hugely beneficial to both researchers
and policymakers. In addition, an analysis focusing on other outputs, such as patents and
clinical trials, would also provide useful insights into the relationship between
translational research and economic activity, as these things are also significant
milestones in the long and complex biomedical development process (Llewellyn et al.,
2018; Reitz & Czupich, 2014).

Moreover, the extant literature lacks a general theoretical framework to analyze

the effects of translational research in a comprehensive fashion. Instead, investigators
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have narrowly restricted their analyses only to the CTSA program recipients (e.g., Kim,
2019; Llewellyn et al., 2018). Such studies have used program recipients, like
universities, as their unit of observation. Furthermore, these examinations have not taken
into account the fact that translational research is a part of the complex biomedical
ecosystem. Indeed, diverse stakeholders (e.g., universities, biomedical firms, and
pharmaceuticals) take part in the translational process that moves a product or a service
from its scientific discovery to clinical trials (Fishburn, 2013; Pisano, 2006). Given that
translational research covers a wide spectrum within the broader biomedical ecosystem,
we need to take into account how translational research interacts with other components
in the system (Simons et al., 2020). In this vein, a more systemic focus on relevant
interactions could lead to a more comprehensive analysis of the effects of translational
research.

Additionally, I assert that a relevant conceptual framework linking translational
research to economic activity is needed to analyze the connections between translational
research and its effects on economic and business activities more comprehensively. For
this reason, I reviewed additional literature to ascertain the applicability of KSTE and the
entrepreneurial ecosystem approach, which are utilized in the construction of the
analytical models for this study.

The Literature on the Knowledge Spillover Theory of Entrepreneurship

KSTE provides a useful theoretical foundation for explaining knowledge
production and utilization (Ghio et al., 2015). The main tenet of KSTE is that
entrepreneurs choose to create new firms to exploit opportunities from the knowledge

that incumbent firms or academic research organizations have generated but have not yet
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commercially exploited (Acs et al., 2009; Audretsch, 1995; Audretsch & Lehmann,
2005). In this context, knowledge is assumed to be “spilled over” from its source, and
economic agents (i.e., entrepreneurs) start new businesses to respond to open
opportunities. In this sense, KSTE relies on two key elements—knowledge spillover and
entrepreneurship.

Knowledge spillover is understood as “positive externalities of scientific
discoveries on the productivity of firms which neither made the discovery themselves nor
licensed its use from the holder of intellectual property rights” (Zucker et al., 1998a, p.
65). A firm that has easy access to a knowledge source likely has an opportunity to
commercialize that source’s knowledge more easily or rapidly than competitors. In this
sense, knowledge spillovers have been considered an important factor in the business
world, especially in regional clusters or in regional competitiveness contexts (Marshall,
1920, as cited in Almeida & Kogut, 1999). Porter (2000) conceptualized this idea as
“cluster theory,” arguing that firms can benefit from sectoral specialization and
knowledge spillovers.

There are several reasons why incumbent firms that have invented scientific
advancements do not use that newly found knowledge themselves. For one, differences
between the expected value of new knowledge and the costs related to the use of that
knowledge affect knowledge producers’ and utilizers’ decisions (Audretsch & Lehmann,
2005). The valuation process involves three aspects that are closely related to the nature
of knowledge. Firstly, knowledge has inherent uncertainty, and there are high transaction
costs to transform knowledge into commercial products or services; for this reason, there

is variability in the assessment of the expected value of knowledge (Audretsch &
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Lehmann, 2005; Braunerhjelm et al., 2010). Thus, incumbent firms that produce
knowledge may decide not to use or commercialize it when they do not recognize the
economic value of that knowledge or when that advancement is inconsistent with their
business trajectories or core competencies (Acs et al., 2009).

In contexts where incumbent firms do not utilize their inventions, the role of
entrepreneurship and KSTE can come into play. An economic agent who estimates the
expected value as high and the expected cost as low may decide to commercialize the
knowledge. Thus, entrepreneurship involves and “serves as the mechanism through
which knowledge spills over from sources that produced it (such as a university or
research laboratory in an incumbent firm) to a new organizational form where it is
actually commercialized” (Acs et al., 2009, p. 18). For example, in one study on the laser
industry, Klepper and Sleeper (2005) found that former employees of incumbent firms
had a great deal of information about the expected values of previously untapped new
knowledge and willingness to exploit it.

KSTE can also be applied to the academic setting. Scientific discoveries made by
research institutions are generally found during early research stages, and thus, they
require further development before commercialization. The knowledge produced by
universities also has the characteristics of uncertainty, asymmetries, and high transaction
costs. Various agents, including university inventors and outside entrepreneurs, may
place a different level of expected value on a particular piece of knowledge. Here,
entrepreneurs can play an important role in exploiting unused knowledge discovered in a
university setting. In sum, KSTE suggests that unexploited knowledge generated by

incumbent firms or research institutions may be utilized by entrepreneurs who assess the
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value of that knowledge as high (Acs et al., 2009; Audretsch, 1995; Braunerhjelm et al.,
2010).

Based on KSTE, we would expect that more knowledge production and spillover
would lead to higher levels of entrepreneurship. By definition, translational research is
expected to generate more usable forms of knowledge, such as through publications,
patents, and clinical trials. Translational research may thus influence the stock of
knowledge available to entrepreneurs. This, in turn, could affect entrepreneurship, since
entrepreneurs can utilize translated or converted knowledge to start a new business, for
instance, in the biomedical sector. Thus, KSTE can help us understand how translational
research can affect biomedical entrepreneurship through the conversion and utilization of
advanced knowledge.

The Literature on the Entrepreneurial Ecosystem Approach

Another useful thread of research that provides helpful insights for the current
study is the entrepreneurial ecosystem approach. An entrepreneurial ecosystem is a
dynamic system with diverse stakeholders, which can include entrepreneurs, universities,
government, and consumers (Audretsch & Belitski, 2017). Each innovation system has
different conditions, environments, and path dependencies (Edler & Fagerberg, 2017).
For instance, both Silicon Valley and Boston have successful ecosystems, but their
environments—especially their entrepreneurial cultures—and their development histories
have been quite different (Saxenian, 1994). Explaining what makes a particular region or
city achieve more than its counterparts has been an important focus for researchers and

practitioners around the globe (Brown & Mason, 2017; Feldman, 2014).
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The entrepreneurial ecosystem approach is one of the conceptual tools to
understand differences in regional economic activities by positioning entrepreneurs at the
center (Brown & Mason, 2017). Researchers have proposed several key elements of the
entrepreneurial ecosystem. For instance, Audretsch and Belitski (2017) have stated that
an entrepreneurial ecosystem is “a dynamic community of interdependent actors
(entrepreneurs, suppliers, buyers, government, etc.) and system-level institutional,
informational and socioeconomic contexts” (p. 1033). More broadly, Stam (2015)
defined the entrepreneurial ecosystem as “a set of interdependent actors and factors
coordinated in such a way that they enable productive entrepreneurship” (p. 1765). The
core elements include the interactions and collaborations among the players within a
given system.

The entrepreneurial ecosystem approach proposes a holistic approach to analyze
how entrepreneurs interact with other components in their innovation systems (Acs et al.,
2014; Audretsch & Belitski, 2017; Mason & Brown, 2014). Based on this framework,
researchers have proposed a list of conditions or attributes for a successful ecosystem
(e.g., Feld, 2012; Isenberg, 2011; World Economic Forum, 2013). For instance, Isenberg
(2011) suggested six central areas for a successful ecosystem: policy, finance, culture,
support, human capital, and markets. These areas help explain how ecosystems work, and
they also suggest the important ingredients for regional entrepreneurship. Investigators
examining ecosystems using this lens have reported a set of contributing factors for
healthy ecosystem development. For example, Spigel (2017) found venture capital and
the role of large tech firms as key factors for the success of Waterloo, Canada’s

entrepreneurial ecosystem.
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Another important aspect is the sectoral perspective of the entrepreneurial
ecosystem. This perspective is especially important to discuss here because of this
dissertation’s specific focus on the biomedical sector. Pisano (2006) described its sectoral
difference by stating that the biotech sector has its own particular anatomy, one that is
quite distinct from other sectors like information technology.

Overall, every sector has different knowledge and technology bases, as well as
different types of actors, networks, and institutions (Malerba, 2004). Thus,
entrepreneurial ecosystems are formed or worked based on industry-specific characters
and characteristics (Mason & Brown, 2014). Hence, the attributes needed for a successful
entrepreneurial ecosystem like Silicon Valley may not be fully relevant to other sectoral
innovation systems. Thus, it is necessary to consider the specific attributes associated
with the sector that a researcher is investigating.

Given the need to examine a sector’s specific success factors, I reviewed the
relevant literature on the biomedical field and found a set of key attributes for successful
biomedical entrepreneurship and ecosystems. The research reviewed highlighted the
following aspects: scientific knowledge, human capital, the leading role of established
biomedical firms, and finance infrastructure.

First, the biomedical industry and its ecosystem need high-quality scientific
knowledge to succeed. Audretsch (2001) argued that the biomedical industry requires
specialized scientific knowledge, and as Pisano (2006) noted, the success of science-
based businesses like those in the biotech and nanotech fields depends greatly on the
quality of the science. Produced scientific knowledge in the business of biomedicine can

be generated by both the public and private sectors’ R&D investments (Sherer, 2010).
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Here, Audretsch and Stephan (1999) investigated biotech companies that made initial
public offerings (IPOs) in the early 1990s and found that approximately half of the
scientific founders’ professional backgrounds were in academia. Indeed, the need for
specific expertise might be one reason why many biomedical firms are located near top
research institutions, and why these firms tend to have academic scientists as their
founders and scientific advisors, thereby providing a close link between academia and
industry (Sherer, 2010).

Second, human capital is also an important factor for the biomedical ecosystem.
Researchers have discussed how human capital is a form of knowledge (Braunerhjelm et
al., 2010). Educated laborers, such as graduating students and skilled researchers, may
bring their knowledge to the labor market, and this can result in knowledge spillovers
without the formal distribution of knowledge. In this respect, labor mobility is a key
vehicle to distribute needed human capital (Audretsch & Lehmann, 2005; Saxenian,
1994). Thus, we have Saxenian’s (1994) comparison between Silicon Valley and Greater
Boston’s Route 128, where she found that the labor mobility of human capital is one
major source of knowledge spillover in the computer industry. Additionally, other studies
have empirically demonstrated that knowledge spillover is influenced by the mobility of
engineers among local firms, and specifically, by regional labor networks (Almeida &
Kogut, 1999). Furthermore, recently, the role of human capital in fostering
entrepreneurship has been emphasized by the absorptive capacity theory of knowledge
spillover entrepreneurship (Qian & Acs, 2011). The overall central point is that human

capital is important for both knowledge production and entrepreneurial capacity.
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Third, the existence of large biomedical firms within a region can also lead to
success of biomedical business. The so-called anchor tenant hypothesis provides a
theoretical approach for explaining the role of large firms, and Feldman (2003) used the
anchor firm framework to understand agglomeration in the biomedical industry. She
suggested that established firms in a particular region can work like a magnet to attract
the labor force and related industries they need, and also that these established firms
spread knowledge, which is helpful to new entrants. As Agrawal and Cockburn (2003)
pointed out, large firms can facilitate technology transfer between local universities and
businesses. In the context of the biomedical development process, big pharmaceutical
firms play similar roles. For instance, as mentioned earlier, pharmaceutical firms
typically fill their pipelines by acquiring advanced knowledge from startups and
biomedical firms that develop intellectual property rights from research institutions
(Fishburn, 2013; Kettler, 2000; Pisano, 2006). The biomedical ecosystem of Boston
provides a good example of this kind of cooperation.

Fourth, a biomedical ecosystem requires strong financing to support its resource-
intensive projects. As is well known, developing a new drug or medical device requires a
huge amount of investment in terms of both financial resources and time. Regarding the
costs, Pisano (2006) found that R&D spending in 2004 for a new drug was $1.2 billion. A
more recent analysis of 106 new drugs in 2016 revealed that the R&D cost for a new drug
was $2.87 billion (in 2013 dollars) on a post-approval basis (DiMasi et al., 2016). Even
though we find some variation in the estimations, it is clear that this amount of
investment is too large a commitment for any single institution to fund the entire drug

development process. Secondly, another reason for needing a strong financial system is
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both the long amount of time required to develop a new drug and the very low chance of
having that drug make it all the way to the market (DiMasi et al., 2003; Sacks et al.,
2014).

In sum, these four factors feed into a successful biomedical business ecosystem.
Along with other environmental factors, all four need to be taken into account when
constructing an analytical framework to analyze the effects of translational research.
Conclusion

In this chapter, I reviewed the translational research literature, with special
attention paid to studies that examined the NIH CTSA program. In addition, I reviewed
the literature on the knowledge spillover theory of entrepreneurship and the
entrepreneurial ecosystem approach, as research on these topics is quite useful for us to
better understand biomedical ecosystems. Using these theoretical foundations, in the
following chapter, I discuss the three analytical models I constructed for the present

research.
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Chapter 4: Analytical Models

This chapter presents the three analytical models used in this research. In the
sections below, I describe the core concepts, rationale, and logic of each model.
Following this explication, I provide the research hypotheses and propositions. In
addition, I highlight the potential issues related to each model.
The Simple Model

According to the knowledge spillover theory of entrepreneurship (KSTE),
entrepreneurs utilize unused new knowledge to start businesses, which is recognized as
entrepreneurship (Acs et al., 2009; Audretsch, 1995). Based on KSTE, we would expect
that translational research contributes to entrepreneurial activity because translational
research is supposed to increase usable knowledge, which can then be utilized by
entrepreneurs. It is important to note that translational research supports the improvement
of the translational research environment, facilitating the conversion of basic discoveries
into more practical, applicable forms of knowledge. Thus, KSTE helps us to unpack the
relationship between translational research and biomedical entrepreneurship.

To generate a testable hypothesis, I employ the National Institutes of Health’s
(NIH) Clinical and Translational Science Awards (CTSA) program to approximate
translational research. Translational research and related activities can be performed in
either the public or private sector. The companies in the private sector, such as
pharmaceutical companies, undertake certain activities to translate basic research into
commercial products and services. However, these activities are more or less in-house
operations that allow the firms to fill their pipelines. Private companies differ from other

types of research institutions, such as universities and hospitals, which actively share
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their findings from translational research activities through publications and other means.
For the current study, I exclude activities performed in the private sector from the
boundary of translational research. Instead, I focus on translational research activities in
the public sector—specifically, as noted above, the NIH CTSA program—to ascertain
how the public sector affects biomedical business development.

Additionally, I use the NIH’s Small Business Innovation Research (SBIR)
program to approximate biomedical entrepreneurship. The approximation is based on
Qian and Haynes’s (2014) finding that the number of SBIR grants is strongly correlated
with high-tech entrepreneurship at the U.S. regional level.

It needs to be noted that the CTSA program does not represent the entirety of
translational research activities conducted in the U.S. While the CTSA program provides
$500 million annually, in 2019, it was only 1.2% of the NIH’s total $39.1 billion budget
(Kaiser, 2018; Llewellyn et al., 2018). It is also important to note that because
translational research is funded and conducted by a wide variety of stakeholders outside
of the CTSA program, we should be cautious about interpreting the results of this study
too broadly. Moreover, the NIH SBIR grants represent only a small share of biomedical
entrepreneurship’s backing, since many biomedical firms get needed resources directly
from the private sector or through other public organizations. Clearly, then, SBIR grants
are not the only way to start a new biomedical business.

Figure 3 shows a schematic description of the Simple model used in this study.
Along with the main structure of the model, regional variables (or conditions) are added

to the model, as well.
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Figure 3. Schematic Description of the Simple Model

While the SBIR program supports the entrepreneurial activities of small
businesses, it is also intended to stimulate technological innovation. Specifically, the
SBIR program selects small firms with “technical merit, feasibility, and commercial
potential” (National Institutes of Health, n.d.-b, para 3). Considering that biomedical
firms and startups generally undertake bridging roles between academia and near-market
stakeholders, their activities can represent how new technological innovations occur in
the continuum of the biomedical development process. Therefore, the SBIR program,
which supports small businesses like startups, can be a good measure of entrepreneurial
activity based on innovative technologies, such as biotechnology.

One successful firm awarded NIH SBIR program support is 23andMe, a biotech
company specializing in genotyping, with a valuation of $1.1 billion (Small Business
Administration, n.d.). The NIH SBIR program provided $4.1 million to 23andMe to
improve genetic science, such as racial diversity and effective data analysis (Small
Business Administration, n.d.).

Here, it is important to note that for this study, I use the SBIR grants received—as
opposed to applications for these grants—as a proxy for entrepreneurial activity (Fischer
et al., 2018). As the SBIR program provides no-equity grants to small innovative firms,

which is unlike how private venture capital firms operate, entrepreneurs have a strong
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motivation to apply to the program. However, between 2010 and 2018, fewer than 20%
of the applications succeeded in receiving NIH SBIR grants (National Institutes of
Health, n.d.-c). From this, I conjecture that the funded projects are better predictors of
biomedical entrepreneurial activity than the 80% of unsuccessful applications. Another
reason to use the SBIR grants received is that the data of the SBIR grantees’ are openly
available to the public, while the applicants’ data are not. That said, there is also a
possibility that this manner of counting the SBIR grants might exclude other regional
biomedical entrepreneurial activities.

In the construction of the models, it is necessary to take into account other factors
that can influence entrepreneurship. Researchers have emphasized that entrepreneurship
is a local phenomenon (Feldman, 2014; Stam, 2007), and that entrepreneurial activity can
effectively be identified at the local level (Acs & Armington, 2004). In this vein, I utilize
the entrepreneurial ecosystem approach by taking into account relevant local attributes
when analyzing the effect of translational research on biomedical entrepreneurship at the
regional level.

One of the challenges in testing both the Simple model (presented in this section)
and the Complex model (presented in the next section) is impact attribution. Simply put,
it is difficult to measure how much the translational research program contributes to
increases in exploitable knowledge, such as biomedical patents and biomedical
entrepreneurship, at the regional level. As described in Chapter 2, the CTSA program is
meant to improve the overall translational research environment rather than to focus on
specific diseases or researchers (National Institutes of Health, 2006). For instance,

Streamlined, Multisite, Accelerated Resources for Trials Internal Review Board (SMART
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IRB), which is one of the CTSA program initiatives, might help streamline and facilitate
the review process for clinical trials, but it is difficult to measure the exact contribution of
this particular initiative for any specific output. Furthermore, there might be other factors
contributing to a particular outcome, such as other awarded NIH grants.

To overcome the issue of attribution, I compare the outputs of two specific
groups: a treatment group with CTSA program awards, and a comparison group made up
of regions without CTSA program awards. A proper comparison of these two groups can
reveal the differences in outputs that result from the impact of CTSA grants. This
comparison can be effectively implemented using the difference-in-difference method,
which can show common trends before treatment and any deviations after treatment. |
also control other factors that could affect the numbers of regional biomedical patents,
clinical trials, and SBIR grants by adding several regional environment variables. My
detailed methodological approaches are explained in Chapters 5 and 6.

In short, the Simple model generates the following research hypothesis:

H1: CTSA program funding increases the NIH SBIR program grants in a

region.
The Complex Model

As noted previously, the Simple model does not specify the mode of connection
between translational research and biomedical entrepreneurship. In other words, it does
not consider the path between translational research and biomedical entrepreneurship. On
the other hand, the Complex model discussed here delves more into the mechanism or
channel that connects the two. The Complex model suggests that translational research

contributes to the increase of commercially exploitable knowledge, which then allows
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entrepreneurs in a region to have a wider amount of relevant knowledge stock to draw
upon. Figure 4 provides a schematic description of the Complex analytical model. Along

with the main structure, regional variables (or conditions) are added to this model.

Regional ecosystem (conditions)
Exploitable Knowledge

(Bio patents, clinical trials)

Translational Research .| Biomedical Entrepreneurship
(NIH CTSA) [Other forms of knowledge] (NIH SBIR)

Figure 4. Schematic Description of the Complex Model

Commercially exploitable knowledge can include diverse forms, including
publications, patents, or clinical trials, which are influenced by the CTSA program in a
region. For the current research, I specifically investigate biomedical patents and clinical
trials. Commercialization in the biomedical sector generally occurs through the licensing
of intellectual property rights (Kettler, 2000; Pisano, 2006; Scherer, 2010). Thus, patents
can be regarded as an important milestone before moving on to commercialization
activity (Reitz & Czupich, 2014). The serial processes of clinical trials generate critical
information for the further development of biomedical products or services (Varmaghani
et al., 2020). As noted in Chapter 2, biomedical developments move from basic research
through several phases (generally called phases I, II, and III) of clinical trials before
getting regulatory approval. Each phase of a clinical trial provides information regarding

a drug or device’s safety and efficacy, and clinical trials are a prerequisite for
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commercialization in the biomedical sector. Entrepreneurs thus benefit from clinical trials
to develop their products or services further.

KSTE allows us to link increased biomedical knowledge to biomedical
entrepreneurship. If entrepreneurs have a larger amount of biomedical knowledge with
which to work, they may have a higher chance to start their businesses. Thus, increased
biomedical knowledge could lead to higher biomedical business activities.

From the above discussion, I put forward four research hypotheses for the
Complex model, as follows:

H2a: CTSA funding increases biomedical patents in a region.

H2b: CTSA funding increases clinical trials conducted in a region.

H3a: Increased levels of biomedical patents boost the NIH SBIR grants in a

region.

H3b: Increased levels of clinical trials boost the NIH SBIR grants in a region.
The Collective Model

Previous research has emphasized the importance of interactions among factors
when discussing success factors of entrepreneurial ecosystem, but interdependency
within an ecosystem has not been analyzed thoroughly (Stam, 2015). First, it is possible
that some factors might only be effective or dominant under certain conditions and only
in some specific regions (Spigel, 2017). The differential impact of factors might be due to
the complex environment, which is related to entrepreneurial activity or different
development stages of the surrounding system. For instance, venture capital might not be
an essential element at the early stage of entrepreneurship, but it could become more

important as a firm grows (Mason & Brown, 2014). Second, there might be cases that
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produce similar outcomes in terms of entrepreneurship, even though they have different
sets of regional conditions. Of course, none of the entrepreneurial ecosystems around the
world have exactly the same conditions. Third, it is hard to generalize the results from the
extant research on entrepreneurial activity, particularly since many studies employ a case
study method, focusing only on a single region to identify relevant factors for regional
entrepreneurship (Feldman & Francis, 2003; Kim, 2015; Mack & Mayer, 2016; Spigel,
2017). Given that regions have different conditions, we should not expect the same
outcomes when applying particular findings to other regions. In sum, it is clear that more
attention should be paid to the systemic analysis of the configurations of factors that
contribute to successful ecosystems.

This study proposes the Collective model to expand the analysis from focusing on
a single dominant condition—translational research in this research context—to sets of
regional conditions that promote biomedical entrepreneurship. The Collective model is a
framework that allows us to investigate the conditions or factors contributing to
biomedical entrepreneurship in a region. This model assumes that regions have different
sets of conditions, depending on their development paths, policies, organizations,
institutions, and so on, although some regions may share a similar combination of
conditions. Additionally, some specific combinations might consistently generate higher
outcomes while other combinations might produce lower ones. By using the Collective
model, I attempt to uncover the effective sets of factors that contribute to biomedical
entrepreneurship, very much including translational research. Thus, the key task of the
Collective model is to identify which sets of conditions consistently create better outputs

(i.e., high levels of biomedical entrepreneurship).
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The construction of the Collective model begins with a review of how biomedical
sectors work to identify potential factors for high levels of biomedical entrepreneurship.
The development process in the biomedical sector generally flows from (a) scientific
discoveries to (b) several stages of clinical trials to (c) sales and marketing (Fishburn,
2013; Pisano, 2006; Scherer, 2010). Universities and research institutions with public
funding usually participate in the creation of new knowledge for new drugs. On the other
side, pharmaceutical companies focus their attention on near-market products, generally
after the Phase I clinical trials stage (Fishburn, 2013). Meanwhile, the area between basic
research and near-market activities has been increasingly undertaken by biomedical firms
and startups (Kettler, 2000; Pisano, 2006). The well-established business model of
biomedical firms is to license novel discoveries from universities, develop those
discoveries further, and then sell the intellectual property rights or intermediate products
to pharmaceutical companies (Pisano, 2006). This model succinctly captures the
evolutionary pathway of the biomedical business.

With the evolutionary dynamics of biomedical entrepreneurship in mind, I
construct the Collective model by taking into account key factors at the developmental
stages of the biomedical business. As entrepreneurship is a localized phenomenon
(Feldman, 2014; Stam, 2007), I consider the regional contexts for biomedical
entrepreneurship, as well. In total, I extract four key categories concerning the creation,
development, and growth of biomedical business: 1) scientific knowledge, 2)
commercialization capacity, 3) entrepreneurship base, and 4) supporting infrastructure.

Figure 5 presents the Collective model for biomedical entrepreneurship.
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Figure 5. Schematic Description of the Collective Model

Under the Collective model, first, biomedical entrepreneurial activity requires a
source of scientific knowledge that can be developed further. As Pisano (2006) noted, the
biotech industry is a science-based business, and the quality of the science decisively
determines the economic value of this business type. The biomedical industry needs
state-of-the-art scientific discoveries as a driver for biomedical products. It is also
important to have a highly trained labor force to generate and develop scientific
knowledge. As Braunerhjelm et al. (2010) noted, and as I mentioned earlier in this
dissertation, human capital is also a form of knowledge. Thus, educated workers, such as
graduating students and skilled researchers, bring their knowledge to the labor market,
and this can result in knowledge spillovers without any formal distribution of knowledge.
Based on the discussion above, I suggest three factors for the first dimension: public
biomedical R&D, private biomedical R&D, and human capital.

Second, commercialization capacity is also important to transform scientific
discoveries into commercially valuable properties. Yet, not all novel scientific

discoveries turn into useful, commercializable forms of knowledge (Braunerhjelm et al.,
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2010; Carlsson et al., 2009). Commercialization capability can directly affect the
efficiency of biomedical firms in terms of getting access to commercializable knowledge.
With a higher capacity to commercialize knowledge in a region, it might be possible to
reduce the time required for the conversion of scientific knowledge, as well as produce a
higher level of exploitable knowledge. Further, strong capability in translational research
could help produce more commercializable knowledge (like patents and clinical trials)
available to biomedical entrepreneurs. Consequently, entrepreneurs might get greater
access to more knowledge with which to work. Following this reasoning, I employ three
factors for the second dimension: translational research, biomedical patents, and clinical
trials.

Third, it is also important to have favorable entrepreneurial conditions for an
individual to start a business. Put simply, it is necessary to have entrepreneurs who are
ready to start business activities. Here, I consider two factors: per capita income, and
regional agglomeration of population. Per capita income in a region might affect the
conditions for starting a new business, as higher average income levels in a region could
help support the starting of new businesses (Wallsten, 2001). Agglomeration of
population, which indicates the clustering of people in a region, might also be important
since it can facilitate knowledge sharing and knowledge flow through close and frequent
interactions (Qian et al., 2013). For the third dimension, then, I examine two factors: per
capita income, and the agglomeration of population.

Fourth, supporting infrastructure that can sustain a biomedical business is also an
important ingredient. Here, the roles of established firms are key, as they can provide

positive externalities to nearby firms through complementary relationships (Audretsch,
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2001; Kettler, 2000; Pisano, 2006; Scherer, 2010). As noted above, Agrawal and
Cockburn (2003) proposed the anchor tenant hypothesis, which suggests that established
R&D-intensive firms help the spread of research from local universities to regional firms.
Feldman (2003) likewise supported the anchor tenant hypothesis. Moreover, adequate
funding is another critical area for biomedical firms to grow further. Thus, the local
venture financing system, as well as the strength of the regional economy, is important
due to the large investment costs and the high degree of uncertainty involved in
biomedical work (DiMasi et al., 2016; Pisano, 2006; Sacks et al., 2014). For this
dimension, I examine two factors: established large biomedical firms, and the size of the
regional economy.

In sum, the Complex model suggests that biomedical entrepreneurship is a
function of 10 factors: public biomedical R&D, private biomedical R&D, human capital,
translational research, biomedical patents, clinical trials, per capita income, the level of
agglomeration of population, the local presence of established large biomedical firms,
and the size of the regional economy. This is a proposition to be tested.

Conclusion

In this chapter, I discussed the three analytical models used in this research,
describing the details of each model. The model constructions are based on the
knowledge spillover theory of entrepreneurship and the entrepreneurial ecosystem
approach as they pertain to the three models. The following three chapters test the

research hypotheses and propositions presented in this chapter.
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Chapter 5: Empirical Application I — Simple Model Analysis

This chapter and the ones that follow test the hypotheses and proposition
introduced in Chapter 4. Table 1 summarizes the methods and analysis levels for each
model. As noted, the National Institutes of Health’s (NIH) Small Business Innovation
Research (SBIR) grant is used as a measure of regional biomedical entrepreneurship, and
the Clinical and Translational Science Awards (CTSA) program funding is used as a
proxy measure for translational research. In these analyses, the unit of observation is the
U.S. metropolitan statistical area (MSA). Most data were collected from the federal U.S.
agencies, such as the NIH, the Census Bureau, and the U.S. Patent and Trademark Office,

and were converted to the MSA level.

Table 1. Overview of the Models and Methods

Model Methods Analysis level
Chapter 5  Simple Difference-in-difference with different U.S.
intensities and periods Metropolitan
Chapter 6 Complex Path analysis/structural equation modeling Statistical Area

Chapter 7  Collective  Fuzzy-set qualitative comparative analysis
(fsQCA)

Research Questions
This chapter presents the results of the analysis of the effect of translational
research on biomedical entrepreneurship. Here, [ address the following research question:
To what extent does translational research increase biomedical entrepreneurship at the
regional level? To answer this question, I tested the following hypothesis:
HI1: CTSA program funding increases the NIH SBIR program grants in a
region.
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Empirical Method
Model Specification

One challenge in estimating the effect of the CTSA program on the number of
SBIR grants is the possibility of endogeneity. CTSA institutions and their locations are
not randomly distributed. The NIH selects the CTSA recipients based on their scientific
competitiveness among all applicants (National Institutes of Health, 2006), and scientific
excellence is the backbone of the biomedical business (Pisano, 2006; Zucker et al.,
1998b). Thus, it is likely that winning CTSA funding through the competitive process is
related to the capability of winning SBIR grants at the regional level.

To address the possibility of endogeneity, I use the difference-in-difference (DID)
method. The treatment group is comprised of MSAs with NIH CTSA funding, while the
comparison group is MSAs with no NIH CTSA funding. A conventional DID equation
can be written as follows:

SBIR ;= a1 + B1 - (Treat » X Post ;) + Y - Treat ,, + A - Post s + & (1)

The dependent variable, SBIR ., counts the number of SBIR grants received by
small businesses in MSA ,, in year ¢. Entrepreneurship is generally recognized as new
firm formation (Lee et al., 2004; Qian et al., 2013). Each SBIR grant represents an entity
of the small business. Thus, this study counts the number of SBIR grants rather than
aggregating funding.

It is important to note is that the MSAs in the treatment group have treatments in
different periods (i.e., different initial CTSA funding years and durations) with distinct
intensities (i.e., different CTSA funding sizes), while the MSAs in the comparison group

have zero CTSA funding throughout the whole period. There is no shared variable
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indicating the start and end of the treatment, unlike an ordinary pre- and post-DID design.
Figure 6 illustrates the difference in funding between the treatment and
comparison regions. The solid line represents a profile of one MSA in the treatment
group. In total, there are 46 different CTSA funding profiles, as all 46 MSAs in the
treatment group have different funding sizes during different periods (see Figure 12 in the
discussion section of this chapter for all funded MSAs profiles). The MSAs in the
comparison group are represented by the dotted line in Figure 6, which shows zero value

for the whole period.

F 3
An MSA
in the treatment group
(in solid line)

CTSA

funding

All MSAs
in the comparison group
(in dotted line)
— e r——
2006 Year 2015

Figure 6. Imaginary Profiles of CTSA Funding in the Treatment and Comparison Groups

In line with previous research (Angrist & Pischke, 2008; Angrist & Pischke,
2014; Bertland et al., 2004), I replace the interaction term (i.e., Treatment ,, x Post ;) in
Eq. 1 with CTSA funding (CTSA ), as shown in Eq. 2.

SBIRmt:a2+BZ'CTSAmt+6'th+Y‘m+}\4t+8mt (2)
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Here, CTSA m: measures the degree of treatment in MSA 1, in year . As the MSAs in the
comparison group have an all-zero value for CTSA m, the changes in the number of
SBIR grants between the MSAs in the treatment and comparison groups are captured by
the changes in CTSA funding (CTSA ), as shown in Eq. 2. Accordingly, Eq. 2 includes
MSA dummies (Y »), replacing Treatment ,,, and also includes time dummies (A /),
replacing Post .. Y and A ;are the MSA and year fixed effects; X , denotes the time-
varying exogenous MSA characteristics; € »/1s an error term; and [ is the coefficient of
interest. Standard errors are calculated by a robust method and are clustered at the MSA
level.

The approach I use here is similar to that of Bertrand et al. (2004, p. 250);
however, I adapt the estimation equation from Bertrand et al. (2004) to the group level.
Besley and Burgess (2004) used this type of DID design to examine the effects of labor
regulation change at the state level on the productivity of firms in India.

Regarding the decision rule of statistical analysis, I use the threshold of 0.1 and
report the precise p-value. Amrhein et al. (2019, p. 306) have argued that researchers
should not overly rely on “dichotomous” decision rules, like using p-values. Instead, they
suggest that investigators need to discuss the meaning of the estimates more explicitly, as
well as to provide a precise number for the p-value if it is reported. Following their
recommendations, I report the precise p-values of the main results and then discuss the
implications in-depth.

The Parallel Trends
With a DID design, two groups need to have common trends before the treatment.

Any deviation from common trends could be induced by the treatment. As shown in
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Table 3, there are differences between my treatment and comparison groups, largely
because CTSA recipients are not randomly distributed across the MSAs. Thus, it is
important to show that the treatment group and the comparison group have common
trends before the treatment to see how the treatment induces any type of deviation from
the common trends.

Figure 7 presents the trends for the SBIR grants received by regional
entrepreneurs, which is the key dependent variable. As this study is not an ordinary pre-
and post-treatment setting, there is no shared variable to indicate the treatment point. The
treatment years are centered on the first CTSA funding years of each treated MSA. The
comparison group is normalized in 2006, which is the first CTSA program funding year.

The y-axis is the mean SBIR count.
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Figure 7. Trends of the NIH SBIR Grants

In Figure 7, the top line represents the treatment group, and the bottom line is the

comparison group. The dotted line in the middle represents the mean SBIR counts for all
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the MSAs (i.e., the treatment and comparison groups combined). To confirm the
declining trend of NIH SBIR awards, I created Figure 8 using data from the NIH Data
Handbook (National Institutes of Health, n.d.-f). As shown in Figure 8, while there has
been some variation, overall, there has been a gradual decline in the annual NIH SBIR
(Phase I and Fast-Track) awards over the course of the research period. Thus, we need to
take this overall declining trend of the NIH SBIR grants into account when comparing the

trends of the treatment and comparison groups.
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Figure 8. Trends of the NIH SBIR Awards (Phase I and Fast-Track), 2001-2018

Source: Author, based on the NIH Data Handbook (National Institutes of Health, n.d.-f)

Note. The actual numbers of awards in Figure 8 are different from my data. This is because the award
numbers in Figure 8 include all types of competing awards in Phase I and Fast-Track (which allows for a
combined application for Phase I and II), while this research uses only “new” awards in Phase I and Fast-
Track.
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As shown in Figure 7, for the five years prior to the treatment, all three lines
declined: the treatment group by 7.4%!; the comparison group by 14.8%; and the entire
group by 9.4%. The slopes before the treatment are approximately -10%. This indicates
that the treatment and comparison groups had very similar declining trends before the
treatment. After the treatment, the slopes are quite different: the treatment group rises by
5.9%?; the comparison group declines by 29.8%; and the entire group declines by 59.4%.
The comparison group seems to follow the general declining trend of the SBIR grants,
whereas the treatment group shows a slight upward trajectory with some fluctuations.
Comparing them, it is reasonable to argue that the two groups have common trends
before they change course after the treatment. Thus, this appears to be a treatment effect,
but it needs to be confirmed through regression analyses.

To examine the data further, Figure 9 presents each group’s mean SBIR grants
compared to the entire group’s mean SBIR grants. The treatment group’s line at the top
of Figure 9 was calculated by dividing the mean of the SBIR grants of the treatment
group by the mean of the SBIR grants of the entire group. The comparison group’s line at
the bottom of Figure 9 was calculated using the same method. Thus, the trend lines
represent their relative sizes to the entire group of MSAs’ mean SBIR grants in each
normalized year. For instance, the treatment group’s mean SBIR grants are six times
larger than the mean SBIR grants of the entire group of MSAs. Before the treatment, the

two groups have similar parallel trends, but after the treatment, the line for the treatment

! These figures were calculated by dividing the differences in the values between year 0 and year -5 with
the values in year -5. Thus, these are the slopes between year -5 and year 0.

2] calculated these figures by dividing the differences in the values of year 9 and year 0 with the values in
year 0. Thus, these are the slopes between year 0 and year 9.
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group increases slightly and steadily, whereas the comparison group’s line declines.

Thus, based on the data, I am able to employ the DID strategy with confidence.
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Figure 9. Trends of the NIH SBIR Grants Ratio

Data
Sample and the Unit of Observation

For this research, I use the 381 U.S. MSAs as the sample. An MSA is defined as
an area with “at least one urbanized area of 50,000 or more population, plus adjacent
territory that has a high degree of social and economic integration with the core as
measured by commuting ties” (Office of Budget and Management, 2018b, p. 6).
Altogether, the 381 MSAs include about 85.8% of the population of the United States
(Office of Budget and Management, 2018b).

The Office of Management and Budget (OMB) occasionally updates the

geographical components of the MSAs. Over time, the numbers of MSAs in the U.S.
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have generally increased, but changes between consecutive delineations have tended to
be minor. For example, there were 381 MSAs in 2013, 382 in 2015, 383 in 2017, 383 in
April 2018, and 384 in September 2018 (Office of Management and Budget, 2013, 2015,
2017, 2018a, 2018b). Such changes come from minor consolidations of MSAs with other
counties, from splits from original neighbors, or from MSA name changes. Given the
period under review (2006-2015), I use the 2013 delineation, which had 381 MSAs.
Thus, the unit of observation is MSA-year for the panel data.

MSASs have been used to capture regional economic activities in various empirical
studies. Anselin et al. (1997) demonstrated that local R&D externalities between
university research and innovations are more precisely estimated at the MSA level than at
the state level. Florida and Mellander (2010) used MSAs as their unit of observation to
study the effect of the Bohemian-Gay Index on housing values. Additionally, Qian and
Jung (2017) used MSA s to investigate the importance of regional absorptive capacity in
order to address the knowledge filter issue.

Variables and Data

In this section, I present all the variables and sources of this research. Firstly, the
NIH SBIR grant data, which were used to measure the dependent variable, were obtained
from the NIH RePORTER (National Institutes of Health, n.d.-d). I include only new
SBIR projects in Phase I and Fast-Track,® which means that renewed, supplemental, or
extension projects are not included in the analysis. As explained earlier, this research

specifically focuses on how the CTSA program affects knowledge production and its

3 The Fast-Track process allows for the submission of both Phase I and Phase II together. It is designed to
reduce the funding gap between the phases. According to the NIH a Fast-Track submission is recognized
the same as a “new” project, just like new Phase I projects in the NIH RePORTER system (National
Institutes of Health, n.d.-i).
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impact on biomedical business activity. Other projects in Phase I might not utilize newly
produced knowledge (e.g., biomedical patents, publication, or clinical trials), since they
are continuing projects with extended funding and research periods. Additionally,
projects in Phase II are also excluded in the analysis because they are only available to
successful Phase I projects, which are influenced by diverse factors (e.g., firms’
management).

Secondly, the CTSA funding data used to measure the main independent variable
were likewise obtained from the NIH RePORTER (National Institutes of Health, n.d.-d).
I use the funding opportunity announcements (FOAs)* of the CTSA program in order to
identify the relevant projects (Liu et al., 2016).

Thirdly, the biomedical patent data were obtained from the U.S. Patent and
Trademark Office (n.d.). Based on Cortright and Mayer (2002), this study includes three
biomedical-related technology classes: Class 424—Drug, Bio-Affecting, and Body
Treating Compositions (includes Class 514); Class 435—Chemistry: Molecular Biology
and Microbiology; and Class 800—Multicellular Living Organisms and Unmodified
Parts Thereof and Related Processes. The patent data include granted utility patents to an
MSA from 2006 to 2015, which is the most recent year categorized at the MSA data level
by the U.S. Patent and Trademark Office.

Fourthly, the clinical trial data were obtained from the U.S. National Library of
Medicine’s ClinicalTrials.gov website. According to U.S. laws enacted in 1997 and 2007,

as well as the decision by the International Committee of Medical Journal Editors in

4 The FOA numbers used in this dissertation are the following: RFA-RM-06-002, RFA-RM-07-007, RFA-
RM-07-002, RFA-RM-07-006, RFA-RM-08-002, RFA-RM-09-004, RFA-RM-09-019, RFA-RM-10-001,
RFA-RM-10-020, RFA-RR-10-007, RFA-RR-11-004, RFA-TR-12-006, and RFA-TR-14-009.
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2005, all clinical studies should be registered in the ClinicalTrials.gov registry (Califf et
al., 2012). I downloaded 180,926 clinical studies based on the first study submission date
between 2004 and 2015. Since some clinical studies were conducted at multiple sites,
including foreign countries, I removed those that had study locations outside the U.S.
After this cleansing process, I was left with 523,341 U.S. clinical trials that were first
submitted between 2004 and 2015.

Variables for the regional conditions are added as control variables. First, regional
public R&D spending in the life sciences and medical research field is added to represent
and control for the strength of scientific knowledge and knowledge sources. As there
were no aggregated life science/medical R&D spending data available at the MSA level, I
collected university R&D expenditures in these fields from the Higher Education
Research and Development (HERD) Survey (National Science Foundation, 2011, 2015,
2018). However, because the HERD data could have included CTSA funding, I
subtracted CTSA funding from the HERD data to construct the final public biomedical
R&D data set.

Second, to control for the effect of private R&D in the biomedical sector, I
measured biomedical firms’ R&D spending. The firm data were obtained from
Compustat, which is a collection of financial information on publicly traded companies.
Biomedical firms are selected based on North American Industry Classification System
(NAICS) codes,’ as defined by DeVol et al. (2004).

Third, the number of large biomedical firms is added in order to proxy the role of

the established firms in the biomedical ecosystem, as suggested by the anchor tenant

® The NAICS (2017 version) codes used in this dissertation are the following: 325411, 325412, 325413,
325414, 339111, 339112, 339113, 339114, 339115, 339116, 335410, 335417, and 541714.

50



hypothesis (Agrawal & Cockburn, 2003; Feldman, 2003). The firm data were also
obtained from Compustat. I count biomedical firms belonging to the top 25% (i.e., 75%
percentile) based on annual revenue in order to include only relatively large firms.

Fourth, I also include the percentage of adults (individuals older than 25) holding
at least a bachelor’s degree in order to measure human capital in a region (Florida, 2002;
Qian et al., 2013), collected from the U.S. Census (n.d.-a).

Fifth, per capita income is used to capture an individual’s ability to start and
support a new business. Wallsten (2001) used this variable when estimating the
probability of winning an SBIR grant at the MSA level. The data were obtained from the
Bureau of Economic Analysis (BEA) (n.d.-a).

Sixth, to measure the clustering, or density, of people within a region, I use
agglomeration of population. A large agglomeration of people can facilitate knowledge
sharing and knowledge flow through their close and frequent interactions. I apply Qian et
al.’s (2013) approach that uses population density to estimate entrepreneurship at the
MSA level. The population and area data were obtained from the U.S. Census (n.d.-b,
n.d.-c). Because of the lack of data at the MSA level for the research period, the
population numbers between 2006 and 2010 are calculated by interpolating the
populations in 2000 and 2010.

Seventh, I also add the size of the regional economy into the mix, since access to
financing is a crucial element for expanding and growing business ventures (Isenberg,
2011). In fact, financing is more critical in the biomedical sector than in many other
sectors because of the high financial amounts required, as well as the high level of

uncertainty in bringing biomedical products and services to market (DiMasi et al., 2016;
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Pisano, 2006; Sacks et al., 2014). Thus, I use regional GDP to approximate the size of a
given regional economy or the strength of venture capital financing in an area. The GDP
data were obtained from the U.S. Bureau of Economic Analysis (n.d.-b).

To aggregate the data at the MSA level, I extracted zip codes and converted them
into MSA codes using the zip code-MSA code conversion file provided by HUD (U.S.
Department of Housing and Urban Development, n.d.). I then constructed a panel data set

of 10 years, from 2006 to 2015. I list the variables used in this research in Table 2.

Table 2. Variables, Measures, and Data Sources

Variable Measure Source

NIH SBIR grants NIH SBIR (New projects in Phase I and Fast- NIH RePORTER
Track) grants (counts)

CTSA funding CTSA funding NIH RePORTER
Biomedical patents Number of patents in biomedical-related U.S. PTO
technology

Clinical trials Number of clinical trials conducted U.S. National
Library of Medicine
(ClinicalTrials.Gov)

Public biomedical =~ R&D expenditure in the life science and NSF HERD Survey

R&D medical field at the universities (after

subtracting the CTSA funding)
Private biomedical ~R&D expenditure by publicly traded biomedical Compustat

R&D firms

Large biomedical Number of large biomedical firms belongingto ~ Compustat
the top 25% in annual revenue

firm

Human capital Percentage of adults (25+) holding a bachelor’s  U.S. Census
degree or above

Per capita income  Per capita income U.S. BEA

Agglomeration Population per area (i.e., square miles) U.S. Census

Regional economy  Regional GDP U.S. BEA
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Summary Statistics
Table 3 presents the summary statistics of the treatment group (i.e., 46 CTSA-
funded MSAs) and the control group (i.e., 335 non-CTSA-funded MSAs). Table 4

provides the correlation matrix of the key variables.
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Table 3. Summary Statistics

Variables Treatment (CTSA-funded MSAs) Comparison (Non-CTSA-funded MSAs)

Obs. Mean SD Min Max Obs. Mean SD Min Max
SBIR grants (count) 460 5.95 6.85 0 42.00 3,350 0.28 0.75 0 7.00
Biomedical patents (count) 460 114.81 173.22 0 996 3,350 5.06 12.83 0 190
Biomedical patents (log) 460 3.89 1.32 0 6.90 3,350 0.93 1.14 0 5.25
Clinical trials (count) 460  656.41 547.94 80 3,204 3,350 66.09 131.64 0 1,821
Clinical trials (log) 460 6.20 7 4.39 8.07 3,350 3.25 1.41 0 7.51
CTSA funding ($M) 460 12.48 13.84 0 99.46 3,350 0 0 0 0.00
CTSA funding (log) 460 12.73 6.79 0 18.42 3,350 0 0 0 0.00
CTSA funding (institutions) 460 1.02 0.93 0 6 3,350 0 0 0 0
Public R&D ($M) 460  496.03  429.20 0 2434.69 3,350 16.03 46.30 0 531.79
Public R&D (log) 460 19.15 3.32 0 21.61 3,350 7.72 7.79 0 20.09
Private R&D($M) 460 1488.64 5445.69 0 4572791 3,350 17.49 212.26 0 4789.50
Private R&D (log) 460 15.09 7.41 0 24.55 3,350 2.37 5.78 0 22.29
Human capital (%) 460 34.46 6.22 24.00 55.20 3,173 24.80 7.58 10.0 60.60
Human capital (log) 460 3.52 0.17 3.18 4.01 3,173 3.17 0.30 2.30 4.10
Large biomedical firms (count) 460 3.87 7.69 0 44.00 3,350 0.12 0.46 0 6.00
Large biomedical firms (log) 460 0.87 1.06 0 3.80 3,350 0.07 0.25 0 1.95
Per Capita income ($T) 460 45.55 8.18 31.96 85.01 3,350 37.37 7.96 18.73 117.15
Per Capita income (log) 460 10.71 0.17 10.37 11.35 3,350 10.51 0.18 9.84 11.67
Agglomeration (count:

460 0.66 0.60 0.09 2.99 3,350 0.28 0.76 0.01 13.18
thousands)
Agglomeration (log) 460 6.16 0.81 4.49 8.00 3,350 5.11 0.91 1.92 9.49
Regional economy ($M) 460 182,264 245309 6,455 1,618,366 3,350 16,890 28,227 1,477 315,623
Regional economy (log) 460 25.27 1.17 22.59 28.11 3,350 22.98 0.93 21.11 26.48

Note. The panel data set has a research period from 2006 to 2016 (10 years) and 381 MSAs. There are 177 missing values in the human capital variable due
to the changes in MSAs. The term “log” indicates a natural log. $M indicates a million dollars, and $T indicates a thousand dollars. The ‘0’ in Min. in the
line of CTSA funding (Count: Institution) is due to periods before the treatment group got the CTSA institution between 2006 and 2015.
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Table 4. Correlation Matrix of Variables Included in Regressions

Variables 1 2 3 4 5 6 7 8 9 10 11
1. SBIR grants (count) 1
2. Biomedical patents (log) 0.639%** 1
3. Clinical trials (log) 0.489%** (0.695%*** ]
4. CTSA funding (log) 0.579%** (0.608*** (.528*** |
5. Public R&D (log) 0.370%** 0.609%** (0.584%** (.391*** |
6. Private R&D (log) 0.537*%* (0.675%** 0.591*** (0.517*** 0.419*** |
7. Human capital (log) 0.378%*** (0.654%** (.511%%* 0.361*** (.583*** (.436%** |
8. Large biomedical firms (log) 0.800%** 0.638*** (.505*** (.507*** (.359%*** (0.676%** (0.353*** |
9. Per capita income (log) 0.393%** (0.523%** (. 415%%* (.347*** (.247*** (.384%** (.592%** (.379%** |
10. Agglomeration (log) 0.417%%* (0.524%** (.510%** (0.340%*** (0.337*** 0.461%** 0.271%%* (0.424%** (.323*** |

11. Regional economy (log) 0.599%** (.763%** (0.826*** 0.566*** 0.614*** 0.681*** 0.465%** (.639*** (.523*** (.615%** ]

Note. * p <0.05, ** p <0.01, *** p <0.001. The term “log” indicates a natural log.
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Regression Results

OLS Regression

Pooled OLS Regression. Tables 5 shows the estimates of the pooled ordinary

least squares (OLS). As noted, all standard errors are robust and clustered for 381 MSAs.
The dependent variable is the SBIR grant counts. The explanatory variables are log-
transformed because the magnitudes of the variables, such as R&D funding, are large.
The CTSA coefficients along the columns show significant correlations between regional
SBIR grants and CTSA funding. We see that the p-value of the CTSA coefficient in
column 3 is 0. The estimates in column 3 indicate that a 1% increase in CTSA funding is
associated with an increase in the SBIR grant count by 0.0014 (= 0.14/100), all other

things being equal. In other words, doubling the CTSA funding in an MSA is associated

with the increase in SBIR grants by 0.14.

Table 5. Pooled OLS Regression: CTSA Funding to SBIR Grants

©) @) 3)
Variables OLS
SBIR grants (Count)
CTSA funding (log) 0.37624*** 0.15291*** 0.14361***
(0.06367) (0.02435) (0.02409)
Public R&D (log) 0.00919 0.00291
(0.00722) (0.00815)
Private R&D (log) -0.05038** -0.06292%**
(0.022306) (0.02123)
Human capital (log) 0.76117*** 0.57670%*
(0.21751) (0.23995)
Large biomedical firms (log) 4.42158%** 4.27148%**
(0.76706) (0.77229)
Per capita income (log) 0.50507
(0.42225)
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Agglomeration (log) 0.20040***

(0.07245)
Regional economy (log) 0.11011
(0.12178)
Constant 0.38701*** -2.31915%** -10.52027%**
(0.04745) (0.64480) (3.45341)
Observations 3,810 3,633 3,633
R-squared 0.33717 0.69001 0.69574

Note. Robust standard errors are adjusted for 381 MSAs and in parentheses: *** p <0.01, ** p <0.05, * p
<0.1. The term “log” indicates a natural log. Due to the missing data in the human capital variable, 177 obs.
were dropped in columns 2 and 3.

OLS Regression. Table 6 reports the OLS regression results with year and MSA
fixed effects. We find the CTSA coefficients are stable and highly significant in the first
three columns; the first and second columns do not have year and MSA fixed effects,
while the third column has the year fixed effect. We see that the control variables also
show statistically significant coefficients.

In the fourth column, I add the MSA fixed effects, since there might be some
important but unobserved variables specific to a particular region. When using the year
and MSA fixed effects together in column 4, the coefficient of CTSA funding decreases
by half and becomes insignificant. While it is not significant at the 0.05 level (p-value:
0.193), the coefticient could indicate that a 1% increase in CTSA funding might increase
SBIR grant counts by 0.0002 (= 0.02/100). This result is much smaller than that obtained
in the pooled OLS shown in Table 5. At the same time, with the exception of large
biomedical firms, the other variables become insignificant or negative.

The Hausman test is used by researchers to decide between fixed or random
effects. The Hausman test favors the fixed effect model. However, the OLS with the

fixed effects seems not fit well in this case because the dependent variable has a highly
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right-skewed distribution. Thus, next, I discuss whether Poisson regression is a plausible

and useful approach for this study.

Table 6. OLS Regression: CTSA Funding to SBIR Grants

) @ (€) 4)
Variables OLS
SBIR grants (Count)
CTSA funding (log) 0.04169%*  0.04244***  0.04621***  0.02088
(0.01666) (0.01569) (0.01548) (0.01602)
Public R&D (log) -0.00004 -0.00006 -0.00113
(0.00384) (0.00375) (0.00373)
Private R&D (log) 0.00551 0.00327 0.00078
(0.00652) (0.00658) (0.00572)
Human capital (log) 0.49524%**  (0.52065***  -0.11172
(0.16046) (0.16043) (0.13180)
Large biomedical firms (log) 0.84933**  (.82639** -0.51927*
(0.37226) (0.35948) (0.29101)
Per capita income (log) -1.46581*** (.76709 0.33541
(0.23780) (0.51989) (0.55259)
Agglomeration (log) 0.21100%*  0.23849***  (.07546
(0.08315) (0.08672) (0.14931)
Regional economy (log) 1.04653***  0.89426*** -0.11504
(0.15663) (0.14125) (0.26364)
Constant 0.90104%**  -10.85997*** -30.78178*** (0.22712
(0.14107) (3.17281) (6.69596) (5.41336)
Year Fixed effect NO NO YES YES
MSA Fixed effect NO NO NO YES
Observations 3,810 3,633 3,633 3,633
R-squared - - - 0.9387
Number of MSA 381 381 381 381

Note. Robust standard errors (except column 5) are adjusted for 381 MSAs and in parentheses: *** p <0.01,
** p<0.05, * p<0.1. The term “log” indicates a natural log. Due to the missing data in the human capital

variable, 177 observations were dropped in columns 2, 3, and 4.
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Poisson Regression
The dependent variable—the number of SBIR grants—is count data. Figure 10

shows a histogram of SBIR grants, which is highly right-skewed. The Poisson regression
model is usually used to estimate count variable data. The Poisson distribution has an
equidispersion, whereby the mean is equal to the variance. However, the equidispersion
condition is not generally achieved through empirical analysis, largely because the
conditional variance exceeds the conditional mean (Cameron & Trivedi, 2010).
Nevertheless, the cluster-robust standard error can be used to address both over-
dispersion and serial correlation (Cameron & Trivedi, 2010). While the negative binomial
model might also be used, I cannot use the fixed effects, as I do in the Poisson and OLS.
Thus, I estimate the effect of CTSA funding on SBIR grants with the Poisson model,

along with the cluster-robust standard error, as suggested by Cameron and Trivedi

(2010).

] 10 QI-D 3|C| 4ID
MNIH SBIR grants (count)

Figure 10. Distribution of NIH SBIR Grants
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Pooled Poisson Regression. The pooled Poisson regression results are presented
in Table 7. As with the OLS regression, the dependent variable is the number of SBIR
grants. Similar to the pooled OLS results in Table 5, the CTSA coefficients are highly
significant and stable at the 0.01 level across the models. The CTSA coefficient in
column 3 indicates that a 1% increase in CTSA funding is associated with a 0.016%
increase in the number of SBIR grants received, all other things being equal. Notably, the
Poisson regression has the exponential form E(y|x) = exp (x'B). As the CTSA variable is
in logarithmic form, the CTSA coefficient can be interpreted as an elasticity. The results
also show that doubling the CTSA funding size increases the SBIR grants by 1.6%. Most
of the control variables, with the exception of per capita income, also show statistically

significant and positive coefficients.

Table 7. Pooled Poisson Regression: CTSA Funding to SBIR Grants

©) @ 3)
Variables Poisson
SBIR grants (Count)
CTSA funding (log) 0.17206*** 0.02255%** 0.01597***
(0.01015) (0.00787) (0.00553)
Public R&D (log) 0.13665*** 0.09131***
(0.02571) (0.02260)
Private R&D (log) 0.05035%** 0.02563***
(0.00838) (0.00856)
Human capital (log) 1.57299%** 2.62007%**
(0.26097) (0.29296)
Large biomedical firms (log) 0.40116*** 0.19471%*
(0.05994) (0.08344)
Per capita income (log) -0.89083***
(0.29989)
Agglomeration (log) 0.14785%*
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(0.08425)

Regional economy (log) 0.35699***
(0.07094)
Constant -0.94250%*** -8.37493%** -10.93491***
(0.12208) (0.72979) (2.35790)
Log pseudolikelihood -5185.3202 -2828.9379 -2698.5987
Pseudo R-squared 0.3851 0.6574 0.6732
Observations 3,810 3,633 3,633

Note. Robust standard errors are adjusted for 381 MSAs and in parentheses: *** p < (.01, ** p <0.05, * p
<0.1. The term “log” indicates a natural log. Due to the missing data in the human capital variable, 177 obs.
were dropped in columns 2 and 3.

Poisson Regression. Table 8 presents the estimates from the Poisson regression
with the fixed effects. Following the recommendations of Cameron and Trivedi (2010), I
calculate the cluster-robust standard errors. The coefficients of the CTSA funding are all
found to be significant across the columns. The first three columns without the year and
MSA fixed effects show stable results with statistical significance. We also see that the
CTSA coefficients are significant at the 0.1 and the 0.05 level in columns 2 and 3,
respectively.

With the addition of the MSA fixed effect in column 4, the CTSA coefficient is
reduced, and the significance also decreases (p-value: 0.047). Nevertheless, the estimate
of the CTSA funding with the year and MSA fixed effects is shown to be significant at
the 0.05 level. This result indicates that a 1% increase in CTSA funding is expected to
increase the number of SBIR grants by 0.0073%. In other words, doubling the CTSA
funding size in an MSA could increase the SBIR grant counts by 0.7%. Given that the
average of SBIR grant counts in the treatment is 5.95, doubling the CTSA funding size
could change the received SBIR grants by 0.043 (= 5.95 * 0.0073). In conclusion, we

find that CTSA funding increases the number of SBIR grants, which means that H1 is
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supported. However, it should be noted that the effect size seems relatively small.

Some of the control variables, such as public R&D, human capital, and GDP, are
significant without fixed effects. However, all the control variables become insignificant
with the fixed effects, which is a similar pattern as the OLS fixed effects. I discuss the
lack of statistical significance in the fixed effect model in the discussion section of this

chapter.

Table 8. Poisson Regression: CTSA Funding to SBIR Grants

) (@) (€) 4)
Variables Poisson
SBIR grants (Count)
CTSA funding (log) 0.00886 0.00533* 0.01087%* 0.00725%*
(0.00676) (0.00301) (0.00475) (0.00365)
Public R&D (log) 0.03971***  0.04201***  -0.00234
(0.01349) (0.01612) (0.01320)
Private R&D (log) 0.01127 0.00650 -0.00533
(0.00968) (0.00888) (0.00679)
Human capital (log) 3.56049***  3.46135%**  -0.76102
(0.85952) (0.66093) (0.63107)
Large biomedical firms (log) -0.10111 -0.06785 -0.11183
(0.10242) (0.08540) (0.08231)
Per capita income (log) -2.58784***  .(.75443 0.62325
(0.29260) (0.49321) (0.83169)
Agglomeration (log) 0.07384 0.00228 0.19679
(0.11861) (0.12991) (0.63845)
Regional economy (log) 0.87922%**  (.78886***  (.23878
(0.18459) (0.17315) (0.59313)
Constant -0.12505 -7.31264%**  -23.63286%**
(0.18613) (2.28114) (5.31327)
Year Fixed effect NO NO YES YES
MSA Fixed effect NO NO NO YES
Log pseudolikelihood -2540.4899  -2347.8331  -2322.7216  -1592.2851
Observations 3,810 3,633 3,633 1,759
Number of MSA 381 381 381 178
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Note. Robust standard errors are adjusted for MSAs and in parentheses: *** p <0.01, ** p <0.05, * p <0.1.
The term “log” indicates a natural log. Due to the missing data in the human capital variable, 177
observations were dropped in columns 2, 3, and 4. 203 groups (1874 obs.) were dropped because of all-zero
outcomes in column 4.

Robustness Checks

Each CTSA-funded MSA has different funding sizes over the years. The OLS and
Poisson regressions discussed in the previous sections used funding size as the main
predictor. Another potential predictor is the number of CTSA institutions in each MSA.
The NIH calls CTSA-funded institutions “hubs” (National Institutes of Health, 2016).
These hubs cooperate with other players within regional biomedical networks to facilitate
translational research (National Institutes of Health, 2012, 2016; Obeid et al., 2014). I
draw on the anchor tenant hypothesis to support this idea (Agrawal & Cockburn, 2003;
Feldman, 2003). According to the hypothesis, anchor tenants improve regional
innovation activities, especially through knowledge transfers from local universities to
local industries (Agrawal & Cockburn, 2003) or from large firms to small companies
(Feldman, 2003). Given that CTSA institutions are generally large universities with
hospitals and substantial research capabilities, one can assume that they work like large
established firms in facilitating innovation. Thus, the relative sizes of CTSA institutions
might not be a key factor when examining their importance within an MSA boundary.
Even though there might be some variation in the scope of their roles in an MSA, it is
reasonable to assume that CTSA institutions have similar functionality in facilitating
translational research in a particular region. In this respect, the number of CTSA
institutions in an MSA might be used as a predictor of the SBIR grants.

Figure 11 shows the changes in the number of CTSA institutions in the treated
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MSAs between 2006 and 2015. We see that the number of CTSA institutions changes
over time. For instance, the top line is the New York-New Jersey MSA, which had two
CTSA institutions in 2006, four in 2008, and six since 2008. Altogether, Figure 11
contains 46 MSA profiles, although we find some lines overlap.

Table 9 presents the regression results. Here, the other variables are the same as
the previous regressions. The CTSA institution coefficient in the first column comes from
the Poisson regression, and it is highly significant (p-value: 0.007) at the 0.01 level. It
shows that additional CTSA institutions in an MSA increase the number of SBIR grants

by 6.3%.

CTSA institutions
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Figure 11. Trends of the Numbers of CTSA Institutions in the Treatment Group

Note. The graph includes all 46 MSAs in the treatment group; Some lines overlap.

As a second robustness check, I utilize the aggregated monetary value of the

SBIR grants as a dependent variable instead of using the SBIR grant counts. The second
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column in Table 9 provides the results of the OLS. The dependent variable is SBIR
funding in log form. We find that the CTSA funding coefficient is significant at the 0.1
level (p-value: 0.096), and the results show that a 1% increase in CTSA funding increases
the SBIR funding by 0.045%. However, similar to the results presented in Table 8, we
find that the magnitude is relatively small.

In sum, the two robustness checks using the number of CTSA institutions as the
main independent variable and the monetary value of SBIR grants as the dependent
variable support the main findings of this research. However, these results need to be

interpreted cautiously because CTSA institutions have different funding sizes.

Table 9. OLS and Poisson Regression with CTSA Institution Counts

@) (@)
Variables Poisson OLS
SBIR grants (Count) SBIR grant ($, log)
CTSA institution (count) 0.06297***
(0.02343)
CTSA funding (log) 0.04463*
(0.02671)
Public R&D (log) -0.00262 0.00539
(0.01315) (0.02495)
Private R&D (log) -0.00562 0.01867
(0.00701) (0.03907)
Human capital (log) -0.76688 -0.52955
(0.62288) (0.79447)
Large biomedical firms (log) -0.09766 0.42355
(0.08084) (0.58331)
Per capita income (log) 0.54059 3.01921
(0.84510) (2.26751)
Agglomeration (log) 0.31258 0.74944
(0.63674) (0.67024)
Regional economy (log) 0.23534 -0.18227
(0.59122) (1.39347)
Constant -25.95169
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(22.47628)

Year Fixed effect YES YES
MSA Fixed effect YES YES
Observations 1,759 3,633
Number of MSA 178 381

Note. Robust standard errors are adjusted for MSAs and in parentheses: *** p < 0.01, ** p <0.05, * p <
0.1. The term “log” indicates a natural log. Due to missing data in the human capital variable, 177
observations were dropped in columns 1 and 2. 203 groups (1874 obs.) were dropped because of all-zero
outcomes in column 1.

Discussion

The CTSA coefficients from the regressions are small. The Poisson estimates
indicate that a 1% increase in CTSA funding is likely to increase the number of received
SBIR grants by 0.007%. Thus, practically speaking, the impact of CTSA funding on
SBIR grants at the MSA level seems quite small.

There might be several potential reasons for this result. First, I only analyzed the
first 10 years of the CTSA program, which started in 2006; thus, the effect of the CTSA
program might not have been fully exerted on the regional biomedical ecosystem for the
years reviewed in this study. Considering the long-time span involved in the biomedical
development process, it might require a longer time period to observe this relationship
more accurately. For instance, the CTSA program supports the education of new
translational researchers, but it takes time for them to contribute fully to the development
of the biomedical sector. Second, it is possible I could have underestimated the effect by
including only SBIR grants received while excluding other biomedical activities in a
region. This research used only the number of SBIR grants received by regional
entrepreneurs, and as noted, recipients of the SBIR program account for only about 20%
of all applicants (National Institutes of Health, n.d.-c). It is possible that the remaining
80% could also have used any outputs associated with the CTSA program in the regions.
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If the selected and the unselected applicants used the CTSA-related outputs with the same
frequency, the measurement I used, which is based on the number of grants received,
could have underestimated the true value. Furthermore, it is also possible that some
entrepreneurs might not have applied for SBIR grants. As discussed earlier, NIH SBIR
grants are only a small fraction of total financing sources for biomedical firms. Thus,
those entrepreneurs who did not apply might have absorbed the effect of the CTSA
program on the SBIR grants, in which case, the CTSA coefficient would eventually be
underestimated.

New firm establishment data might present better information. However, the data
are difficult to access. County Business Patterns (CBP) data provided by the U.S. Census
gives the number of firms at the MSA level based on the NAICS codes, but they provide
only the total number of firms, not the number of newly established firms. Thus, the data
might not reflect the dynamics involved in entrepreneurial activity that are affected by a
new policy or program.

Third, CTSA funding is relatively small compared to other public and private
biomedical research funding. As mentioned earlier, CTSA funding for over 60
institutions is equal to about $500 million annually. This is quite small compared to the
NIH’s 2019 budget, which was $39.1 billion (Kaiser, 2018). Also, as shown in Table C1
in Appendix C, CTSA funding is also relatively small compared to public and private
R&D funding at the MSA level. For instance, average CTSA funding is $1.5 million per
year per MSA, while public R&D (i.e., university-led life science and medical R&D) is
$74 million on average.

Another important point is that the fixed effect model eliminates specific time-
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invariant individual characteristics, so the model cannot precisely estimate time-invariant
variables. When using the MSA fixed effect, the coefficients of most control variables
become insignificant. Thus, the results might indicate that those control variables have
some time-invariant characteristics. To some extent, this conjecture is consistent with
actual cases. For instance, regional public and private R&D sizes are relatively stable
over time.

Figure 12 shows the trends of CTSA funding and public biomedical R&D among
CTSA-funded MSAs (i.e., the treatment group). Public biomedical R&D trends generally
show a steady upward pattern. Such a stable pattern could make it difficult to estimate the
coefficients of the control variables by using the fixed effect model precisely, and this
might be the reason why the control variables become insignificant with the fixed effects
model. Meanwhile, the CTSA funding presents slightly more noticeable changes over
time, but many of the CTSA-funded MSAs also show similar patterns. The differences in
the patterns between the CTSA funding variable and the other control variables may
explain why the CTSA coefficients in the regressions become less significant in the fixed
effect model. This aspect can be reviewed further in Appendix C, which contains the

panel summary statistics.
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Trends of CTSA funding and public R&D in CTSA funded MSA
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Figure 12. Trends of CTSA Funding and Public R&D in CTSA-funded MSAs

Note. The NIH started the CTSA program in 2006. The research period for this study is from 2006 to 2015.

Conclusion

This chapter employed the difference-in-difference (DID) method to estimate the
effect of the CTSA funding on the number of SBIR grants at the MSA level. The
estimates show that CTSA funding increases the number of SBIR grants in an MSA. The
Poisson regression results indicate that a 1% increase in CTSA funding could increase the
SBIR grants count by 0.007%. In other words, doubling the CTSA funding size in a
region could yield a 0.7% increase in SBIR grants. I verified the robustness of the results
using a different predictor—the number of CTSA institutions in a region—and with the
monetary value of the SBIR grants as a dependent variable. The results of the robustness
checks supported the findings.

One notable result of this work is the finding that that the effect size (i.e., the

CTSA coefficient) is small. This might indicate that translational research still has only a
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limited impact on regional biomedical entrepreneurial activity. I offered several potential
explanations for this finding: first, I only analyzed the first 10 years of the CTSA
program, which started in 2006; second, the proxy used for biomedical
entrepreneurship—the NIH SBIR grants—includes only the selected 20% among all
SBIR applicants and excludes other biomedical activities in the regions; and third, CTSA
program funding is small compared to other NIH investments.

In sum, the analyses demonstrated that translational research affects regional
biomedical entrepreneurship. The next question to address is Zow translational research
affects biomedical entrepreneurial activity—in other words, the precise mechanism.
There might be various channels connecting translational research to regional biomedical
entrepreneurship. For instance, translational research can contribute to the production of
diverse outputs, such as publications, patents, clinical trials, and trained experts, and
these outputs can be utilized by regional entrepreneurs. In the next chapter, I analyze and

discuss the roles of biomedical patents and clinical trials.
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Chapter 6: Empirical Application II — Complex Model Analysis
Research Questions

As noted, the Clinical and Translational Science Awards (CTSA) program is
designed to improve the translational research environment (National Institutes of Health,
2006). The improved environment is then expected to generate outputs, such as
publications, clinical trials, patents, and trained experts. These outputs can be utilized by
entrepreneurs, who eventually increase biomedical business activities in a region. The
analyses in this chapter specifically focus on the production of biomedical patents and
clinical trials to examine whether biomedical patents and clinical trials serve as effective
forms of knowledge connecting translational research and biomedical entrepreneurship.

In this chapter, the following two research questions are addressed:

(1) To what extent does translational research affect the production of
commercially exploitable knowledge (approximated through biomedical patents and
clinical trials)?

(2) To what extent do the increased levels of biomedical patents and clinical trials
translate into biomedical entrepreneurship?

In line with these research questions, I test four corresponding research
hypotheses:

H2a: CTSA program funding increases biomedical patents in a region.

H2b: CTSA program funding increases clinical trials conducted in a region.

H3a: Increased levels of biomedical patents boost the NIH SBIR grants in a

region.

H3b: Increased levels of clinical trials boost the NIH SBIR grants in a region.
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Empirical Method
Model Specification

There are several important things to consider when testing the above hypotheses.
First, biomedical patents and clinical trials are endogenous variables. Their production is
affected by the CTSA funding and other regional innovation conditions. In turn,
biomedical patents and clinical trials affect another endogenous variable, Small Business
Innovation Research (SBIR) grants. It would seem, then, that biomedical patents and
clinical trials play an intermediary role in that they directly affect National Institutes of
Health’s (NIH) SBIR grants while simultaneously being affected by the CTSA funding
and other regional conditions.

Second, the endogenous variable, SBIR grants, is affected by three paths in the
Complex model described before (see Figure 13). This research separates biomedical
patents and clinical trials from other outputs and examines their roles in connecting the
CTSA funding and the SBIR grants. Thus, I consider the cases where SBIR grants are
affected by 1) biomedical patents or 2) clinical trials or 3) other outputs, such as
publications, trained experts, and consultations. The first two paths are “indirect path 1”
and “indirect path 2” of the effect of CTSA funding on SBIR grants, and the last one is
called the “direct path.”

Given the discussion above, | present three equations to test the research
hypotheses, as follows:

Biomedical patents ;=03 + 3 CTSA i+ 6 X+ Y m+ A+ € (3)

Clinical trials m =04 + P4  CTSA i+ 8 Xt * Y m+ At + € 2 4)
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SBIR s = as + Bs - Biomedical patents ,,; + B¢ - Clinical trials ,; + f7-CTSA i+ 6 -

Xt Y m+tAi+€ms (5)

Indirect path 1

Biomedical patents

Indirect path 2 /

Clinical trials

Translational Research // Direct path Biomedical Entrepreneurship

(NIH CTSA) ] (NIH SBIR)

Regional Factors:
Public biomedical R&D;
Private biomedical R&D;

Human capital;
Large biomedical firms;
Size of regional economy;

Per capitaincome;

Agglomeration;
Regional economy size.

Figure 13. Descriptive Path Diagram of the Complex Model Analysis

Both Eq. 3 and Eq. 4 estimate the effect of CTSA funding on two types of
knowledge production. They follow the format of Eq. 2 in Chapter 5. As noted in Chapter
5, Eq. 3 and Eq. 4 utilize a difference-in-difference (DID) design for capturing the effect
of CTSA funding on biomedical patents and clinical trials, respectively. The CTSA-
funded metropolitan statistical areas (MSAs) in the treatment group have different
funding sizes during different periods, while the MSAs in the comparison group have
zero funding during the entire study period. The differences in biomedical patents and

clinical trials between MSAs in the treatment and comparison groups are captured by the
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changes in CTSA funding (CTSA ), as shown in Eq. 3 and Eq. 4. Accordingly, Eq. 3
and Eq. 4 include the year and MSA fixed effects. In these equations, X » is a set of
regional control variables, and 33 and B4 are the coefficients of interest. The standard
errors are calculated using a robust method and are clustered at the MSA level.

Eq. 5 focuses on three paths heading to SBIR grants: 1) indirect path 1—through
biomedical patents; 2) indirect path 2—through clinical trials; and 3) the direct path—
CTSA funding (i.e., outputs other than biomedical patents and clinical trials).
Accordingly, Eq. 5 has three main independent variables: 1) biomedical patents, 2)
clinical trials, and 3) CTSA funding. The correlations between biomedical patents and the
SBIR grants and between clinical trials and the SBIR grants are captured by Bs and [,
respectively. Here, I do not insist on causal relationships between biomedical patents and
the SBIR grants, nor between clinical trials and the SBIR grants. 37 captures the effect of
CTSA funding on SBIR grants through the direct path.

According to these equations, biomedical patents, clinical trials, and SBIR grants
are endogenous variables. These endogenous variables are determined by exogenous
variables, such as CTSA funding and regional environment variables. To solve the
simultaneous equations above, I use path analysis/structural equation modeling. Path
analysis considers the relationships between variables in a systemic manner. It allows us
to separate the effect of CTSA funding on SBIR grants through biomedical patents,
clinical trials, and other outputs of the CTSA funding. In other words, the indirect effects
of the CTSA funding on the SBIR grants through biomedical patents and clinical trials
can be estimated using path analysis. The indirect paths test the hypotheses H3a and

H3b—that increased levels of biomedical patents and clinical trials through CTSA
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funding increase the number of SBIR grants. The direct path gives us the chance to
compare the effects between the direct and indirect paths.

Path analysis has increasingly been used by researchers in the field of regional
economics. Qian et al. (2013) used path analysis/structural equation modeling to study
the role of absorptive capacity in facilitating entrepreneurial activity at the MSA level.
Slightly earlier, Florida and Mellander (2010) employed path analysis to examine the
effect of cultural openness on regional housing prices.

Because the dependent variables—biomedical patents, clinical trials, and SBIR
grants—are all count data, I use the Poisson option for the path analysis/structural
equation modeling. Using the Poisson model is also consistent with the analyses
presented in Chapter 5, which estimated the relationship between CTSA funding and
SBIR grants. Figure 13 above presents the schematic description of the path model. The
arrows in Figure 13 show the hypothesized directions of the relationships.

The Parallel Trends

Similar to parts of Chapter 5, this section examines the trends in biomedical
patents and clinical trials. Here, I discuss whether it is suitable to use the DID strategy in
estimating the effects of the CTSA funding on biomedical patents and clinical trials.

Biomedical Patents. Figure 14 shows the trends of the biomedical patents. The
years are centered on the first CTSA funding year of each treated MSA, while the
comparison group is normalized in 2006, which is the very first CTSA funding year. The
y-axis is the mean of the biomedical patents in the normalized years. The top line

represents the treatment group, whereas the bottom line is the comparison group. Similar
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to Figure 7, the trend line of the entire group (i.e., all 381 MSAs) is added to view how
the overall number (mean) of biomedical patents has changed over time.

Before the treatment, we see that all three trend lines declined: the treatment
group by 16%, the comparison group by 18%, and the entire group by 17%. All three
slopes are very similar, indicating that the treatment and comparison groups have very
similar trends before the start of treatment. After the treatment, both the treatment and
comparison groups show upward trends. However, the magnitudes of the changes are
quite different. The treated group has a steep increase while the comparison group shows

a gradual increase: the treatment group rises by 179%, and the comparison group rises by

93%.
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Figure 14. Trends of Biomedical Patents

In order to better show the common trends, I present Figure 15. Similar to Figure

9, it shows each group’s relative number of biomedical patents compared to the entire
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group’s mean number of biomedical patents across the normalized years. The treatment
group line is calculated by dividing the mean number of biomedical patents of the
treatment group by the mean number of biomedical patents of the entire group. The
comparison group’s line is calculated by the same method. Thus, we find that the
treatment group’s mean number of SBIR grants is 6 to 7 times the mean biomedical
patents of all MSAs.

As mentioned, before the treatment, the two groups show similar, parallel trends.
After the treatment, the treated line climbs rapidly, whereas the untreated line goes flat.
These observations are the same as those in Figure 14. From this, I feel confident that I
can use the DID method for estimating the effect of CTSA funding on biomedical patents

at the MSA level.
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Figure 15. Trends of Biomedical Patents Ratio
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Clinical Trials. The results of the clinical trial trends are different from those of
the SBIR grants and biomedical patents. Figure 16 presents the trends of the clinical
trials. The years are normalized based on the first CTSA funding year—2006. As my
clinical trial data start in 2004, I restrict the starting year to -2 normalized year. The top
line is the treatment group, and the bottom line is the comparison group. I also add the
entire group’s trend line, representing the overall (mean) clinical trials’ change over time.

Before the treatment, the treatment group’s mean number of clinical trials
increased by 24%, and that of the comparison group increased by 88%. While both
groups show large increases in the number of clinical trials conducted in the MSAs, the
comparison group has a steeper trend. This means that the clinical trial variable does not
follow common or parallel trends before the treatment. After the treatment, the two
groups show different trajectories: the treatment group’s mean increases by 48%, while

the comparison group’s mean increases more modestly, by just 8%.
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Figure 16. Trends of Clinical Trials
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For a strong visual representation, I present Figure 17, which shows the ratio of
each group’s mean clinical trials to the entire group. The treatment group’s line is
calculated by dividing the mean number of clinical trials of the treatment group by the
mean number of clinical trials of the entire group. The comparison group’s line is
calculated using the same method. The trend lines represent their relative ratios to the
mean clinical trials in each normalized year. As Figure 17 shows, before the treatment,
the two groups have different trends: the treated group’s share declines while that of the
comparison group increases slightly. Thus, the two groups do not have common trends
before the treatment. After the treatment, however, the treated line climbs more rapidly,
whereas the untreated line goes up more steadily. These observations are consistent with
those found in Figure 16. From this, I conclude that it is difficult to assert causality in
estimating the effect of CTSA on clinical trials, and I estimate the correlation between

CTSA funding and clinical trials in the regression in the following sections.
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Figure 17. Trends of Clinical Trial Ratios
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Data
This chapter uses the same 381 U.S. MSAs as the sample utilized in Chapter 5.

The variables in this chapter are likewise presented in Chapter 5.

Regression Results
The Effect of CTSA on Biomedical Patents

Before moving to path analysis, I estimate Eq. 3 and Eq. 4 to show the effects of
CTSA funding on, respectively, biomedical patents and clinical trials. To maintain
consistency with Chapter 5, and to take into account that the dependent variables—
biomedical patents and clinical trials—are count variables, I use the Poisson model. |
begin this analysis with the pooled Poisson, and then move on to the Poisson with fixed
effects.

Pooled Poisson Regression: CTSA to Biomedical Patents. Table 10 reports the
results of the pooled Poisson regression. The dependent variable is the number of
biomedical patents. The same control variables discussed in the previous chapter are used
here, as well. The CTSA coefficients are significant at the 0.01 level. The estimates
shown in column 3 indicate that a 1% increase in CTSA funding in a region is associated
with a 0.03% increase in regional biomedical patents. Additionally, we find that with the

exception of per capita income, the other control variables are also significant.
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Table 10. Pooled Poisson Regression: CTSA Funding to Biomedical Patents

M @ )

Variables Poisson

Biomedical patents (Count)

CTSA funding (log) 0.1894 3% 0.03895°%** 0.03020%**
(0.01387) (0.00768) (0.00701)
Public R&D (log) 0.05481*** 0.03927*
(0.01555) (0.02085)
Private R&D (log) 0.05131*** 0.02872*
(0.01069) (0.01484)
Human capital (log) 1.77636%** 1.88483%**
(0.28330) (0.47324)
Large biomedical firms (log) 0.59769%** 0.35936%**
(0.05277) (0.09108)
Per capita income (log) 0.46180
(0.31258)
Agglomeration (log) 0.22679%*
(0.09112)
Regional economy (log) 0.20512%*
(0.12452)
Constant 1.81050%** -5.12600%*** -16.08096***
(0.124906) (0.81048) (3.42137)
Log pseudolikelihood -69525.826 -23173.898 -20617.494
Pseudo R-squared 0.5181 0.8356 0.8538
Observations 3,810 3,633 3,633

Note. Robust standard errors are adjusted for 381 MSAs and in parentheses: *** p < 0.01, ** p <0.05, * p
<0.1. The term “log” indicates a natural log. Due to the missing data in the human capital variable, 177 obs.

were dropped in columns 2 and 3.

Poisson Regression: CTSA to Biomedical Patents. Table 11 presents the

Poisson estimates with fixed effects. The results of this regression show that the CTSA

coefficients have different significance levels in the first two estimations without fixed

effects. The CTSA coefficients are significant at the 0.1 level when using the year fixed

effect in column 3.



When taking the year and MSA fixed effect together in columns 4 of Table 11,
the CTSA coefficients remain stable and significant around the 0.05 level (p-value:
0.053). The estimate in column 4 indicates that a 1% increase in CTSA funding increases
regional biomedical patents by 0.005%. Note that I use Poisson regression and that the
independent variables are in log form. In other words, doubling the CTSA funding can
increase biomedical patents by 0.5%. These results support hypothesis H2a—that CTSA

funding increases regional biomedical patents—however, the effect size seems small. A

potential explanation for the small magnitude is discussed later in this chapter.

Table 11. Poisson Regression: CTSA Funding to Biomedical Patents

0 B 3) @)
Variables Poisson
Biomedical patents (Count)
CTSA funding (log) 0.0251 1*** 0.00505 0.00546* 0.00518*
(0.00271) (0.00308) (0.00287) (0.00268)
Public R&D (log) 0.00391 0.00498 -0.00198
(0.004206) (0.00473) (0.00448)
Private R&D (log) -0.00271 -0.00081 -0.00390
(0.00451) (0.00439) (0.00420)
Human capital (log) 2.25608*** 1.57893** 0.28140
(0.46318) (0.66561) (0.36227)
Large biomedical firms (log) 0.09818* 0.03374 0.02555
(0.05256) (0.03194) (0.03348)
Per capita income (log) 0.86783%** -1.20290***  -0.66308
(0.28160) (0.37059) (0.47406)
Agglomeration (log) 0.55611** 0.40627%** 0.01178
(0.26782) (0.138806) (0.40512)
Regional economy (log) 0.64270%** 0.78178%** 0.00214
(0.15301) (0.11924) (0.42701)
Constant 2.64052%** -33.17186***  -11.65732**
(0.17959) (2.80518) (5.09274)
Year fixed effect NO NO YES YES
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MSA fixed effect NO NO NO YES

Log pseudolikelihood -9856.8884 -7893.2423 -7443.042 -5702.1988
Observations 3,810 3,633 3,633 3,121
Number of MSA 381 381 381 313

Note. Robust standard errors are adjusted for MSAs and in parentheses: *** p < 0.01, ** p <0.05, * p<0.1.
The term “log” indicates a natural log. Due to the missing data in the human capital variable, 177
observations were dropped in columns 2, 3, and 4. 68 groups (512 obs.) were dropped because of all zero
outcomes in column 4.

Poisson Regression: CTSA to Other Patents. As noted, following Cortright and
Mayer (2002), this research uses biomedical patents belonging to three biomedical
technology classes. One potential question is whether CTSA funding affects patents in
different industries or technology fields. In other words, is the relationship presented in
Table 11 specific to patents in the biomedical field? To investigate this question, I
collected patent data in two different technology fields: Class 36 1—Electricity: Electrical
Systems and Devices; and Class 726—Information Security.

Table 12 presents the results obtained from the same model specification used in
Table 11. Column 2 in Table 12 comes from the last column in Table 11 and is presented
for comparison purposes. Columns 3 and 4 use Class 361 patents as the dependent
variable, while columns 5 and 6 utilize Class 762 patents as the dependent variable. As
shown in columns 4 and 6, none of the estimates are statistically significant at the 0.1
level. Based on the results, we can conclude that the effect of CTSA funding on patents
seems to be specific to the biomedical field. Notably, as I test only two different classes
here, and therefore, one should be cautious about making overly broad generalizations to

other fields.
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Table 12. Poisson Regression: CTSA Funding to Other Patents

1) (2 3) “) ©) (6)
Variables - - Poisson
Biomedical patents  Class 361 patents Class 762 patents
(Count) (Count) (Count)
CTSA funding (log) 0.00512* 0.00518* 0.00562 0.00643 0.00724 0.00541
(0.00280) (0.00268) (0.00444) (0.00451) (0.00754) (0.00712)
Public R&D (log) -0.00198 -0.00882 -0.00060
(0.00448) (0.00863) (0.01027)
Private R&D (log) -0.00390 0.00815 0.00029
(0.00420) (0.00816) (0.00953)
Human capital (log) 0.28140 0.36519 -0.91471
(0.36227) (0.73272) (0.88861)
Large biomedical firms (log) 0.02555 0.08916 0.08800
(0.03348) (0.07086) (0.06978)
Per capita income (log) -0.66308 2.04252%* 0.95887
(0.47406) (0.89937) (1.19784)
Agglomeration (log) 0.01178 0.48248 -1.37949
(0.40512) (0.55665) (1.56983)
Regional economy (log) 0.00214 -0.78395 -0.50014
(0.42701) (0.63131) (0.88726)
Year fixed effect YES YES YES YES YES YES
MSA fixed effect YES YES YES YES YES YES
Log pseudolikelihood -5737.604 - - - - -
5702.1988 2570.1321 2552.9498 1970.4721 1959.6126
Observations 3,130 3,121 2,310 2,303 1,910 1,907
Number of MSA 313 313 231 231 191 191

Note. Robust standard errors are adjusted for MSAs and in parentheses: *** p < 0.01, ** p <0.05, * p<0.1.
The term “log” indicates a natural log. Due to the missing data in the human capital variable, 177
observations were dropped in columns 2, 4, and 6. 68 groups (680 obs.), 68 groups (512 obs.), 149 groups
(1490 obs.), 149 groups (1320 obs.), 190 groups (1900 obs.), and 190 groups (1726 obs.) were dropped in

each column because of all zero outcomes.

The Effect of CTSA on Clinical Trials

Pooled Poisson Regression: CTSA to Clinical Trials. Table 13 reports the

results of the pooled Poisson regression estimating the relationship between CTSA
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funding and clinical trials. The dependent variable is the number of clinical trials

conducted. The main independent variable is CTSA funding in log form. The CTSA

coefficients are significant at the 0.1 level. The estimates in column 3 indicates that a 1%

increase in CTSA funding in a region corresponds to a 0.01% increase in clinical trials.

Table 13. Pooled Poisson Regression: CTSA Funding to Clinical Trials

(1) 2 3)
Variables Poisson
Clinical trials (Count)
CTSA funding (log) 0.13531%** 0.02855%** 0.01021*
(0.00892) (0.00869) (0.00532)
Public R&D (log) 0.09523%** 0.01874%*
(0.01126) (0.00754)
Private R&D (log) 0.05779%** 0.00813
(0.00795) (0.00501)
Human capital (log) -0.40361* 0.77056***
(0.22184) (0.21244)
Large biomedical firms (log) 0.27756%** -0.11348***
(0.06574) (0.03672)
Per capita income (log) -1.04278%**
(0.19641)
Agglomeration (log) 0.01909
(0.04614)
Regional economy (log) 0.84167%**
(0.04759)
Constant 4.28493*** 4.19098*** -7.43614%***
(0.09785) (0.63237) (1.99832)
Log pseudolikelihood -316897.04 -142072.65 -65677.165
Pseudo R-squared 0.4406 0.7405 0.8800
Observations 3,810 3,633 3,633

Note. Robust standard errors are adjusted for 381 MSAs and in parentheses: *** p < 0.01, ** p <0.05, * p
< 0.1. The term “log” indicates a natural log. Due to the missing data in the human capital variable, 177 obs.

were dropped in columns 2 and 3.
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Poisson Regression: CTSA to Clinical Trials. Table 14 presents the Poisson

estimates showing the relationship between CTSA funding and clinical trials. In the

second column without fixed effects, the CTSA coefficient is shown not to be significant

even at the 0.1 level. Further, when taking the year and MSA fixed effects in columns 3

and 4 into account, the CTSA coefficients remain insignificant. Moreover, the

magnitudes of the coefficients are reduced by half.

These results indicate that CTSA funding is not associated with clinical trials

conducted in a region. When it comes to other control variables, the findings suggest that

the number of clinical trials conducted in a region is strongly correlated with human

capital and the agglomeration of population. Thus, in sum, this work does not support

hypothesis H2b—that CTSA funding increases clinical trials at the regional level.

Table 14. Poisson Regression: CTSA Funding to Clinical Trials

@) @) (€) 4)
Variables Poisson
Clinical trials (Count)
CTSA funding (log) 0.00577*** 0.00283 0.00121 0.00140
(0.00164) (0.00174) (0.00200) (0.00196)
Public R&D (log) 0.00794* 0.00824* 0.00605
(0.00478) (0.00451) (0.00441)
Private R&D (log) 0.00128 0.00148 0.00088
(0.00195) (0.00181) (0.00175)
Human capital (log) 0.67879%** 0.40463%** 0.28561**
(0.14185) (0.13432) (0.13402)
Large biomedical firms (log) 0.01187 0.01911 0.01575
(0.02621) (0.02480) (0.02422)
Per capita income (log) -0.61196***  -1.07243***  -(0.64215**
(0.17790) (0.28307) (0.27643)
Agglomeration (log) 0.46977%** 0.35861*** 0.40153**
(0.15358) (0.12676) (0.15615)
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Regional economy (log) 0.41229%* 0.44851%* -0.08568
(0.18784) (0.20033) (0.17859)

Constant 4.80874%** -3.86144 1.55731

(0.10722) (2.53036) (4.18115)
Year fixed effect NO NO YES YES
MSA fixed effect NO NO NO YES
Log pseudolikelihood 18480.216 -17376.049 -16934.938 -14098.977
Observations 3,810 3,633 3,633 3,627
Number of MSA 381 381 381 379

Note. Robust standard errors are adjusted for MSAs and in parentheses: *** p < 0.01, ** p <0.05, * p <0.1.
The term “log” indicates a natural log. Due to the missing data in the human capital variable, 177
observations were dropped in columns 2, 3, and 4. One group (3 obs.) was dropped because of all zero
outcomes in column 4.

The Effect of CTSA, Biomedical Patents, and Clinical Trials on the SBIR Grants

In this section, I present the regression results of Eq. 5, which estimate the effects
of CTSA funding, biomedical patents, and clinical trials on SBIR grants. The dependent
variable is the number of SBIR grants. The main independent variables are CTSA
funding, biomedical patents, and clinical trials, which are in log form. This section also
uses the Poisson model.

Pooled Poisson Regression: CTSA, Biomedical Patents, and Clinical Trials to
SBIR Grants. The estimation begins with the pooled Poisson regression, as reported in
Table 15. The coefficients of biomedical patents and clinical trials are significant at the
0.05 level throughout the columns. The results indicate that a 1% increase in biomedical
patents and clinical trials is associated with an increase in the number of SBIR grants by
0.32% and 0.15%, respectively, all other things being equal. However, the coefficient of
CTSA funding is shown not to be significant even at the 0.1 level. Additionally, with the
exceptions of the number of large biomedical firms and the agglomeration of population

variables, we find that the control variables are significant.
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Table 15. Pooled Poisson Regression: CTSA, Biomedical Patent, Clinical Trials to SBIR

Grants
(1) 2 3)
Variables Poisson
SBIR grants (Count)
CTSA funding (log) 0.00598 -0.00060 0.00312
(0.00801) (0.00562) (0.00543)
Biomedical patents (log) 0.62892%** 0.29964*** 0.32066%**
(0.05134) (0.05351) (0.05872)
Clinical trials (log) 0.34776%** 0.28754%** 0.15348**
(0.05169) (0.05275) (0.07217)
Public R&D (log) 0.0803 1*** 0.06674***
(0.01878) (0.01837)
Private R&D (log) 0.01870** 0.01410%*
(0.00791) (0.00829)
Human capital (log) 1.50745%** 2.14628%**
(0.22065) (0.25798)
Large biomedical firms (log) 0.12569%* 0.08038
(0.06064) (0.07338)
Per capita income (log) -1.08302%**
(0.28525)
Agglomeration (log) 0.08011
(0.08182)
Regional economy (log) 0.19457**
(0.09012)
Constant -3.48713%** -8.93080*** -3.94190*
(0.22322) (0.68472) (2.24674)
Log pseudolikelihood -2945.0002 -2646.0529 -2617.338
Pseudo R-squared 0.6507 0.6796 0.6830
Observations 3,810 3,633 3,633

Note. Robust standard errors are adjusted for 381 MSAs and in parentheses: *** p < 0.01, ** p <0.05, * p
< 0.1. The term “log” indicates a natural log. Due to the missing data in the human capital variable, 177 obs.

were dropped in columns 2 and 3.
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Poisson Regression: CTSA, Biomedical Patents, and Clinical Trials to SBIR
Grants. Table 16 reports the estimates of the Poisson regression with fixed effects. The
first two columns show the coefficients of CTSA, biomedical patents, and clinical trials
estimated without the year and MSA fixed effects. They are not stable in terms of
direction or significance. When including the year fixed effect in column 3, the
coefficients of CTSA and biomedical patents become significant at the 0.05 level (p-
value: 0.02).

Column 4, which is the full model, shows the estimates with both year and MSA
fixed effects. The CTSA funding and biomedical patents coefficients are shown to be
significant and stable, as they have p-values of 0.06 and 0.039, respectively. The CTSA
coefficient, 0.0066, is slightly smaller than that obtained in Chapter 5, which was 0.0073
(shown in column 4 in Table 8). I conjecture that this result is because the effect of the
CTSA funding is divided into three paths—indirect path 1 through biomedical patents,
indirect path 2 through clinical trials, and the direct path through other outputs. The
coefficient indicates that a 1% increase in CTSA funding increases SBIR grants by
0.0066%, ceteris paribus.

Here, the patent coefficient is 0.127, which means that a 1% increase in the
number of biomedical patents in a region is associated with a 0.127% increase in the
number of SBIR grants, all other things being equal. The results mean that more
knowledge induces a higher level of biomedical entrepreneurship. Thus, this finding
supports the knowledge spillover theory of entrepreneurship (KSTE) suggested by Ace et

al. (2009) and others. However, the clinical trials coefficient is not significant even at the
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0.1 level with the MSA fixed effect in column 4. Thus, we cannot confirm a correlation

between clinical trials and biomedical entrepreneurship in a given region.

Table 16. Poisson Regression: CTSA, Biomedical Patent, Clinical Trials to SBIR Grants

(1) 2 3) @)
Variables Poisson
SBIR grants (Count)
CTSA funding (log) -0.00310 0.00357 0.00833%* 0.00663*
(0.00450) (0.00280) (0.00359) (0.00352)
Biomedical patents (log) 0.19659 0.14623 0.28828*** 0.12744%*
(0.22020) (0.11082) (0.09754) (0.06173)
Clinical trials (log) 0.65085%** 0.07567 0.05216 -0.00078
(0.07101) (0.06860) (0.06839) (0.10110)
Public R&D (log) 0.03621%** 0.03727%%* -0.00216
(0.01267) (0.01449) (0.01336)
Private R&D (log) 0.00975 0.00251 -0.00450
(0.00785) (0.00636) (0.00686)
Human capital (log) 3.23099%** 2.82019%** -0.79167
(0.65084) (0.41647) (0.62189)
Large biomedical firms (log) -0.12187 -0.10263 -0.11516
(0.09236) (0.06994) (0.08209)
Per capita income (log) -2.64731*%%*  -0.66402 0.69396
(0.29346) (0.52732) (0.82894)
Agglomeration (log) 0.06106 -0.04021 0.19827
(0.11420) (0.11760) (0.65063)
Regional economy (log) 0.71551%** 0.55959%#** 0.23510
(0.24437) (0.20487) (0.59408)
Constant -3.98627***  -2.17384 -17.46876%*
(0.52557) (3.56453) (7.38641)
Year fixed effect NO NO YES YES
MSA fixed effect NO NO NO YES
Log pseudolikelihood -2394.0264 -2360.9699 -2319.9729 -1590.718
Observations 3,810 3,633 3,633 1,759
Number of MSA 381 381 381 178

Note. Robust standard errors are adjusted for MSAs and in parentheses: *** p <0.01, ** p <0.05, * p <0.1.
The term “log” indicates a natural log. Due to the missing data in the human capital variable, 177
observations were dropped in columns 2, 3, and 4. 203 groups (1874 obs.) were dropped because of all zero
outcomes in column 4.
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Path Analysis

Between the two types of fitting approaches for structural equation modeling
using Stata software—Ilinear structural equation modeling (SEM) and generalized SEM
(GSEM)—I chose GSEM to fit the Poisson model, largely because SEM does not allow
for both fitting the Poisson model and including the year and MSA fixed effects as factor
variables. Using GSEM, I add the year and MSA dummies in the model as fixed effects
in the analysis. The independent variables are in log form. I calculate the cluster-robust
standard errors. The arrows in Figure 18 indicate the directional relationships.

One thing to note is that as all the variables in the path model are observed, the
path coefficients from the structural equation modeling should be the same as those
obtained from the Poisson regression in the previous sections (shown in Tables 11, 14,
and 16). In the current analysis, the generalized structural equation modeling does not
achieve convergence. However, the GSEM generates virtually the same coefficients and
robust standard errors as those presented in the previous sections (found in Tables 11, 14,
and 16). I present the path results in Figure 18. For the sake of readability, this figure
shows the major relationships among CTSA funding, biomedical patents, clinical trials,
and SBIR grants. The detailed path diagram is presented in Appendix D.

I summarize five key observations from the path analysis. First, CTSA funding is
found to increase regional biomedical patents. The results indicate that a 1% increase in
CTSA funding increases the number of biomedical patents by 0.0052%. As the mean of
the biomedical patents in the CTSA-funded MSAs is 114.8, an additional percentage of

CTSA funding can change the number of biomedical patents by 0.6 (= 114.8 * 0.0052)
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on average. If we double the CTSA funding size, the average change in the number of

biomedical patents in a region will be 60 (= 100 * 0.6). This finding supports hypothesis

H2a, which asserts that CTSA funding increases the number of biomedical patents in a

region.
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Figure 18. Path Analysis Results

Note. The coefficients are metric regression coefficients. N = 3,633 due to missing values in the human
capital variable. The robust standard errors are adjusted for 381 MSAs and are in parentheses. *** p < 0.01,
** p<0.05, ¥*p <0.1. The solid lines indicate statistically significant relationships, while the dotted lines

indicate insignificant ones at the 0.1 level.

Second, the relationship between biomedical patents and SBIR grants is also

shown to be positive and highly significant. The coefficient is 0.127, which indicates that

a 1% increase in biomedical patents is associated with a 0.127% increase in the number
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of SBIR grants. Given that the average number of SBIR grants is 0.965, a 10% increase
in biomedical patents can increase the SBIR grant count by 1.23 (= 0.965 * 0.127 * 10).
This result supports KSTE, which links new knowledge production and entrepreneurial
activity (Acs et al., 2009).

Third, the indirect path 1 of CTSA funding on SBIR grants through biomedical
patents is small and not significant even at the 0.1 level. The coefficient for the indirect
path (i.e., from CTSA funding to biomedical patents, and then, from biomedical patent to
SBIR grants) is 0.00066, and the p-value is 0.145. This coefficient is approximately one-
tenth that of the direct path (i.e., 0.00663) from CTSA funding to SBIR grants, as shown
in Figure 18. Even if we double the CTSA funding for an MSA, it may only change the
number of SBIR grants by 0.066% through indirect path 1. Thus, the magnitude is
relatively small. Nonetheless, the coefficient of indirect path 1 is positive, as expected.
However, this result does not support hypothesis H3a, which suggested that increased
levels of biomedical patents boost the NIH SBIR grants in a region. This small
coefficient and high p-value indicate that the CTSA program has a limited effect on SBIR
grants through biomedical patents, and also that the effect through biomedical patents is
not a strong source of biomedical entrepreneurial activity in a region. Thus, hypothesis
H3a is not supported. I discuss this result later in this dissertation.

Fourth, CTSA funding is not associated with an increase in clinical trials in a
region. Although there is a positive effect of CTSA funding on clinical trials, the
relationship is not significant at the 0.1 level. Thus, hypothesis H2b is not supported by

the results of this work. Considered together with the case of biomedical patents, this
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finding implies that the effects of CTSA funding on biomedical knowledge production
vary depending on the type of knowledge.

Additionally, the relationship between clinical trials and SBIR grants is found to
be negative and not significant at the 0.1 level. In conjunction with the strong correlation
between biomedical patents and SBIR grants, we can conclude that the effect of
biomedical knowledge on SBIR grants likewise depends on the type of knowledge. When
combining the two results, the indirect path 2 of CTSA funding on SBIR grants through
clinical trials is small and insignificant. The coefficient of indirect path 2 is -0.0000011,
and the p-value is 0.994. This result indicates that hypothesis H3b is not supported.

Fifth, the direct path from CTSA funding to SBIR grants is larger than either
indirect path and is significant. The coefficient of the direct effect is 0.0066 and
significant at the 0.1 level (p-value: 0.06). The coefficient indicates that a 1% increase in
CTSA funding changes the number of SBIR grants by 0.0066%. One thing to note is that
the coefficient of the direct path is much larger and more significant than those of the
indirect paths. As discussed, the direct path in the Complex model includes the effects of
all outputs other than biomedical patents and clinical trials. Thus, the large differences
could indicate that the indirect paths through biomedical patents or clinical trials are not
the main channels between CTSA funding and SBIR grants.

Discussion

From the work described above, I found that CTSA funding does contribute to an
increase in the number of biomedical patents in a region. The estimate is significant, but
the magnitude of the effect is relatively small: a 1% increase in CTSA funding increases

the number of biomedical patents by 0.005%. Concerning this small effect size, we may
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conjecture that the increased number of biomedical patents might not be captured by the
three technology classes—Class 424 (includes Class 514), Class 435, and Class 800—
used in this research to measure patents in the biomedical field (Cortright & Mayer,
2002). That is to say, if CTSA funding contributes to increases in biomedical patents
outside these three technology classes, the impact of the funding might be
underestimated. Another potential explanation is the indirect impact of CTSA funding on
biomedical patents. As noted, the CTSA program is designed to improve the translational
research environment rather than to fund specific projects directly. From this, I speculate
that the effect of CTSA funding on biomedical patents might not be strong.

I also found that there is a strong association between the number of regional
biomedical patents and the number of SBIR grants in an MSA. An additional percentage
change in biomedical patents is associated with a 0.128% increase in NIH SBIR grants
received in a region. This result supports that KSTE. Entrepreneurs with easy access to
more available knowledge stock in their regions can use that increased knowledge stock
when applying for an SBIR grant. Moreover, this idea is consistent with the literature that
emphasizes the role of intellectual property rights in the creation and growth of
biomedical firms (e.g., Pisano, 2006). While there have been several empirical studies
supporting KSTE (e.g., Audretsch & Lehmann, 2005), the results of the present work are
significant because they show that KSTE holds in a sectoral context like the biomedical
sector.

One remaining question to ask is why the channel through biomedical patents is
weak. The regression analyses show that each relationship 1) between the CTSA program

and the biomedical patents, and 2) between the biomedical patents and the SBIR grants is
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positive and significant at the 0.1 level. However, the path analysis indicates that indirect
path 1—the effect of CTSA on SBIR grants through biomedical patents—is small and
lacks significance. This finding is contrary to our expectation that CTSA funding would
increase biomedical patents in a region, and in turn, that increased level of patents would
boost biomedical entrepreneurship.

There might be several possible explanations for this finding. First, there might be
mismatches. Specifically, there might be a mismatch between the patent production and
the utilization time. There might also be a mismatch between the patent production and
the utilization location. It could be the case that entrepreneurs are not limited to using the
knowledge produced in their particular regions, but rather, that they search for knowledge
more globally. For instance, entrepreneurs might have used biomedical patents produced
outside their regions from several years prior. A second possible explanation could be the
scope of the biomedical patents used in this research. As noted, this study measured
biomedical patents in three technology classes defined by Cortright and Mayer (2002).
This work could have neglected biomedical patents that were awarded outside these three
classes when estimating the effect of the CTSA on regional biomedical patents. Similarly,
if the SBIR grantees used biomedical patents other than those from these three classes,
the relationship between regional biomedical patents and SBIR grants could have been
underestimated. Ultimately, these two factors might have reduced the path coefficient
from the CTSA to the SBIR grants through biomedical patents.

We should also ask why the channel through clinical trials is so weak. This
research showed that CTSA funding is not associated with the number of clinical trials

conducted in a region. Additionally, I found no significant relationship between the
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clinical trials conducted and the SBIR grants received by regional entrepreneurs.
Accordingly, indirect path 2—the effect of CTSA on SBIR grants through clinical
trials—was found to be small and lacking significance.

I consider two potential explanations for this finding. In this study, I counted the
number of clinical trials conducted in an MSA. While some clinical trials conducted in a
region might be affected by the CTSA program and related activities within a region,
others might just be participating sites. For instance, according to my clinical trials data
downloaded from ClinicalTrials.gov, 13.8% of the clinical studies were conducted in
more than 10 sites worldwide. Further, 27 clinical studies had more than 1,000 sites
worldwide. Thus, the large number of participating sites could have attenuated the
strength of the relationship between the CTSA and the clinical trials.

According to researchers and practitioners, site selection is greatly influenced by
diverse factors (Dombernowsky et al., 2019; Hurtado-Chong et al., 2017; Silva, 2018).
For instance, Dombernowsky et al. (2019) found that recruitment-related factors are key
in the selection of study sites. As shown in Table 18 in this paper, I also found that the
number of clinical trials is strongly associated with population density, which suggests
that population density is a helpful condition for recruitment. Thus, these factors might
have influenced the clinical trial variable more heavily than other factors, such as CTSA
funding.

When viewed from the perspective of entrepreneurs, I suspect there might have
been a mismatch between needed knowledge and produced knowledge. Some
entrepreneurs require case-specific information for their technological developments and

businesses, but the clinical trials conducted in their specific regions might not be directly
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relevant to their entrepreneurial activities since some clinical trials are just participating
sites or because some clinical studies do not apply to their businesses.

Ultimately, we need to ask what the main channel is that connects translational
research and regional biomedical entrepreneurship. The path analysis conducted indicated
that biomedical patents and clinical trials are not the main channels connecting
translational research and regional biomedical entrepreneurship. On the other hand, the
direct path shows a strong relationship between the two. As noted, this direct path
includes other outputs—ones different from biomedical patents and clinical trials—such
as publications, consultation, and trained experts. Although I am unable to identify what
the main path is because I do not have the relevant data at the MSA level, I conjecture
that publications might be one plausible channel. According to the literature, compared to
other outputs influenced by the CTSA program, publications seem to be a prominent
candidate. For instance, Llewellyn et al. (2018) showed that the CTSA program
contributed to the publication of more than 60,000 articles, and that the grantees’
publications received a higher citation number. Further, according to Kim (2019), the
CTSA program has increased the number of publications, especially in clinical trial
fields. This possibility needs further study in order to confirm the major source of the
effect by focusing on the publication variable aggregated at the MSA level.

Conclusion

In Chapters 5 and 6, I discussed my findings that CTSA funding increases
regional biomedical patents and SBIR grants at the MSA level. I also discussed how there
is a strong association between regional biomedical patents and SBIR grants. The results

of this work support KSTE. However, the coefficients are small in a practical sense.
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Additionally, the path analysis showed that the effect of CTSA funding on SBIR
grants is not strongly transmitted through either biomedical patents or clinical trials. The
path coefficients were small and lacked significance even at the 0.1 level. It is contrary to
our expectations that CTSA funding would increase biomedical patents and/or clinical
trials, and through them, boost SBIR grants. Yet, due to a lack of relevant data, I was
unable to specify what connects CTSA funding and SBIR grants.

In sum, the analyses showed that translational research has a limited impact on
regional biomedical entrepreneurship and knowledge production. Given that the effect of
translational research is small, and that diverse factors might also contribute to the
development of the biomedical sector, one remaining question that needs to be addressed
is how other factors might affect regional biomedical entrepreneurship. In this vein, the
analysis presented in the next chapter attempts to identify needed conditions for

successful biomedical entrepreneurial activity.
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Chapter 7: Empirical Application III — Collective Model Analysis
Research Questions

The analyses presented in this chapter investigate the combinations of conditions
that are effective for promoting biomedical entrepreneurship at the regional level. These
analyses are based on the assumption that a combination of factors, rather than a single
dominant factor, can increase entrepreneurship, and also that the same outcome can result
from different sets of factors. Thus, here, I attempt to identify the configurations of
regional conditions that generate high levels of regional biomedical entrepreneurship.

The key research question addressed in Chapter 7 is: What are the effective
configurations of conditions associated with high levels of biomedical entrepreneurship
in a region? As discussed in Chapter 4, the Collective model posits that biomedical
entrepreneurship in a region is a function of 10 conditions: public biomedical R&D,
private biomedical R&D, human capital, translational research, biomedical patents,
clinical trials, per capita income, the level of agglomeration of population, the local
presence of established large biomedical firms, and the size of the regional economy.

In this chapter, I briefly introduce the empirical method, and then I present the
detailed procedure for analyzing the data. At the end of the chapter, I provide the results,
as well as the implications of the findings.

Empirical Method

For this examination, I utilize fuzzy-set qualitative comparative analysis (fsQCA)
to analyze the Collective model. The fsSQCA method explores multiple paths that lead to
the same outcome based on set-theoretical logic and the concept of equifinality (Kraus et

al., 2018; Ragin, 2008). The main purpose of fSQCA analysis is to investigate how
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diverse conditions are combined with others for generating a particular outcome (Lee,
2014). Below, I briefly introduce the fSQCA method.
Basic Concept of QCA

In order to better understand the methodology of qualitative comparative analysis
(QCA), we can use an illustrative case, one with two conditions that contribute to a high
level of biomedical entrepreneurship: research (A), and financial infrastructure (B).® In
this case, the outcome is a high level of biomedical entrepreneurship. If we consider high
(i.e., present) and low (i.e., absent) levels of each condition—denoted as A and a, and B
and b—there are four possible combinations: A*B, A*b, a*B, and a*b.”

If we find that the first three combinations—A*B, A*b, and a*B—consistently
have actual cases (i.e., the regions have high levels of entrepreneurship), then these three
combinations can be regarded as arrangements for high levels of entrepreneurship. In
other words, high levels of entrepreneurship are a function of A*B + A*b + a*B.% Using
Boolean algebra, this formula can be simplified as A (B + b) + aB, which can then be
simplified further as to A + aB. Thus, the simplified result implies that regardless of the
level of financial infrastructure (B or b), a high level of research (A) is a condition for a
high level of entrepreneurship. Additionally, a low level of research (a) combined with a
high level of financial infrastructure (B) is also a condition for a high level of
entrepreneurship.

In this respect, fSQCA is an appropriate approach when it is believed that there is

a set of different arrangements needed to produce an outcome (Ragin, 2008). This

® The example is adapted from Lee (2014), which used healthcare system and democracy as conditions.
7 If there are k conditions, the combinations are 2*. The symbol * denotes combined conditions, or “and.”
8 The symbol + denotes alternate combinations of conditions, or “or.”
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approach has increasingly been used in entrepreneurship and management fields,
including with research that has a large number of cases (Alves et al., 2019; Cooper &
Glaesser, 2010; Kraus et al., 2018).
Calibration and Truth Table

While the example above simply considers two conditions—high and low, fsSQCA
allows us to assign more fine-grained degrees of membership to a case (Ragin, 2008).
This process is called calibration. For instance, a four-value fuzzy-set scheme uses 1,
0.67, 0.33, and 0 to indicate fully in, more in than out, more out than in, and fully out
(Ragin, 2008). This means that we can divide the level of research or financial
infrastructure (in the previous example) into four levels. Similarly, six-value and
continuous fuzzy sets are also possible (Ragin, 2008). It is important to note that this
calibration process should be based on substantial knowledge and theory (Ragin, 2008).

To calibrate variables (conditions) based on a conventional scale, we need to
specify three key values: full membership, full non-membership, and a crossover point
(Ragin, 2008). A researcher sets these key values. For instance, a researcher may give full
membership (i.e., 1 on the [0, 1] membership scale) to Boston when it comes to life
science research, and they may give full non-membership (i.e., 0 on the [0, 1]
membership scale) to a remote city. The investigator also sets the crossover point to
decide which regions are in and which are out. As the crossover point is calibrated as 0.5
on the [0, 1] membership scale, it is important to set this point. fSQCA software
transforms a researcher’s original scale or ratio into fuzzy membership scores, ranging

between 0 and 1, based on the log odds of full membership (Ragin, 2018).
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The next step in the process is to construct a truth table. The fuzzy-set
membership scores are converted into 1 or 0, depending on the location of the
membership scores—whether the calibrated score is above or below 0.5. The truth table
contains the membership scores for each condition. The truth table contains all “logically
possible combinations of causal conditions and empirical outcome associated with each
configuration” (Ragin, 2008, p. 23). Theoretically, there will be 2¥ combinations, where k
denotes the number of conditions. For instance, the previous two-factor example has four
combinations (2> = 4). These combinations allow us to examine all possible causal
conditions. The aim of constructing and analyzing the truth table is to “examine cases
sharing specific combinations of causal conditions to see if they share the same outcome”
(Ragin, 2008, p. 23). In this respect, constructing a truth table is an important process in
using QCA.

fsQCA uses Boolean algebra to reduce the truth table to the combinations of
conditions that lead to the same outcome (Ragin, 2008). Depending on the
subset/superset relation, the necessary and sufficient conditions can be identified. First, it
is a necessary condition when membership scores of conditions or causal combinations
are consistently needed to produce an outcome. Thus, conditions must be present for an
outcome in the case of necessary conditions (Greckhamer, 2016). For instance, an
investigator may find that a high level of research investment always needs to be included
in a group with higher entrepreneurship. Second, a sufficient condition is when
membership scores of causal combinations always result in the outcome. The sufficient
condition analysis evaluates whether cases with the same combinations of conditions

result in the same outcome.
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Consistency and Coverage

As it is rare to find a perfectly consistent set relation’, fsQCA utilizes two criteria
to verify the relations, namely, consistency and coverage (Ragin, 2008). fsSQCA uses
consistency as a guideline to evaluate the significance of the set relation in question. By
definition, consistency assesses “the degree to which the cases sharing a given
combination of conditions agree in displaying the outcome” (Ragin, 2008, p. 44). In other
words, it measures how consistently the membership score of the outcome is larger than
that of the causal combination. For instance, if a configuration of conditions has 80%
consistency, this means that the configuration is consistent in 80% of the cases in the
sample.

Coverage, which seems like strength of relationship, has a different function. As
the same outcome may result from different combinations of conditions, coverage is
required to measure the importance of a certain causal combination. Thus, by definition,
coverage assesses “‘the degree to which a cause or causal combination ‘accounts for’
instances of an outcome” (Ragin, 2008, p. 44). These two criteria are presented when we
provide QCA solutions.

Types of Solutions

Depending on the integration of counterfactuals resulting from remainders (i.e.,
outcome absent), we may have three types of solutions: parsimonious, intermediate, and
complex (Ragin & Sonnett, 2005). The outcome absent, or remainder, indicates a case

when a combination in the truth table does not have an actual case.

° A set relation is established “when membership scores in one set are consistently less than or equal to
their corresponding membership scores in another set” (Ragin, 2008, p. 39).
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A complex solution considers remainders as false or not counterfactual. This
means that a complex solution does not include any counterfactuals in the minimization
process. A parsimonious solution uses some remainders that help generate a logically
simpler solution. In other words, it utilizes both easy and difficult counterfactuals. Easy
counterfactuals are cases with empirical evidence and theoretical knowledge at hand,
while difficult counterfactuals are those that have empirical evidence but lack theoretical
justification (Schneider &Wagemann, 2012). An intermediate solution utilizes only easy
counterfactuals—backed up by empirical evidence and existing knowledge—in the
minimization process (Ragin, 2008). While parsimonious solutions provide the simplest
combinations, complex solutions offer the most complex arrangements of conditions
(Ragin & Sonnett, 2005). The parsimonious solution is the superset of the intermediate
and complex solutions.

Data
Sample and Unit of Observation

The analyses discussed in this chapter use data drawn from the same 381 U.S.

metropolitan statistical areas (MSAs) discussed previously.
Variables and Data

For the fsQCA, I use the same variables and data that [ used previously (see
Chapter 5 for a description of the variables). To avoid fluctuations in the values, the
variables have the average (mean) values for the research period (2006-2015), following

Alves et al. (2019). The variables are displayed in Table 17.
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Table 17. Variables, Measures, and Data Sources

Variable Measure Data source
Outcome
NIH SBIR grants (Y) NIH SBIR (New projects in ~ NIH RePORTER
Phase I and Fast-Track)
grants (counts)
Dimensions Conditions
Scientific Public R&D expenditure in the life ~ NSF HERD Survey
Knowledge biomedical R&D science and medical field
R) at the universities (after
subtracting the CTSA
funding)
Private R&D expenditure by Compustat
biomedical R&D publicly traded biomedical
P firms
Human capital Percentage of adults (25+) U.S. Census
(H) holding a bachelor’s
degree or above
Commercialization Translational Average annual NIH CTSA  NIH RePORTER
Capacity research (T) program funding
Biomedical Number of patents in U.S. PTO
patents (B) biomedical-related

Clinical trials (N)

technology
Number of clinical trials

U.S. National

conducted Library of Medicine
(ClinicalTrials.Gov)
Entrepreneurs In- Per capita Per capita income U.S. BEA
ready income (C)
Agglomeration Population per area (i.e., U.S. Census
(A) square miles)
Support System Large biomedical Number of large biomedical ~Compustat
firms (L) firms belonging to the top
25% in annual revenue
Regional Regional GDP U.S. BEA
economy (G)
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Calibration

For this work, I utilize the direct calibration method, which applies three
thresholds—full membership (1), full non-membership (0), and a crossover point (0.5)
(Ragin, 2008). Existing knowledge needs to be used to establish these three thresholds
(Schneider & Wagemann, 2012). However, it is not always possible for researchers to
have external knowledge at hand. Thus, some have used “data-specific calibration
techniques (such as percentiles, data distribution, and rank order as thresholds) in
published studies in top management journals” (Parente & Federo, 2019, p. 408). For
instance, after citing a lack of established knowledge, Greckhamer (2016, p. 800) used
percentiles as thresholds. Researchers view that such calibration processes are acceptable
if investigators present the calibration process clearly (Parente & Federo, 2019).

Such a situation applies to the current study. There is no qualitative benchmark to
classify MSAs into different categories depending on their conditions (e.g., public
biomedical R&D investment and the number of large biomedical firms). This is primarily
because this research uses quantitative forms of data, collected through quantitative data
collection. Thus, it might be more suitable to set the thresholds of the conditions
depending on the distribution of values. Following this logic, I use the percentiles of each
condition to allocate three threshold points for membership status. This approach has
been used by researchers in the past, such as by Alves et al. (2019), who used quantiles
for the fuzzy-set calibrations when examining regional, knowledge-intensive
entrepreneurial ecosystems. As noted, Greckhamer (2016) also used this approach in his

calibration.
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Table 18 summarizes the outcome and conditions by percentile, ranging from the
smallest value to the largest value. Some conditions (e.g., SBIR grants, public biomedical
R&D) are highly right-skewed with many zeros, and some even have zeros in the median.
Conversely, other conditions (e.g., human capital, per capita income) have more stable
distributions. In the cases with highly right-skewed distributions, the excessive zeros
always belong to the non-full membership category because they are the lowest values.
Due to the excessive zeros in some variables, some MSAs with very low values in those
variables could be calibrated over the crossover points. Thus, I assume it is more
reasonable to observe the distribution of other non-zero values, which is more useful
when assigning the threshold

To adjust highly right-skewed conditions, I recalculate the percentiles for these
selected conditions after removing the zero values. This process provides a more
comparable assignment of three threshold points. Based on the abovementioned process,
Table 19 shows the recalculated percentiles of the outcome and conditions. Those
conditions with an asterisk (*) are recalculated after removing the zero values. In sum, |
choose the 1% percentile for full non-membership, the 99™ percentile for full membership,
and the 75" percentile as the crossover point.

One thing to note is that I assign full membership in the translational research
condition to all MSAs having CTSA funding. As noted, this research utilizes CTSA
funding to approximate the regional translational research condition. The presence of
CTSA funding divides regions between those MSAs with CTSA funding and those
MSAs without CTSA funding. In addition, of the 46 CTSA-funded MSAs, I exclude two

MSAss that received their initial CTSA funding in 2015, which is the last year of the
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research period under review. To do so, I use a crossover threshold that is slightly larger
than the values of these two MSAs in order to place them below the crossover point.
Following Fiss (2011) and Greckhamer (2011, 2016), another thing to note is that
I also add a constant of 0.001 to all scores, which allows us to avoid difficulties in cases
where a membership score is exactly 0.5. In order to make the calibration process
transparent (Schneider & Wagemann, 2012), I present Table 20, which shows the

thresholds for calibration used in this research.
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Table 18. Percentile Distribution of Outcome and Conditions

Outcome / conditions Smallest 1% 25% 50% 75% 90% 95% 99% Largest
SBIR grants (Y) 0 0 0 0 0.5 2.2 4.3 18.8 31.6
Public biomedical R&D (R) 0 0 0 0.41 23.79 187.53 450.73 1210.28 1964.99
Private biomedical R&D (P) 0 0 0 0 0.41 35.51 149.84 5202.88  35738.13
Human capital (H) 11.878 12.7 20.12 24.97 30.57 35.5 40.68 50.67 57.71
Translational research (T) 0 0 0 0 0 3.22 11.42 26.61 59.71
Biomedical patents (B) 0 0 0.2 1.3 9.2 31.7 79.8 447.1 641.4
Clinical trials (N) 0.08 0.5 10.58 30 99.58 346.33 631.5 1333.92 2635
Per capita income (C) 22010.8  26543.1 33638.8  36842.0 411023  46681.1 50228.1 67372.6  98789.9
Agglomeration (A) 7.185 14.5 109.35 187.46 343.09 568.45 1009.94  2664.01  13120.12
Large biomedical firms (L) 0 0 0 0 0 1 2 14.7 35.8
Regional economy (G) 1918.47 206542  5135.61 9669.62  22559.1 83583.39 138601.4 432788.6 1380009

Table 19. Percentile Distribution of Outcome and Conditions After Adjusting Highly Right-Skewed Variables

Outcome / conditions Smallest 1% 25% 50% 75% 90% 95% 99% Largest
SBIR grants (Y)* 0.1 0.1 0.2 0.6 1.9 4.5 8 22 31.6
Public biomedical R&D (R)* 0.002 0.006 0.697 6.544 111.178  351.860 578.868  1290.404 1963.990
Private biomedical R&D (P)* 0.001 0.005 2.509 13.138 72.011 753.976  3790.639  7008.236 35738.13
Human capital (H) 11.878 12.7 20.12 24.97 30.57 35.5 40.68 50.67 57.71
Translational research (T)* 0.364 0.364 4.931 8.695 16.944 23.521 33.589 59.66 59.66
Biomedical patents (B)* 0.1 0.1 0.5 2.7 12.8 38.5 94.2 447.1 641.4
Clinical trials (N) 0.08 0.5 10.58 30 99.58 346.33 631.5 1333.92 2635
Per capita income (C) 22010.8  26543.1 33638.8 36842 41102.3  46681.1 50228.1 67372.6  98789.9
Agglomeration (A) 7.185 14.5 109.35 187.46 343.09 568.45 1009.94  2664.01 13120.12
Large biomedical firms (L)* 0.1 0.1 0.2 0.8 1.9 5.8 12.7 35.8 35.8
Regional economy (G) 1918.47 = 2065.42 5135.61 9669.62  22559.1 83583.39 138601.4 432788.6 1380009

Note. Conditions with an asterisk (*) are recalculated after removing zero (0) values.
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Table 20. Thresholds for Calibration

Outcome / conditions Full non- Crossover Full
membership (0.5) membership
) (1)
SBIR grants (Y) 0.1 1.9 22
Public biomedical R&D (R) 0.006 111.178 1290.404
Private biomedical R&D (P) 0.005 72.011 7008.236
Human capital (H) 12.7 30.57 50.67
Translational research (T) 0.364 0.4 59.66
Biomedical patents (B) 0.1 12.8 447.1
Clinical trials (N) 0.5 99.58 1333.92
Per capita income (C) 26543.1 41102.3 67372.6
Agglomeration (A) 14.5 343.09 2664.01
Large biomedical firms (L) 0.1 1.9 35.8
Regional economy (G) 2065.42 22559.1 432788.6
Results

Necessity Analysis

The analysis is conducted using fsSQCA 3.0 software, which is the most up-to-date
version by Ragin and Davey (2016).'° Table 21 shows the necessary conditions for the
outcome, which is a high level of biomedical entrepreneurship, versus the absence of a
high level of biomedical entrepreneurship, or the outcome negation (absence).

According to Table 21, human capital (H), biomedical patents (B), clinical trials
(N), per capita income (C), and regional economy (G) reach the consistency threshold of
0.9 for the presence of the outcome. The absence of public biomedical R&D (R), private
biomedical R&D (P), translational research (T), biomedical patents (B), and large

biomedical firms (L) are necessary conditions for the absence of the outcome. The

10 This can be found at http://www.socsci.uci.edu/~cragin/fsQCA/software.shtml
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necessary analysis indicates that regions with high levels of biomedical entrepreneurship
almost always (90%) have the conditions of high human capital (H), biomedical patents
(B), clinical trials (N), per capita income (C), and regional economy (G). At the same
time, the results also indicate that regions with low levels of biomedical entrepreneurship
almost always (90%) have low public R&D (~R), low private R&D (~P), low
translational research (~T), low biomedical patents (~B), and low numbers of large

biomedical firms (~L).

Table 21. Analysis of Necessary Conditions

Outcome Outcome Negation
Conditions (Presence) (Absence)
Consistency  Coverage Consistency Coverage

Public biomedical R&D (R) 0.87 0.75 0.14 0.77
Private biomedical R&D (P) 0.62 0.85 0.09 0.80
Human capital (H) 0.94 0.38 0.35 0.89
Translational research (T) 0.44 0.81 0.05 0.62
Biomedical patents (B) 0.94 0.66 0.19 0.84
Clinical trials (N) 0.93 0.50 0.25 0.83
Per capita income (C) 0.93 0.37 0.37 0.91
Agglomeration (A) 0.86 0.42 0.30 0.90
Large biomedical firms (L) 0.58 0.92 0.08 0.79
Regional economy (G) 0.92 0.49 0.26 0.85
~Public biomedical R&D (~R) 0.74 0.12 0.95 0.98
~Private biomedical R&D (~P) 0.85 0.13 0.98 0.94
~Human capital (~H) 0.73 0.15 0.75 0.99
~Translational research (~T) 0.79 0.12 0.98 0.92
~Biomedical patents (~B) 0.77 0.13 0.92 0.99
~Clinical trials (N) 0.69 0.13 0.85 0.99
~Per capital income (~C) 0.76 0.16 0.74 0.99
~Agglomeration (~A) 0.80 0.15 0.81 0.97
~Large biomedical firms (~L) 0.87 0.13 0.99 0.94
~Regional economy (~G) 0.72 0.14 0.85 0.99

Note. The symbol ~ indicates the absence or negation.
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Truth Table and Sufficiency Analysis
Truth Table. Table 22 provides the truth table of the 10 conditions discussed
before. The table was created by tabulating the configurations that were found to be
above the consistency cutoff of 0.8. Ragin (2008) has advised setting the consistency
score above 0.8 in order to avoid inconsistency. Theoretically, this truth table has 1,024
(i.e., 2'=1,024) configurations. However, many of them are logical remainders that do
not have actual cases. Table 22 does not include these absent ones, which means that the

frequency threshold is set to 1 in the fSQCA software.
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Table 22. Truth Table

Number (Cases) Raw Consistency

Support
System

Entrepreneurs In-ready

Commercialization

Scientific Knowledge

Capacity

1.00
1.00
1.00
1.00
1.00
1.00
0.99
0.99
0.97
0.96
0.96
0.95
0.95
0.94
0.94
0.93
0.92
0.92
0.90
0.90
0.90
0.90
0.89
0.89

13

114



0.89
0.89
0.89
0.88
0.88
0.88
0.87
0.87
0.87
0.86
0.86
0.85
0.85
0.84
0.84
0.82
0.82

115



Sufficiency Analysis. Sufficiency analysis logically minimizes the truth table to
identify combinations that consistently produce a particular outcome (Ragin, 2008).
When conditions or combinations of conditions can generate an outcome by themselves,
they can be considered sufficient. Among the configurations presented in Table 22, I only
use those that have more than three cases in the minimization process to ensure that the
selected configurations have more solid grounding. Both Ragin (2018) and Schneider and
Wagemann (2012) have recommended using the frequency threshold of either 1 or 2 for
small N (approximately 10-100 cases) and a more substantial threshold for large N.
Additionally, Ragin (2018) recommended that a frequency threshold should be selected
to capture at least 75-80% of the cases. Following these guidelines, by setting the
frequency threshold at 3, I am able to capture 82% of the cases. Table 23 shows six
combinations that passed the two criteria—a consistency of 0.8 and a frequency of 3—

which I used for the minimization process.
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Table 23. Truth Table Above Consistency Threshold of 0.8 and Frequency Cutoff of 3

Scientific Knowledge Commercialization Entrepreneurs In-ready Support System Number (Cases) Raw Consistency
Capacity

R P H T B N C A L G

1 1 1 1 1 1 1 1 1 1 13 1.00

1 0 1 1 1 1 1 1 0 1 3 0.94

1 0 0 1 1 1 1 1 0 1 3 0.93

1 0 1 1 1 1 1 0 0 1 4 0.92

1 0 0 0 1 1 0 1 0 1 3 0.87

1 0 1 0 1 0 0 0 0 0 3 0.82
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Solutions

Three Types of Solutions. Table 24 presents three types of solutions after the
minimization process: parsimonious, intermediate, and complex solutions. First, the
parsimonious solution generates one simple combination leading to high levels of
biomedical entrepreneurship: public biomedical R&D (R)*biomedical patents (B). In this
analysis, the results reveal that the most parsimonious configuration linked to high
biomedical entrepreneurship is having large public R&D investment in the biomedical
field combined with having many biomedical patents.

Second, the intermediate solution yields two configurations leading to high levels
of biomedical entrepreneurship: public biomedical R&D (R)*human capital
(H)*biomedical patents (B) + public biomedical R&D (R)*biomedical patents
(B)*clinical trials (N)*agglomeration (A)*regional economy (G). These results indicate
that MSAs with either configuration can reach high levels of biomedical entrepreneurship
regardless of any other condition. It is easy to identify that the intermediate solution term
is the subset of the parsimonious solution described.

Third, the complex solution produces five configurations linked to high levels of
biomedical entrepreneurship. As Table 24 shows, the five combinations of conditions are
subsets of the parsimonious and intermediate solutions. The complex solutions show that
the most complex configuration patterns relate to high levels of regional biomedical

entrepreneurship.
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Table 24. Three Types of Solutions

Parsimonious solution

Path Configurations Raw Unique  Consistency Cases
Coverage Coverage
1 R*B 0.84 0.84 0.83 20
Solution Coverage 0.84
Solution Consistency 0.83

Intermediate solution

Path Configurations Raw Unique  Consistency Cases
Coverage Coverage
R*H*B 0.80 0.09 0.85 20
2 R*B*N*A*G 0.74 0.03 0.88 20
Solution Coverage 0.83
Solution Consistency 0.84

Complex solution

Path Configurations Raw Unique Consistency Cases
Coverage Coverage

1 R*~P*H*T*B*N*C*~L*G 0.28 0.01 0.92 7

2 R*~P*T*B*N*C*A*~L*G 0.26 0.00 0.94 6

3 R*~P*¥*H*~T*B*~N*~C*~A*~L*~G 0.53 0.04 0.82 3

4  R*~P*~H*~T*B*N*~C*A*~L*G 0.53 0.02 0.87 3

5  R*P*H*T*B*N*C*A*L*G 0.22 0.08 1.00 13
Solution Coverage 0.76
Solution Consistency 0.85

Configurations of Solutions. While Table 24 provides detailed information
concerning the combinations of conditions, it is hard to grasp the pattern of the
configurations from this table. Thus, following the notation of Ragin and Fiss (2008), I
present the configurations constructed with a combination of intermediate and

parsimonious solutions in a more visual manner in Table 25. As Greckhamer (2016)
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noted, it is common to report the results with a combination of intermediate and
parsimonious solutions. The full circles and the crossed-out circles in Table 25 denote a
condition’s presence or absence, respectively. The large circles indicate core conditions
observed in both the parsimonious and intermediate solutions, while the small circles
denote complementary conditions observed in the parsimonious solutions but not in the
intermediate solutions (Ragin & Fiss, 2008).

Table 25 shows that two configurations are linked to high levels of biomedical
entrepreneurship. They represent two distinct configurations leading to high biomedical
entrepreneurship in a region: Configuration 1, which focuses on accelerating scientific
activities; and Configuration 2, which has an emphasis on promoting entrepreneurial

infrastructure conditions.

Table 25. Configurations for High Biomedical Entrepreneurship

Solutions (Intermediate and Parsimonious)

Configuration 1 Configuration 2

Scientific knowledge
Public biomedical R&D (R) ® o

Private biomedical R&D (P)

Human capital (H) )
Commercialization Capacity

Translational research (T)

Biomedical patents (B) o ]

Clinical trials (N) °
Entrepreneurs In-ready

Per capita income (C)

Agglomeration (A) °

Support System

120



Large biomedical firms (L)

Regional economy (G) °

MSA (Cases) Atlanta-Sandy Springs-Marietta (GA), Baltimore-Towson
(MD), Boston-Cambridge-Quincy (MA-NH), Chicago-
Naperville-Joliet (IL-IN-WI), Columbus (OH),
Minneapolis-St. Paul-Bloomington (MN-WI), New Haven-
Milford (CT), New York-Northern New Jersey-Long Island
(NY-NJ-PA), Philadelphia-Camden-Wilmington (PA-NJ-
DE-MD), San Diego-Carlsbad-San Marcos (CA), San
Francisco-Oakland-Fremont (CA), San Jose-Sunnyvale-
Santa Clara (CA), Seattle-Tacoma-Bellevue (WA),
Washington-Arlington-Alexandria (DC-VA-MD-WV),
Ann Arbor (MI), Denver- Dallas-Fort Worth-
Aurora (CO), Durham (NC), | Arlington (TX), Houston-
Gainesville (FL), Madison Sugar Land-Baytown (TX),
(WI), Worcester (MA) Los Angeles-Long Beach-
Santa Ana (CA), Miami-
Fort Lauderdale-Pompano
Beach (FL), Pittsburgh
(PA), Tampa-St.
Petersburg-Clearwater (FL)

Consistency 0.85 0.88
Raw Coverage 0.80 0.74
Unique Coverage 0.09 0.03
Solution Consistency 0.84
Solution Coverage 0.83

Note. ® = core causal condition present; @) = core causal condition absent; ® = complementary causal

condition present; and ® = complementary causal condition absent. MSAs in italics are common cases in
both configurations.

Configuration 1 combines public biomedical R&D and biomedical patents as core
conditions, along with human capital as a complementary condition. Configuration 1
indicates that regions with these three combined conditions can reach high levels of

biomedical entrepreneurship regardless of other conditions, such as private biomedical
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R&D, translational research, and large biomedical firms located in the region.
Configuration 1 reflects the importance of scientific activities in the biomedical sector.
This finding is consistent with the literature that emphasizes the role of science and
human capital in the biotech business (Pisano, 2006; Zucker et al., 1998b).

Additionally, Configuration 1 also sheds light on the core role of biomedical
patents in promoting biomedical entrepreneurship. It is in line with what the knowledge
spillover theory of entrepreneurship (KSTE) literature suggests (Acs et al., 2009;
Audretsch, 1995). One central thing to note here is that translational research does not
appear to be a key ingredient in the configuration generating high levels of biomedical
entrepreneurship.

Configuration 2 combines the presence of public biomedical R&D and biomedical
patents as core conditions, and clinical trials, agglomeration of population, and the size of
the regional economy as complementary conditions. Configuration 2 is similar to
Configuration 1, but it is different in terms of swapping human capital with clinical trials,
agglomeration of population, and the size of the regional economy, while keeping the two
core conditions the same. Configuration 2 implies that regions with the five conditions
combined, regardless of any other conditions, can result in high levels of biomedical
entrepreneurship.

When compared to Configuration 1, Configuration 2 has more emphasis on strong
regional infrastructure that can support entrepreneurial activity, such as agglomeration of
population and the size of the regional economy. As touched on earlier in this
dissertation, and as Qian et al. (2013) noted, the agglomeration of a population can

facilitate knowledge sharing and knowledge flow through the close and frequent
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interactions among potential entrepreneurs. The size of the regional economy (i.e., GDP)
reflects whether a region can provide the necessary financial funding, such as money
raised through venture capital. The high clinical trials condition combines with the other
infrastructure conditions (i.e., population agglomeration and GDP) in a region to generate
a pathway for high biomedical entrepreneurship. This combination is logical since
clinical trials require clinical sites that are roughly proportional to the density of a
population and the size of an economy.

Implications of the Solutions. There are several significant implications
regarding the identification of the two primary pathways for biomedical entrepreneurship.
First, as shown, there is no single recipe for a region to increase its level of biomedical
entrepreneurship. Furthermore, a region also does not necessarily need to possess all the
well-known conditions to have a vibrant biomedical business sector. The results show
that the two configurations discussed above, with their respective combined conditions,
are sufficient to achieve high levels of biomedical entrepreneurship.

Second, it is important to see that a region must assemble the proper set of
conditions for success. Any given region needs to have one of the two combinations of
conditions to reach a high level of biomedical entrepreneurship. This means that regions
need to have a specific set of conditions that interact well together to generate the desired
outcome.

Third, the presence of translational research turns out not to be an essential
condition in such sets. Notably, when viewed in isolation, translational research was
found to be a dominant factor affecting biomedical entrepreneurship, as demonstrated in

the analyses of the Simple and Complex models in this dissertation. However, the
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conjunctions of regional conditions generate effective paths to biomedical
entrepreneurship even without the presence of translational research (i.e., the CTSA
program) in a region. That said, this result does not mean that translational research is
unimportant for biomedical entrepreneurship. Rather, it implies that translational research
is not an essential element for biomedical entrepreneurship, since regions without the
presence of translational research (or regardless of the CTSA program) can achieve high
levels of biomedical entrepreneurship with the proper combination of other conditions.

Fourth, the private sector also seems not to be an essential factor for supporting
high levels of regional biomedical entrepreneurship. However, similar to the case of
translational research, this result does not mean that the private sector is unimportant for
biomedical entrepreneurship. Instead, the result indicates that regardless of the role of the
private sector, a region can reach a high level of biomedical entrepreneurship as long as it
has one of the abovementioned two configurations of conditions.

I suggest two possible reasons for the findings above. First, the outcome
variable—SBIR grants—is more likely to be influenced by the presence of public
biomedical R&D than private firms’ biomedical R&D. Small biotech companies applying
to the NIH SBIR program generally license intellectual property from research
institutions, rather than relying on established large companies. The private sector may
play an important role in the growth or exit stage of biomedical firms. Thus, if we were to
use a variable that could measure the later stages of biomedical entrepreneurship, we
might be able to observe a more prominent role for the private sector. Second, this
study’s variables for the private sector—private biomedical firms’ R&D and the number

of large biomedical firms—only include publicly traded firms. As noted, the data used in
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this study came from Compustat, which is a collection of information on publicly traded
firms. As there are many biomedical companies besides those found through Compustat,
the private sector’s impact might have been calculated lower than was the actual case.

Graphical Relationships. Figure 19 displays the relationships between the
outcome (Where the y-axis is the level of biomedical entrepreneurship or SBIR grants)
and the configurations. Graphs (a) and (b) correspond to Configuration 1 and
Configuration 2, respectively.

As noted, the fuzzy membership score in the cause or causal combination should
be smaller than that of the outcome to be a sufficient condition. In other words, the
condition(s) should be a subset of the outcome for it to be sufficient. Represented
visually, it should be located in the upper-triangular plot. If a condition is a perfect subset
of the outcome (i.e., the consistency is equal to 1), all cases (presented as the dots in
Figure 19) will be placed in the upper-triangular part of the figure.

As the consistencies of Configuration 1 and Configuration 2 are 0.85 and 0.88,
respectively, most are found in the upper-triangular part. For instance, the consistency of
0.85 for Configuration 1 indicates that 85% of the cases with Configuration 1 consistently
achieve high levels of the outcome. Each dot represents each MSA. For example, the top
right dot in graph (a) in Figure 19 represents the Boston MSA, which is located at (0.87,
0.99), where 0.87 is the membership score of Configuration 1 (i.e., R*H*B) of the Boston

MSA and 0.99 is the membership score of the outcome (Y or SBIR) of the Boston MSA.
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Figure 19. Graphs with Outcome and Configurations (Intermediate Solutions)
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Robustness Checks

This section discusses two robustness checks used for this work. These robustness
checks follow the guidelines put forward by Schneider and Wagemann (2012).

First, following one of the suggested approaches, I lower the consistency
threshold to 0.78, which is the next highest consistency score. Note that when I set the
consistency threshold at 0.8 in the analysis, the consistency threshold used is 0.82, since
it is the lowest level above the 0.8 cutoff (see Table 23); thus, I lower the threshold from
0.82 to 0.78. Schneider and Wagemann (2012) stated that the new solution becomes a
superset of the original one when lowering the consistency threshold. Table 26 presents
the new solution.

As expected, the parsimonious solution, which is public biomedical R&D (R), is a
superset of the original parsimonious solution term of public biomedical R&D
(R)*biomedical patents (B). For the intermediate solution, I have a new solution term
with two configurations—public biomedical R&D (R)*human capital (H) + public
biomedical R&D (R)*biomedical patents (B)*clinical trials (N)*agglomeration
(A)*regional economy (G). Comparing them with the original solution terms found in
Table 24, we see that the new intermediate solution terms are the supersets of the original
intermediate solution terms.

Next, I have five complex solutions. Four of them (i.e., paths 2-5 in Table 26) are
identical to the original complex solutions in Table 24. The remaining one (i.e., path 1 in
Table 26) is a superset of path 3 in Table 24. Thus, the first robustness check confirms

the stability of the original solution terms.
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Table 26. Three Types of Solutions with a Lowered Consistency Threshold of 0.78

Parsimonious solution

Path Configurations Raw Unique Consistency  Cases
Coverage Coverage
I R 0.87 0.87 0.75 20
Solution Coverage 0.87
Solution Consistency 0.75

Intermediate solution

Path Configurations Raw Unique Consistency  Cases
Coverage Coverage
1 R*H 0.83 0.12 0.80 20
2 R*B*N*A*G 0.74 0.03 0.88 20
Solution Coverage 0.85
Solution Consistency 0.80

Complex solution

Path Configurations Raw Unique Consistency  Cases
Coverage Coverage

1 R*¥~P*H*~T*~N*~C*~A*~L*~G 0.55 0.06 0.78 6

2 R*~P*H*T*B*N*C*~L*G 0.28 0.01 0.92 7

3 R*P*T*B*N*C*A*~L*G 0.26 0.00 0.94 6

4  R*~P*~H*~T*B*N*~C*A*~L*G 0.53 0.02 0.87 3

5  R*¥P*H*T*B*N*C*A*L*G 0.22 0.08 1 13
Solution Coverage 0.78
Solution Consistency 0.81

Second, I change the calibration of the translational research. As explained, I
originally divided the MSAs depending on the presence of CTSA funding, and I put the
MSAs with any CTSA funding above the 0.5 crossover point. For the current robustness
check, I use the same calibration rule that I applied to the other conditions: the 1%
percentile for non-full membership, the 75™ percentile for crossover, and the 99
percentile for full membership. Thus, I placed MSAs with low CTSA funding below the
crossover point. Table 27 shows the new solution terms.
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The parsimonious solution has four configurations—public biomedical R&D
(R)*biomedical patents (B) + public biomedical R&D (R)*~human capital (H) + public
biomedical R&D (R)*clinical trials (N) + public biomedical R&D (R)*regional economy
(G). The new parsimonious solution term is a superset of the original solution term in
Table 24. The new intermediate solution terms—public biomedical R&D (R)*human
capital (H)*biomedical patents (B) + public biomedical R&D (R)*clinical trials
(N)*regional economy (G)—are also supersets of the original intermediate solution terms
in Table 24. Concerning the complex solution, one of the paths (i.e., path 5 in Table 27)
is the same as the original complex configuration (i.e., path 3 in Table 24). Two new
configurations (i.e., paths 2 and 4 in Table 27) are the supersets of the original ones (i.e.,
paths 4 and 5 in Table 24). The two new complex configurations (i.e., paths 1 and 3 in
Table 27) are slightly different from the original complex configurations. However, these
findings do not change the interpretation of the original results, as the analysis mainly
relies on the intermediate solution terms.

In sum, the two robustness checks demonstrate that the obtained configurations
are stable, and that minor changes in the solution term do not change the interpretation of

the results.

Table 27. Three Types of Solutions with a Change in the Calibration of Translational
Research

Parsimonious solution

Path Configurations Raw Unique Consistency  Cases
Coverage Coverage
1 R*B 0.84 0.01 0.83 20
2 R*H 0.65 0.00 0.79 18
3 R*N 0.84 0.00 0.80 20
4 R*G 0.82 0 0.81 20
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Solution Coverage 0.87
Solution Consistency 0.77

Intermediate solution

Path Configurations Raw Unique Consistency  Cases
Coverage Coverage
1 R*H*B 0.80 0.05 0.85 20
2 R*N*G 0.82 0.06 0.81 20
Solution Coverage 0.86
Solution Consistency 0.79

Complex solution

Path Configurations Raw Unique Consistency  Cases
Coverage Coverage

1 R*~P*~H*~T*N*~C*~A*~L*G 0.56 0.01 0.82 7

2 R*~P*~H*~T*B*N*~C*~L*G 0.57 0.00 0.84 7

3 R*~P*H*~T*B*N*C*~L*G 0.63 0.03 0.87 7

4  R*¥P*H*B*N*C*A*L*G 0.50 0.09 1.00 13
R*NP*H*NT*B N *NA*NL*N

5 G N*C 0.54 0.03 0.82 3
Solution Coverage 0.74
Solution Consistency 0.81

Conclusion

The analyses discussed in this chapter explored the configurations that are linked
to high levels of biomedical entrepreneurship in U.S. metropolitan areas. My approach
assumed that a different set of conditions could lead to the same outcome (i.e., high levels
of biomedical entrepreneurship), and that a single factor might not decide the outcome
since each condition could have a different effect on the others, depending on the often-
complex development history and policies of a region. For this work, I used fsSQCA,
which utilizes a set-theoretic approach and equifinality, to analyze the configurations of

conditions.
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The main findings of this chapter indicate that there are two pathways that lead to
high levels of biomedical entrepreneurship. The first configuration is the combination of
public biomedical R&D, biomedical patents, and human capital, and the second
configuration combines public biomedical R&D, biomedical patents, clinical trials, the
agglomeration of population, and the size of the regional economy. The former stresses
the conditions that promote scientific activities in the biomedical sector, while the latter
puts more emphasis on the conditions regarding regional infrastructure that promote

entrepreneurial activity.
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Chapter 8: Discussion and Conclusion
Summary of Findings

In this study, I sought to answer three key research questions: 1) To what extent
does translational research increase biomedical entrepreneurship? 2) To what extent do
biomedical patents and clinical trials serve as effective forms of knowledge connecting
translational research to biomedical entrepreneurship? 3) What configurations of
conditions are associated with high levels of biomedical entrepreneurship in a region?

To address these questions, I constructed three analytical models—Simple,
Complex, and Collective. These three models were based primarily on both the
knowledge spillover theory of entrepreneurship (KSTE) and the entrepreneurial
ecosystem (EE) approach. The Simple model quantitatively analyzed the extent to which
translational research affects regional biomedical entrepreneurship. The Complex model
specifically examined the role of biomedical patents and clinical trials as connectors
between translational research and regional biomedical entrepreneurship. Finally, the
Collective model viewed biomedical entrepreneurship as a collective function of 10
regional conditions, and the analyses have explored the combinations of conditions for
high regional biomedical entrepreneurship.

Three different methods were employed to address the three models empirically—
the difference-in-difference (DID) method, path analysis/structural equation modeling,
and fuzzy-set qualitative comparative analysis (fSQCA), respectively. I conducted
empirical tests on 381 U.S. metropolitan statistical areas (MSAs) with a panel data set
(for the Simple and Complex models) and averaged values (for the Collective model).

The National Institutes of Health’s (NIH) Clinical and Translational Science Awards
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(CTSA) program funding was utilized as an approximation for translational research,
while NIH Small Business Innovation Research (SBIR) grants served as an
approximation for biomedical entrepreneurship.

The Simple model analysis presented a positive association—albeit a relatively
weak one—between CTSA program awards and the number of SBIR grants received in a
region. The Poisson regression estimated a 0.007% increase in SBIR grants when a
region has one additional percentage point of CTSA funding. Put differently, in any given
region, we may observe a 0.7% increase in the number of SBIR grants with a doubled
amount of CTSA funding. This result indicates that a region can benefit from vibrant
translational research activity when promoting its regional biomedical business but that
the overall magnitude of the impact will be relatively limited. I checked the robustness of
this result with a different predictor—the number of CTSA institutions in a region—and a
different dependent variable—the monetary value of the SBIR grants.

Regarding the small size of the impact, I provided three possible reasons for this
result. First, I only analyzed the first 10 years of the CTSA program, and thus, the full
effect of the CTSA program might not have been fully exerted for the study period under
review. Second, I could have underestimated the effect by including only the SBIR grants
received and excluding all other types of biomedical activity not linked to SBIR grants.
Third, the amount of CTSA funding is relatively small compared to other public and
private research funding, which could have complicated the capture of the true effect.

The Complex model analysis provided more detailed information concerning

knowledge production and its transformation/utilization through biomedical business
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activities. In this analysis, I focused on two types of knowledge: biomedical patents, and
clinical trials.

First, using regression analyses, I estimated that each additional percentage point
of CTSA funding contributes to an increase of regional biomedical patents by 0.005%.
While I found the magnitude of the effect to be relatively small, the estimate shows that
activities that improve the translational research environment can contribute to the
production of biomedical patents in a region.

Second, I found that there is a strong relationship between biomedical patents and
biomedical entrepreneurship at the regional level. Specifically, one additional percentage
point increase in biomedical patents correlates to a 0.127% increase in the number of
NIH SBIR grants received in an MSA. This finding supports KSTE. This result provides
evidence that KSTE holds in a sectoral context like biotechnology.

Third, path analysis indicated that the effect of CTSA funding on SBIR grants is
not strongly transmitted through biomedical patents. The combined path coefficient—
first from CTSA funding to biomedical patents, and then from biomedical patents to
SBIR grants—is small. One possible reason for this puzzling result could be the
mismatches: between patent production and utilization time, and between patent
production and utilization location. It might be the case that entrepreneurs are not limited
to using patents produced in their own regions, but rather, they search for knowledge
more globally.

Fourth, I found that CTSA funding is not correlated with the number of clinical
trials conducted in a region. Furthermore, I also found that there is not a strong

relationship between clinical trials conducted and the SBIR grants received by regional
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entrepreneurs. Accordingly, the path from CTSA funding to SBIR grants through clinical
trials is also small. With the effect of CTSA funding on biomedical patents in mind, the
implication here is that the effect of translational research on knowledge production
varies depending on the form of knowledge. Furthermore, the effect of knowledge on
biomedical entrepreneurship also varies depending on the type of knowledge.

As presented, the analyses using the first two models focused specifically on
translational research, while the last analytical model—the Collective model—centered
more on the interactions or interdependencies among the regional conditions that could
affect regional biomedical entrepreneurship. The analysis using fSQCA showed that there
are two different configurations of conditions that lead a region to have a high level of
biomedical entrepreneurship: Configuration 1, which is the combination of public
biomedical R&D, human capital, and biomedical patents; and Configuration 2, which is
the combination of public biomedical R&D, biomedical patents, clinical trials,
agglomeration of population, and the size of the regional economy. While Configuration
1 stresses the conditions of scientific activity, Configuration 2 emphasizes the conditions
of regional infrastructure that can lead to more biomedical entrepreneurship.

There are multiple implications that can be drawn from this study. First, we find
that there is no single recipe for a region to increase its level of biomedical
entrepreneurship. Additionally, we see that a region also does not necessarily need to
have all the well-known conditions to have a vibrant biomedical sector. Indeed, the
results show that two configurations (i.e., their combined conditions) are sufficient to
achieve high levels of biomedical entrepreneurship. Second, a region wanting to support

its biomedical sector must assemble a set of conditions to promote biomedical
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entrepreneurship. More specifically, a region needs a specific set of conditions that
interact well together to generate the desired outcome. Third, the work shows that
translational research and the private sector are not essential conditions. Even without the
presence of translational research (i.e., CTSA funding) or private sector activities in a
region, the proper combinations of regional conditions generate effective paths to
biomedical entrepreneurship. That said, this result does not mean that translational
research and the private sector are not important for biomedical entrepreneurship; rather,
it implies that they are not indispensable elements, as regions without them could achieve
high levels of biomedical entrepreneurship using other means.

In conclusion, this examination demonstrates that translational research
contributes to increases in regional biomedical patents and biomedical entrepreneurship.
However, the impacts are relatively small. In addition, increased activity meant to
improve the translational environment was not found to increase the number of clinical
trials conducted in a region. The effect of translational research does not appear to be
delivered to regional biomedical entrepreneurship through either biomedical patents or
clinical trials. When analyzed with other regional factors, the findings show that the
presence of translational research is not an essential factor contributing to regional
biomedical entrepreneurship. The combination of these results allows us to conclude that
translational research has only a limited impact on knowledge production through
biomedical patents and clinical trials, as well as on regional biomedical entrepreneurship
at the MSA level.

Policy Implications
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Based on the analyses, I present four policy recommendations to enhance the
effect of translational research on regional entrepreneurship and to improve the
assessment of public R&D programs methodologically. I also discuss policy

recommendations for countries outside of the United States, such as South Korea.

1. Create a Translational Entrepreneur Initiative

This study shows that a large number of resources invested for improving
translational research can have a positive impact on biomedical patents. However,
increased knowledge stock was found not to be connected to an increase in biomedical
entrepreneurship. These results imply that we need further efforts to deliver the increased
knowledge stock from the CTSA program to the commercial side. In other words, a new
approach is needed to increase the effectiveness of CTSA funding for the biomedical
business.

Therefore, I propose a “translational entrepreneur initiative” be added to the
CTSA program to better link translational researchers and entrepreneurs. Given that
translational research targets studies that can lead to more applicable forms of
knowledge, CTSA researchers are already involved in the transformation process. Indeed,
the current CTSA program provides education to young researchers, allowing them to be
more involved in clinical and translational research. This policy recommendation is thus
intended to expand the current CTSA program to provide CTSA researchers with
entrepreneurship education and experiences in the biomedical sector, as well. The
proposed expansion would help translational researchers extend their activities to

commercialization.
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Here, the NIH might wish to develop a new initiative to help researchers gain
entrepreneurial insights by participating in “experiential learning of customer and
industry discovery, coupled with the first-hand investigation of industrial processes”
(National Science Foundation, n.d.-a, para. 2). The new program’s concept could be
drawn from the National Science Foundation’s (NSF) I-Corps program. The NSF I-Corps
program provides researchers with experimental education “to reduce the time and risk
associated with translating promising ideas and technologies from the laboratory to the
marketplace” (National Science Foundation, n.d.-a, para. 2). This program supports three-
member teams comprised of a technical lead, an entrepreneurial lead, and an I-Corps
mentor, and the researchers on the team must have received their NSF awards within the
prior 5 years (National Science Foundation, n.d.-b).

The NIH has its own version of the I-Corps program. However, the NIH I-Corps
program is different from that of the NSF. The NIH links its [-Corps program to the
SBIR/Small Business Technology Transfer (STTR) programs,'' which support
innovative small businesses to commercialize breakthrough technologies. The NIH I-
Corps applicant team has an active NIH Phase I SBIR/STTR award (National Institutes
of Health, n.d.-e). The overall purpose of the NIH I-Corps program is to help
entrepreneurs transform and commercialize their laboratory advances (National Institutes
of Health, n.d.-e). This is a different approach than other federal agencies’ I-Corps
programs, as it supports small businesses directly, rather than educating researchers to

gain entrepreneurial insight.

' The Small Business Technology Transfer (STTR) program is quite similar to SBIR. Compared to SBIR,
the program director/principal investigator may be employed by either a small business or nonprofit
research institution, and STTR applicants must formally collaborate with a nonprofit research institution
(National Institutes of Health, n.d.-g).
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Compared to the current NIH approach, the initiative I propose may have some
advantages. As translational researchers deal with their own research directly, they are
likely to understand their scientific advances better than outside entrepreneurs. With
entrepreneurial education and direct customer discoveries, translational researchers might
be able to quickly identify the potential of their technologies and how the technologies
could best be utilized commercially. This understanding could reduce the time required
while a technological advance is transferred from the inventor to the entrepreneur.
Furthermore, I-Corps experiences could provide translational researchers with further

insights into their own research.

2. Enhance the Role of Local Governments for Facilitating the Knowledge Utilization by
Regional Biomedical Entrepreneurs

Local governments might wish to reduce the gap or improve the flow of
knowledge by establishing better information-sharing pathways and connecting
infrastructure around research-intensive areas. To do so, some regions could utilize
existing technology transfer/licensing offices (TTO/TLO) at local universities.

Lanahan and Feldman (2015) surveyed the multilevel innovation policy mix by
focusing their study on the SBIR program. According to their investigation, 45 U.S.
states have programs that complement or enhance the federal SBIR program. These state-
level, SBIR-related programs provide relevant information to potential SBIR applicants
and/or cash matching to SBIR awardees (Lanahan & Feldman, 2015; National Institutes
of Health, n.d.-h). For example, these state programs help regional entrepreneurs by

providing service costs for proposal writing, proposal review, workshops, and expert
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mentoring (Lanahan & Feldman, 2015), and around 15 states even offer matching funds
for SBIR/STTR program awardees to assist them with commercialization activities
(Lanahan & Feldman, 2015; National Institutes of Health, n.d.-h). However, current state
governments’ support for biomedical entrepreneurs could be more sophisticated. My
recommendation is to emphasize the importance of reducing the information or
knowledge gap, since the path analysis of this study indicates that there might be
mismatches in the production and utilization of biomedical knowledge at the regional
level. In short, the analysis implies that biomedical knowledge does not spread out easily
or quickly to regional entrepreneurs.

Depending on the development of local biomedical firms, state government
support could be expanded further to meet more diverse demands of regional biomedical
firms, such as for lab space, legal and financial services, and connections to large
pharmaceutical companies. The local government’s support for biomedical business
could be implemented through a public-private partnership. One example of this is the
case of Massachusetts, which provided $5 million in seed money to establish a shared lab
space—called LabCentral—with the additional supports from other stakeholders such as
universities like the Massachusetts Institute of Technology and the company Johnson &

Johnson (LabCentral, n.d.).

3. Identify Regional Characteristics Before Planning and Implementing Biomedical
Policy
The in-depth analysis with fsSQCA showed that there are two distinct

configurations of conditions that consistently lead to vibrant regional biomedical
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entrepreneurship: a combination of public biomedical R&D, human capital, and
biomedical patents; and a combination of public biomedical R&D, biomedical patents,
clinical trials, the agglomeration of population, and the size of the regional economy.
Thus, one finding is that there is not just one simple solution to boost regional biomedical
activity. Rather, each region needs to put together the right set of conditions to promote a
successful biomedical business.

The first step for regional officers or policymakers is to identify both what they
have and what they lack, as it concerns their regional conditions. This could be
accomplished through a survey. Such a survey could be implemented in several ways.
For example, local officials could use quantitative data to precisely locate and compare
their status with peers. Alternatively, officials could employ qualitative approaches, like
case studies, to identify their local conditions in-depth. Based on a thorough examination,
officials could decide which pathway is more relevant for their regional conditions, at
which point, the local government could build up the required strengths toward the
desired pathway.

One notable finding of this study is the importance of public R&D in the
biomedical sector and biomedical patents in the region. As noted by Pisano (2006), the
biotech business is a science-based one. Therefore, regional policymakers should
specifically focus on improving regional research capacities in the biomedical field. This
could be accomplished in various ways. For instance, state governments could help
research institutions by initiating research funding programs with a specific emphasis on

biomedical and life science fields. Furthermore, given that research in this high
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technology field depends heavily on sophisticated and large infrastructure, it might also
be important to support regional research institutions to have state-of-the-art facilities.
Additionally, regional officers could support activities related to increasing
intellectual property rights in the biomedical field. For instance, they might provide
financial support for assessing the potential impact of technological advances developed

by their regional research institutions.

4. Develop an Analytical Method to Assess the Socioeconomic Impact of Federal
Programs

As discussed in Chapter 5, it is difficult to accurately assess the contributions of
government R&D programs to socioeconomic activity. First, many of these programs
support basic research that generates knowledge. As this knowledge is generally openly
available to the public in the form of publications, it is hard to capture or assess exactly
what the value of government R&D programs may be. Second, it is also difficult to
separate out a specific contribution from the large, complex innovation process. The
many factors involved make the assessment of government R&D programs complicated.

To address the issue, I proposed an approach to assess how the federal R&D
program affects knowledge production and regional economic activity. I utilized
entrepreneurship theory and an ecosystem approach to construct my analytical models.
These models broadened the scope of the analysis in terms of both its focus and level of
observation. As noted, I used MSAs instead of program recipients as my unit of
observation, and I used biomedical entrepreneurship, biomedical patents, and clinical

trials instead of academic publications in my analysis. This approach could allow us to
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view a program’s impact more broadly, thus leading us to understand the effects of the
program more comprehensively.

The fsSQCA approach employed in this study could be used to assess the
socioeconomic impacts of other NIH programs, as well. It could also be extended to other
technology fields like nano, information technology, and manufacturing that are funded
by other federal agencies. New approaches, such as fSQCA, and the impacts revealed
through them—even if they are still limited—could help improve the public’s perception

of public spending on federal R&D programs.

5. Lessons for Other Countries

As this research is based on the U.S. context, we should be cautious about
generalizing the study’s findings to other countries and contexts. That said, some results
and U.S. policies might be useful elsewhere in the world, especially in countries that
conduct advanced biomedical research and have strong business sectors. As South Korea
offers both, I provide some recommendations for South Korea drawn from my research
findings.

In terms of biotechnology, South Korea is one of the fastest-growing countries in
this research area. The South Korean government provided more than $6.8 billion in
2019 to life sciences and biotechnology R&D (National Science and Technology
Information Service, 2021). Furthermore, South Korea has more than 950 active
biotechnology firms—the fourth-highest number among the 26 Organization for
Economic Co-operation and Development (OECD) countries surveyed in 2018

(Organization for Economic Co-operation and Development, 2020). Overall, the world’s
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share of clinical trials conducted in South Korea in 2019 was 3.25%, giving it the rank of
eight globally (Korea Clinical Trials Information Center, 2020). Additionally, the share
of venture investment in the biotechnology sector in South Korea surged from 7.7% in
2010 to 27.8% in 2020, making this field the hottest sector where the largest amount of
venture capital is being concentrated (Ministry of SMEs and Startups, 2021a).

The South Korean government has translational research programs in the
biomedical sector, but they are different from the U.S.”s NIH CTSA program. In 2021,
South Korea’s Ministry of Health and Welfare and Ministry of Science and ICT
supported translational research in the country with a small budget of 5.4 billion South
Korean won, or approximately US$5 million (Ministry of Health and Welfare, 2020;
Ministry of Science and ICT, 2021). The country’s programs specifically focus on the
translation of promising discoveries to meet unmet medical needs (Ministry of Health and
Welfare, 2020; Ministry of Science and ICT, 2021). In other words, South Korea’s
funding agencies demand that applicants explain their basic research or discovery in
terms of what disease it will address. In this respect, the South Korean translational
research programs are quite purpose-driven, meant to facilitate the conversion of selected
basic research results into the clinical arena. This is in clear contrast to the NIH CTSA
program, which does not focus on specific diseases or particular researchers, but rather
supports the overall improvement of the translational research environment.

The current programs in South Korea seem only to tackle a small portion of
translational research activities. While the South Korean approach may help solve some
of the key problems in translation, the biomedical sector is quite complex and

multifaceted, and thus, the integration of diverse disciplines should be a central task
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(Pisano, 2006). In fact, as Pisano (2006) noted, what the biomedical field requires is the
capability to integrate isolated “islands of expertise” (p. 39). In the U.S., the NIH
emphasizes the importance of collaboration among diverse disciplines within CTSA
institutions and across organizations (Kim, 2019; National Institutes of Health, 2006). In
this respect, the South Korean government needs to take a more comprehensive approach
to promote translational research. Hence, South Korean policymakers could consider a
CTSA-like program aimed at improving the overall translational research environment.
As noted, the CTSA program supports a diverse set of activities, including educating
young researchers, providing research funds and infrastructure, and starting new
initiatives to streamline or enhance the current environment (Butler, 2008; National
Institutes of Health, 2006, 2018, n.d.-a). A similar program in South Korea could be
implemented by consolidating programs across ministries and by streamlining budgets
and implementation.

Furthermore, the South Korean government needs to increase its translational
research budget. As pointed out earlier, the weak relationship between translational
research and biomedical entrepreneurship could come from the small size of the
translational research budget compared to other biomedical activities. The combined
annual budgets of South Korean programs in this area are much smaller than that of the
CTSA program, even after taking into account the relative sizes of the overall biomedical
budgets of the U.S. and South Korea. Thus, the South Korean government should
consider allocating more funding to translational research activities. This study’s results
imply that more support for translational research can strengthen the relationship between

translational research and biomedical entrepreneurship.
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The South Korean government could also utilize my policy recommendation of
identifying regional characteristics first. Many local governments in South Korea have a
desire to build a strong biomedical ecosystem. For instance, when the South Korean
government announced the idea of establishing the K-Bio Lab Hub—a large facility
meant to support biomedical firms, from developing products to commercialization—11
provinces submitted letters of intent (Ministry of SMEs and Startups, 2021b). However, it
is not clear if all 11 carefully surveyed their own regional conditions regarding their
biomedical sectors and decided the new facility was needed in their regions. Similarly, it
is unclear if the Ministry of SMEs and Startups analyzed the regional conditions of the
applicants with the lens of interdependency or interaction among regional factors. What
is clear is that both central and local policymakers need to evaluate the regional
conditions for the biomedical industry with more sophisticated analytical tools, and then
decide what factors are lacking among the combinations of conditions that could provide
for a healthy and successful biomedical business sector.

Contributions to the Literature

This dissertation contributes to the literature in several fields. First, this research
contributes to the literature at the intersection of translational research and
entrepreneurship. In this work, I proposed a new framework to assess the economic
impact of translational research at the regional level. This research broadened the scope
of analysis in two respects: 1) from the program-recipient level to the region level, and 2)
from specific outputs (e.g., publications) to broader socioeconomic impacts (e.g.,
biomedical entrepreneurship). I constructed three analytical models and empirically

tested the research hypotheses found in the relevant chapters of this dissertation with data
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from current NIH programs. I found that translational research affects the production of
biomedical patents and biomedical entrepreneurship in a region, but I also found that the
size of the impact is relatively small. The approach employed here may present an
additional tool for a more comprehensive assessment of federal research and
development programs.

Second, this research provides empirical evidence that translational research
contributes to biomedical knowledge production in a region. The analysis showed that
CTSA funding contributes to increases in regional biomedical knowledge. This finding
indicates that the effect of the improvement of the translational research environment at
local institutions may spread out within a region, thereby contributing to the region’s
knowledge production. In addition, the results indicate that CTSA funding does not
contribute to increases in clinical trials conducted in a region. In other words, the
contribution to knowledge production varies depending on the type of knowledge.

Third, the findings of this study contribute to the literature on KSTE. In general,
KSTE connects knowledge production and utilization through entrepreneurial activity
(Acs et al., 2009: Audretsch, 1995). I found that there is a positive relationship between
regional biomedical patents and biomedical entrepreneurship. This result adds one more
piece of evidence that supports KSTE. More importantly, this study also showed that this
theory holds in the biomedical sector. However, importantly, this research did not
demonstrate that clinical trials have a significant association with regional biomedical
entrepreneurship. This last finding suggests that types of knowledge may affect the

degree of knowledge utilization by entrepreneurs in the biomedical field.
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Finally, this research contributes to the entrepreneurial ecosystem literature. This
study added the notion of translational research to the list of regional conditions that
could be utilized by researchers and practitioners when examining entrepreneurial
ecosystems. To avoid the criticism that attributes were added without demonstrating a
clear causal relationship between each condition and entrepreneurial activity (Stam,
2015), I tested whether translational research contributes to regional entrepreneurship
through model construction and empirical testing. Replicating the approach used here to
probe this relationship would likely enhance the validity of the conditions/attributes
discussed in this study.

To deepen our understanding of favorable regional conditions for biomedical
entrepreneurship, I employed fSQCA. In so doing, I identified two distinct pathways
leading to high levels of biomedical business activity. The identified configurations for
high biomedical entrepreneurship are unlike conventional findings stemming from
whether a particular factor is statistically significant or not. Instead, the results of this
study’s Collective model and fsQCA suggest that regional biomedical entrepreneurship is
not achievable by a single factor, but rather, by several key conditions working jointly.
Using fsSQCA provides a more comprehensive picture of the various regional conditions
that are needed to promote biomedical entrepreneurship. Given that regional economic
activity cannot be explained easily by just one single factor, the application of fsSQCA
allows us to shed new light on the study of entrepreneurial ecosystems.

Limitations and Suggestions for Future Research
The dissertation has several limitations that should be kept in mind for future

research on this subject. First, this study used CTSA program funding and NIH SBIR
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grants as measures of translational research and biomedical entrepreneurship,
respectively. As discussed, these measurements do not represent all relevant translational
research activities or levels of biomedical entrepreneurship. I chose to use the CTSA
program because it is one of the largest translational research programs in the United
States. Nonetheless, the funding size of this program is relatively small compared to the
NIH’s total annual budget. NIH SBIR grants also represent only a small fraction of
regional business activities in the biomedical sector. Furthermore, I restricted my
analyses to the SBIR grants received, instead of applications for the grant. Moreover,
there is a large volume of biomedical entrepreneurial activities that have no association
with SBIR grant funding. The limitation regarding the measures could restrict the
interpretation and generalizability of the results. Thus, getting additional data, including a
wider spectrum of translational research and biomedical entrepreneurship activities,
might improve the precision and utilization of the results.

Second, the path analysis discussed in Chapter 6 showed that the effect of CTSA
funding on SBIR grants is not transmitted through biomedical patents or clinical trials.
The coefficients of these indirect paths were small and insignificant. On the other hand,
the direct path from CTSA funding to SBIR grants was found to be positive and
significant. As noted, this direct path in my model included all other outputs supported by
CTSA funding, such as publications and trained experts. Yet, this research did not specity
or empirically test which factor solidly connects the two sides, largely due to a lack of
relevant data; as [ used the MSA as the observation level, it was difficult to get

appropriate data. Investigators who can obtain data related to the potential outputs could
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operationalize the path analysis and check which factor is most important in bridging
CTSA funding and SBIR grants.

Third, endogeneity is also an issue that needs to be resolved further. As noted,
getting CTSA funding (i.e., picking the recipients) is not randomly distributed across the
U.S. Rather, the NIH selects program recipients based on scientific excellence and
relevant criteria (National Institutes of Health, 2016). Thus, a region’s ability to obtain
CTSA funding could be highly correlated to the capacity of receiving SBIR grants, thus
making it hard to accurately estimate the effect of the CTSA program on getting SBIR
grants at the regional level. To mitigate this challenge, I employed the DID method
between MSAs with CTSA funding and MSAs without this funding. Visually, I showed
that there were common trends before the treatment between the two groups. I also
controlled for several potential conditions that might affect the dependent variable—
SBIR grants. A different approach to this challenge could be to use propensity score
matching between a treatment group with CTSA funding and a comparison group without
this funding but does have similar characteristics. Using this method, investigators might
be able to identify the relevant factors that affect the selection of those in the CTSA
program in an MSA to match similar MSAs.

Fourth, this research used biomedical patent data in three technology classes
defined by Cortright and Mayer (2002). While these three classes are believed to include
a substantial portion of the patents in the biomedical sector, there is a possibility that
biomedical patents outside these three classes could have been neglected when estimating
the effect of the CTSA program on regional biomedical patents. If this is the case, I might

have underestimated the true effect of the CTSA program on the production of
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biomedical patents. Similarly, if the SBIR grantees used biomedical patents outside of
these three classes, the relationship between regional biomedical patents and SBIR grants
might have been underestimated. These two factors could have reduced the path
coefficient from the CTSA program to the SBIR grants through biomedical patents. Thus,
investigators might wish to include other relevant technology classes in their analyses and
to compare them with the results of this study.

Lastly, fifth, I analyzed the relationship between translational research and
biomedical entrepreneurship at the regional level. This research did not investigate how
translational research actually affects the development of individual products or services.
A case study on the detailed process could provide greater insights into how the
relationships between translational research and entrepreneurship are formed and

developed.
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Appendix A. List of the CTSA Program Recipients by Year

Selection

Year Institutions
2006 (12)  Columbia University Univ. of California San Francisco
Duke University Univ. of Pennsylvania
Mayo Clinic Univ. of Pittsburgh at Pittsburgh
Oregon Health and Science University Univ. of Rochester
Rockefeller University Univ. of Texas Health Science Center
Houston
Univ. of California Davis Yale University
2007 (12)  Case Western Reserve University Univ. of Washington
Emory University Univ. of Wisconsin-Madison
Johns Hopkins University Univ. of Texas Southwestern Med Center
Univ. of Chicago Vanderbilt University
Univ. of lowa Washington University
Univ. of Michigan Cornell University
2008 (14)  Albert Einstein College of Medicine Stanford University
Boston University Tufts University Boston
Harvard University Univ. of North Carolina Chapel Hill
Indiana Univ-Purdue Univ at Indianapolis Univ. of Alabama at Birmingham
Northwestern University at Chicago Univ. of Colorado Denver
Ohio State University Univ. of Texas Health Science Center San
Antonio
Scripps Research Institute Univ. of Utah
2009 (8)  Icahn School of Medicine at Mount Sinai Univ. of Cincinnati
Medical University of South Carolina Univ. of Florida
New York University School of Medicine Univ. of Illinois at Chicago
University of Arkansas for Med Science Univ. of Texas Med Br Galveston
2010 (9)  Children’s Research Institute Univ. of California Irvine
Georgetown University Univ. of New Mexico
Medical College of Wisconsin Univ. of Southern California
Univ. of Massachusetts Med Sch Worcester ~ Virginia Commonwealth University
Univ. of California San Diego
2011 (5)  Pennsylvania State University Univ. of Kentucky
Univ. of California Los Angeles Univ. of Minnesota
Univ. of Kansas Medical Center
2012 (1)  Univ. of Miami
2013 (1)  Dartmouth College
2015 (2)  Wake Forest University Health Sciences State University of New York at Buffalo
2019 (2)  Rutgers Biomedical/Health Sciences Univ. of Virginia

Source: NIH RePORTER (n.d.-d).
Note. Five universities were defunded: Univ. of Arkansas in 2015; and Case Western Reserve, Univ. of
Iowa, Univ. of Minnesota, and Univ. of Miami in 2017 (Kim, 2019).
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Appendix B. List of MSAs with CTSA Funding

Code MSA Title Code MSA Title

10740  Albuquerque, NM 31540 Madison, WI

11460  Ann Arbor, MI 33340 Milwaukee-Waukesha-West Allis, W1

12060 Atlanta-Sandy Springs-Roswell, GA 33460 Minneapolis-St. Paul-Bloomington,
MN-WI

12580 Baltimore-Columbia-Towson, MD 34980 Nashville-Davidson--Murfreesboro--
Franklin, TN

13820 Birmingham-Hoover, AL 35300 New Haven-Milford, CT

14460 Boston-Cambridge-Newton, MA-NH 35620 New York-Newark-Jersey City, NY-NJ-
PA

15380 Buffalo-Cheektowaga-Niagara Falls, NY 37980 Philadelphia-Camden-Wilmington, PA-
NJ-DE-MD

16700  Charleston-North Charleston, SC 38300 Pittsburgh, PA

16980 Chicago-Naperville-Elgin, IL-IN-WI 38900 Portland-Vancouver-Hillsboro, OR-WA

17460  Cleveland-Elyria, OH 40060 Richmond, VA

18140 Columbus, OH 40340 Rochester, MN

19100 Dallas-Fort Worth-Arlington, TX 40380 Rochester, NY

19740 Denver-Aurora-Lakewood, CO 40900 Sacramento--Roseville--Arden-Arcade,
CA

20500 Durham-Chapel Hill, NC 41180 St. Louis, MO-IL

23540 Gainesville, FL 41620 Salt Lake City, UT

25420 Harrisburg-Carlisle, PA 41700 San Antonio-New Braunfels, TX

26420 Houston-The Woodlands-Sugar Land, TX 41740 San Diego-Carlsbad, CA

26900 Indianapolis-Carmel-Anderson, IN 41860 San Francisco-Oakland-Hayward, CA

26980 Iowa City, IA 41940 San Jose-Sunnyvale-Santa Clara, CA

28140 Kansas City, MO-KS 42660 Seattle-Tacoma-Bellevue, WA

30460 Lexington-Fayette, KY 47900 Washington-Arlington-Alexandria, DC-
VA-MD-WV

30780 Little Rock-North Little Rock-Conway, 49180 Winston-Salem, NC

AR
31080 Los Angeles-Long Beach-Anaheim, CA 49340 Worcester, MA-CT
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Appendix C. Panel Summary Statistics

The table below table presents panel summary statistics: within and between variations. The “between” variation is the average

of a variable for each MSA, while the “within” variation is the deviation from each MSA’s average. By definition, the “between”

estimator uses only variations between entities or cross-section variations in the data. This model cannot identify individual invariant

regressors, such as a time dummy.

Variables Mean Std. Dev. Min Max Observations
SBIR grant (count) overall 0.965 3.091 0 42 N=3810
between 2.996 0 31.6 n=381
within 0.771 -5.635 11.365 T=10
CTSA funding ($M) overall 1.507 6.295 0 99.458 N=3810
between 5.588 0 59.660 n=381
within 2.911 -37.652 42.140 T=10
CTSA funding (log) overall 1.536 4.77 0 18.415 N=3810
between 4.354 0 17.825 n=381
within 1.959 -13.596 15.138 T=10
Public R&D ($M) overall 73.983 220.34 0 2434.69 N=3810
between 217.92 0 1963.99 n=381
within 34.204 -386.36 544.68 T=10
Public R&D (log) overall 9.099 8.28 0 21.613 N=3810
between 8.025 0 21.38 n=381
within 2.077 -4.439 25.158 T=10
Private R&D ($M) overall 195.106 1960.37 0 4572791 N=3810
between 1941.96 0 35738.13 n=381
within 284.15 -7161.7 10184.89 T=10
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Private R&D (log) overall 3.908 7.289 0 24.55 N=3810
between 7.009 0 24.29 n=381
within 2.030 -12.014 19.68 T=10

Human capital (%) overall 26.027 8.089 10 60.6 N=3633
between 7.878 11.878 57.71 n=381
within 1.531 19.817 34.398 T=9.54

Human capital (log) overall 3.212 0.307 2.303 4.104 N=3,633
between 0.298 2.473 4.055 N=381
within 0.064 2.748 3.525 T=9.53

Large biomedical firms (count) overall 0.569 2.967 0 44 N=3810
between 2.905 0 35.8 n=381
within 0.623 -9.331 10.669 T=10

Large biomedical firms (log) overall 0.165 0.508 0 3.807 N=3810
between 0.494 0 3.596 n=381
within 0.121 -0.840 1.154 T=10

Per capita income ($T) overall 38.356 8.418 18.73 117.158 N=3810
between 7.715 22.011 98.79 n=381
within 3.34 12.485 69.258 T=10

Per capita income (log) overall 10.535 0.194 9.838 11.671 N=3810
between 0.176 9.995 11.498 n=381
within 0.082 10.207 10.869 T=10

Agglomeration (count: Thousands) overall 0.326 0.755 0.007 13.185 N=3810
between 0.755 0.007 13.120 n=381
within 0.021 0.056 0.527 T=10

Agglomeration (log) overall 5.239 0.962 1.921 9.487 N=3810
between 0.961 1.972 9.482 n=381
within 0.059 4.638 5.835 T=10

Regional economy ($M) overall 36856.72 104192.9 1477.2 1,618,366 N=3810
between 103791.6 1918.47 1,380,009 n=381
within 10436.27 -127145 275.213.1 T=10

Regional economy (log) overall 23.26 1.215274 21.11341 28.11 N=3810
between 1.213292 21.36172 27.95 n=381
within 0.091068 22.75972 23.75 T=10

Note. In total, 177 observations were dropped due to missing data in the human capital variable.
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Appendix D. Detailed Path Analysis

brivate R&D l _0.00450 ‘ Per Capita Income
rivate 7
-0.00216 ~(0.00687)  gge309 ./ . 0.69397 Indirect path 1
Public R&D {0.:01338) ?(.)Oggffsf . -0003% (0.47468) .~ ~(0-83003) 0.00066
0 0671-58“‘*-—» ' i .(0.00420) 7 /-0.64215%* PPl (0.00045)
0.00605 ' ; (0.27679) 7 (p-value:0.146)
: ~. .. (0.00449) : s
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i . . |
i Biomedical patents -
0.00518* 0.12744%* R
Translational (0.00268) Direct*path (0.06181) Biomedical
0.00663 H
Research T (0.00353) entrepreneurship
(NIH CTSA) 0.00140 . (p-value: 0.06) | -0.00078 ‘NIH;-SBIR)
(0.00196) : ‘ (0.10124)
T N . e . il I o -
| 001575 4‘ Clinical trials i
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0.02555 T / ' -1.1e-06
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i 0.28140 N\ 10.01177 - (© ¢
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Note. Coefficients are metric regression coefficients; N = 3,633 due to missing values in the human capital variable. Robust standard errors are adjusted for 381
MSAs and are in parentheses. *** p <0.01, ** p <0.05, * p <0.1. Solid lines indicate statistically significant relationships, while dotted lines are for insignificant

ones at the 0.1 level.
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