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ABSTRACT

ESSAYS IN ENTREPRENEURSHIP AND FINANCE
by

R. David Ratigan

In this dissertation, I study three economic issues in the field of entrepreneurship and

a fourth that looks at the network structure of financial markets.

Chapter 1, titled ”"Patenting and Nascent Firm Performance”, examines how patents
interact with nascent firm outcomes. The primary motivation follows a puzzle present
in the data and discussed in the literature. Patents are prized possessions for busi-
ness owners but the value that they confer is dubious. In this sample, patenting firms
have no better survival rates and have significantly worse profit outcomes. A Oaxaca
decomposition demonstrates the reason for this lies with patents’ attraction of equity
financing. The burden of the equity relationship proves to be a strain on the young

firms.

Chapter 2, titled ”Signal vs Appropriation Value in Patenting” provides insight into
the causal connection between patents and equity financing. This chapter also weighs
in on the source of the equity firms’ attraction to patents. Controlling for unobserv-
able influences via fixed effects regression, the value measured by the coefficient on
patent, demonstrates the appropriative value of the patent, rather than the signal
value. Further examination reveals that equity firms are very sensitive to the legal

status of the firm, eschewing general partnerships.
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Chapter 3, titled "Peer Effects in Entrepreneurship”, studies gender differences in
firm financing as a function of response to peers. This research borrows from the
social interaction modeling pioneered by Charles Manski by adopting methods to in-
clude peer variables. The main finding is that males are positively and significantly
affected by peer financing levels but females are not. This result is robust to industry,

experience, credit risk, and other financing sources.

Chapter 4, ”Network Analysis of the S&P 5007, examines the financial market as a
network. The literature takes two approaches to perfoming this analysis but no study
has compared the two approaches. This chapter is the first study to compare them
and provide insight as to which provides the more descriptive model. The threshold
correlation approach provides much more useful results for any kind of analysis in-

volving market connectedness and shock transition dynamics.
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CHAPTER 1

PATENTS AND NASCENT
FIRM PERFORMANCE

with Michael Risch
Vice Dean, Villanova Law

1.1 Introduction

In the quest for empirical verification of the role of patents in entrepreneurial firm
success, venture funding, and survival tracking present a conundrum of sorts. Adverse
selection, moral hazard, and pecking order theories predict that venture-funded firms
will fail more often, but patenting can solve asymmetric information problems, allow-
ing venture capitalists to choose only the best ventures. If this is so, then patenting
should lead to more debt financing rather than equity, as the better firms should
prefer debt to equity in the pecking order.

Thus, two primary questions remain stubbornly difficult to answer. First, do
patents improve firm outcomes? Second, why or why not? This article uses a novel
approach to a rich dataset to answer these questions from the perspective of venture
funding and survival. More particularly, we explore the interaction between peck-
ing order theory and patenting, an area rarely directly addressed. Answering these
questions presents thorny, difficult to resolve issues. Three sources of variation can

confound the estimation of the value of the patent. The first is that patent holders



might receive different valuations just for holding a patent. The second is that patent
holders might all have correlated unobserved traits that are driving outcomes (Gart-
ner, Frid, and Alexander 2012; Hoenig and Henkel 2015; Engel and Keilbach 2007).
The third is that patent holders might, on average, have different levels of observed
covariate levels compared to non-patent holders. This paper resolves those issues to
estimate what remains, the true effect of holding a patent in venture funding and
outcomes.

This article makes two contributions to the literature. First, it tests the role
of adverse selection in venture funding, and finds little evidence to support adverse
selection in patenting. In other words, patenting firms do not appear to obtain
venture funding rather than debt because they are riskier investments. Whether
signaling innovation or providing some other positive characteristic, patents appear
to do more than hide an otherwise lesser investment.

Second, despite these positives, patent-holding funded firms have worse survival
than all other firms. But the problem is not the patent, per se. Instead, heterogeneity
analysis shows the culprit to be excessive growth by venture funded firms. Employ-
ment grows without a concomitant growth in revenue or profits, thus starving firms
of cash. We discuss these findings in terms of moral hazard. Though the results are a
bit surprising, our findings are consistent with prior work showing that venture cap-
italist firms often do not meet the expectations of their portfolio firms (Berg-Utby,
Sorheim, and Widding 2007).

We support these results using a novel method—the Oaxaca decomposition. We
use this decomposition to isolate the role of patenting, equity, and other endowments
in firm profits.

This article proceeds as follows. We begin with an overview of startups, IP’s role
in financing, and a brief discussion of adverse selection, moral hazard, and pecking

order. We then report on prior findings that tie IP and venture funding (or both)



to firm outcomes. This leads to two testable hypotheses, which we outline. We
then discuss our data, model and estimates used to test our hypotheses. The article

concludes with a discussion of the implications.

1.2 Background and Literature Review

1.2.1 Nascent Ventures and Funding

The constant churn of the labor market, firms and sectors rising and falling, and new
technologies pushing out the old necessitate a constant need for new entrepreneurs to
fill any gaps and explore new territory. Over the last twenty years, there have been
an average of 650,000 new firms each year, many of which enter as another is exiting.
Those nascent! firms have accounted for the creation of more than 3.5 million jobs
over the same period. Even though large firms, those with more than 250 employees,
account for a large percentage of national employment, the entrepreneur is a central
figure in the economy and vital to its health. As of 2015, small firms account for over
46% of national employment (BLS 2016).

A great deal of literature looks at the factors that drive and enable an entrepreneur
to start a business. Those factors include intellectual property, taxes, number of reg-
ulations, and many others. Entrepreneurs must travel a complicated and difficult
landscape. Early firm characteristics and owner characteristics have been shown to
greatly shape a firm’s capital structure. That structure in turn, shapes the develop-
ment of that firm, influencing its likelihood of survival.

In theory, cash reserves are necessary to firm survival (Liu et al. 2006). Thus,
Parker and Belghitar (2006) look at entrepreneurs in the planning phase before op-

erations begin and find that access to personal or external sources of financing are

!'Nascent is used to define newly founded firms as opposed to firms in the development and
pre-operation stage.



crucial to a firm’s success.

Robb and Robinson (2010) use the same data source we do and conclude that
firms rely heavily on external sources of financing as opposed to family and friends.
Coleman and Robb (2009) also study firm financing in the Kauffman Survey but focus
on differences between genders. Their paper is interesting since it considers supply-
side constraints, such as investor preferences for certain industries and demand-side
constraints, such as entrepreneur preferences for personal financing.

A number of studies reference access to capital as an important growth constraint,
such as Beck and Demirguc-Kunt (2006) who find that an increased access to external
financing helps level the playing field among firms of different sizes. Paglia and
Harjoto (2014) focus on private equity and venture capital and show that access to
such sources if very restricted to small and medium sized firms but those who do

attain it benefits along a number of growth metrics.

1.2.2 Adverse Selection and Pecking Order in Funding

Financing is not free, however, and the rational entrepreneur seeks out the cheapest
forms of financing. This is the notion behind the pecking order hypothesis - firms
utilize the cheapest forms of capital first, only pursuing venture capital, for example,
if not supplied with business loans. This also gives rise to adverse selection because
venture capital firms are likely to be left with a pool of riskier firms, those not able to
secure business loans. Myers (1984) and Myers and Majluf (1984) present the basic
arguments and model for adverse selection: that due to information asymmetry, firms
with debt will do better than firms with equity because the founders have better
information. Because founders seek debt only when they expect to survive and earn
high profits, venture capitalists are left with only the worst opportunities. This leads
to the traditional pecking order, as entrepreneurs seek the lowest cost of capital in

the presence of information asymmetry. Internal funding is preferred to debt, which



is preferred to venture funding (Scellato 2007; Hechavarria, Matthews, and Reynolds
2016; Paul, Whittam, and Wyper 2007a).

Studies of adverse selection are too numerous to discuss in full, but the theory
has been tested many times with varying results. Several studies show a clear peck-
ing order among startup firms (Michaelas, Chittenden, and Poutziouris 1999; Ou
and Haynes 2006; Frid 2009; Vanacker and Manigart 2010). Similarly, findings that
funded firms had no other funding sources (Peneder 2010) are consistent with adverse
selection theory. Other work showing that debt funded firms survive longer than VC
funded firms also supports adverse selection theory (Cole and Sokolyk 2018; Astebro
and Bernhardt 2003). Still other studies find the distribution of actual funding to
match expected funding distribution (Mina, Lahr, and Hughes 2013).

There is a limit to the inference here, however, because personal debt does not
lead to longer survival. If personal debt (that is, internal funds) are associated with
firms that fail, this implies a different order of selection: firms prefer bank lenders
at the lowest risk, then venture capitalists, and then internal financing and personal
debt at the highest risk. This is a counter-pecking order.

Based on this apparent preference for external rather than internal funds among
startups, another study finds similar results counter to the traditional pecking order.
Moskowitz and Vissing-Jgrgensen (2002) shows that most private equity is concen-
trated in individuals who manage their own firms. This equity is non-diversified and
thus more risky, and the returns to that equity are no better than returns available
for publicly traded equities. This seems contrary to adverse selection theory and the
traditional pecking order; one would expect that non-diversified private equity would
seek VC funding to mitigate the risk and grow returns, but they either do not or are
unable to do so. The authors consider reasons for their results: benefits of control,
preference for skewness, and misperception of failure probabilities. Each of these

(and especially misperception) weakens the tenets of adverse selection theory, which



assumes that founders know which firms are likely to succeed and which are not.

Another study found counterintuitive results: that firms expecting large revenues
obtain more personal and external financing, while firms expecting to grow do not
(presumably obtaining debt) (Gartner, Frid, and Alexander 2012). This is contrary to
the adverse selection story, because firms expecting revenues would have receivables
to secure debt and would not need to dilute capital. Nonetheless, these results are
somewhat consistent with our anecdotal evidence that firms expecting to make it big
sought out venture capital funding because they sought growth and public offerings
that are less likely with debt. Two foreign surveys that support this view (Boyer and
Blazy 2014; Paul, Whittam, and Wyper 2007b).

In another contrary study, Huyghebaert and Gucht (2007) find that start-up firms
with higher risk profiles have less bank debt, not more. Instead, they resort to personal
debt. This makes sense, but implies that venture funding is not a result of asymmetric
information. Rather it is a result of the inability to obtain bank debt. Similarly, others
find a preference for debt, but suggest that the reasons are efficiency and not adverse
selection (Rocca, Rocca, and Cariola 2011).

The discussion here suggests a testable hypothesis: where the pecking order is
followed, the presence of venture capital implies information asymmetry and weaker
ventures (Myers 1984; Hechavarria, Matthews, and Reynolds 2016). In short, we
might expect venture funded firms to fail earlier, have lower profits, or otherwise
show higher risk. But this is not a static system (Myers 1984). Both entrepreneurs
and venture capitalists know the pecking order, and do what they can to overcome
adverse selection (in addition to other factors that lead to the pecking order, such as

moral hazard).



1.2.3 IP and Overcoming Asymmetrical Information

Intellectual property plays an important role in how firms overcome the adverse se-
lection problem in a dynamic system. One of the characteristics of early stage firms
is the type of intellectual property they hold. In the U.S. (and just about everywhere
else), companies use four primary types of IP to appropriate value. Patents grant the
right to exclude others from using claimed inventions, whether others copied them or
developed them independently. Copyrights protect expression, from books to music
to computer software, from being copied by others. Trade secrets protect all man-
ner of information from the prying eyes of others—the primary defendants are usually
ex-employees. Trademarks protect brand names from potentially confusing uses.

Myers and Maljuf make clear the importance of verifiable information that the
firm is not selecting for external capital due to low quality. Where VC firms are
able to mitigate information asymmetries, their target firms are more likely to receive
investment (Lockett, Murray, and Wright 2002; Cumming and Johan 2008). Based on
the theoretical framework, IP should aid in attracting financing (Long 2002; Mazzoleni
and Nelson 1998; Hahn, Kim, and Kwon 2017; Tondo-Kramer 2009; Fabrizi et al.
2013).

While there is a debate about the signal value versus the appropriation value of
patents (Hall 2018), the focus of this paper does not turn on the signaling v. appro-
priability question. The literature tends to focus on the signal aspect of patenting.
Assuming that signal correlates with quality, venture firms obtain verifiable informa-
tion, the same as if they were investing in the appropriability of the patent. Patents,
therefore, reduce the inefficiencies of adverse selection. For example, Peneder (2010)
report that venture capital firms select for innovative firms. Either benefit of patent-

ing would serve to offset the adverse selection we might expect in venture funding.



1.2.4 Patenting Effects on Firm Outcomes

A related question is whether patents improve firm outcomes. Some studies find
employment growth in patenting firms after venture capital investment (Engel and
Keilbach 2007; Farre-Mensa, Hegde, and Ljungqvist 2017), but this is not a helpful
outcome measure. Venture capital funds are almost always associated with employ-
ment growth—that’s how firms spend the money they receive. The final result of that
employment growth matters more.

Farre-Mensa, Hegde, and Ljungqvist (2017) find that startups that have an easier
time obtaining a patent have substantially higher sales (80%) growth five years later,
primarily due to venture capital investment. In the Crunchbase study, Lerman (2015)
finds that firms with patents are more likely to be acquired. Useche (2014) finds that
IPO pricing is greater for those firms with patents. Cao and Hsu (2011) find that
firms with patents are more likely to reach IPO and less likely to declare bankruptcy,
but the firms in their study had all already received some financing. Balasubramanian
and Sivadasan (2011) examine 48000 companies over 22 years to find that patenting
is associated with increased firm capital, skill, and size. They find that firm growth
is caused by sales around the time of patenting, and that patenting is associated with
the introduction of new products. Mann and Sager (2007) find correlations between
patenting and firm longevity among those firms that have already received at least
one round of financing. Gurmu and Perez-Sebastian (2008) find growth in R&D
spending after patenting in a ten year longitudinal panel. Czarnitzki and Kraft (2010)
link profitability growth to patent stock among German firms. From a signaling vs.
appropriability point of view, this might be attributed to patent and other intangible
asset reduction of market uncertainty; R&D falls with greater uncertainty (Czarnitzki
and Toole 2011; Brown and Kimbrough 2011). As such, patent portfolio size can
increase returns to R&D (Noel and Schankerman 2013). Similarly, firms tend to

patent more in large markets or when they have long development time (Lahr and



Mina 2016). One study found a negative effect on survival for patent applications,
but a positive effect on survival for granted applications among Australian firms
(Buddelmeyer, Jensen, and Webster 2010).

Hellmann and Puri (2000) examine ”innovator” and ”imitator” firms (without
respect to patenting) and find that innovator firms are more likely to obtain ven-
ture capital, and—in turn-bring products to market more quickly. Similarly, Triguero,
Corcoles, and Cuerva (2014) find that product or service innovations (not necessar-
ily patents) led to increased employment in Spanish firms. Colombelli, Krafft, and
Vivarelli (2016) found similar results for French firms. Cefis and Marsili (2011) re-
ported that product innovation led to longer firm survival, though patents had no
discernible effect. Stucki (2014) also find that innovation was correlated with firm
success. Interesting, Boyer and Blazy (2014) find that innovation was associated with
a substantial decrease in survival rate among French start-up firms.

One study (Tsvetkova, Thill, and Strumsky 2014) attempted to consider the in-
teractive effect of patents on survival for VC funded firms for a subset of firms in the
computer and electronics industry. It found that patents had an effect on survival,
but it removed VC funding from estimates due to insignificant results. Baum and
Silverman (2004) asked whether startups benefit from investment because venture
capitalists are better at spotting talent or are better at nurturing the firms in which
they invest. They find that patenting and alliances both lead to investment and im-
proved firm success, but that management experience leads to investment but not

necessarily better outcomes.

1.2.5 Investment Effects on Firm Outcomes

Whether due to adverse selection or not, only a fraction of firms funded by VCs suc-
ceed (Gorman and Sahlman 1989). Even so, VC funded firms tend to do better than

non-funded firms. For example, VC funded firms often have more revenues (Colombo



and Murtinu 2017; Bhattacharya, Borisov, and Yu 2015). In times of uncertainty,
VC funded firms are able to extract more rents (Alperovych and Hiibner 2013). Fur-
ther, they often experience more growth, though portfolio firms are often selected for
growth, even among those firms that had no other funding sources (Peneder 2010;
Puri and Zarutskie 2012). In one contrary study, Stucki (2014) compared financial
constraints in Swiss firms and found that debt constraints affect firm survival, but
that VC constraints do not; the authors suggest that the findings may be limited to
the Swiss financing market.

Sometimes venture capital leads to more patenting. Kortum and Lerner first
introduced this notion, and others have replicated it in a variety of contexts (Kortum
and Lerner 2000; Popov and Roosenboom 2012; Hall and Lerner 2009; Bertoni, Croce,
and D’Adda 2010). Some have gone so far to find this effect even for firms in close
proximity to venture capital (Kolympiris and Kalaitzandonakes 2013). Still others
have failed to replicate these findings, at least at the firm level (Hirukawa Masayuki
and Ueda Masako 2011; Arvanitis and Stucki 2014; Engel and Keilbach 2007; Lahr
and Mina 2016).

Davidsson and Gordon (2012) provide a quality literature review of VC outcome
studies. They pay special attention to the difficulties of defining firm success. There
are very few firm survival studies considering the differences between firms that receive
VC funding and those that do not. Most of the studies that consider non-venture
funded companies select those firms that are acquired or reach an IPO and consider
survival or other metrics from that point (Megginson and Weiss 1991; Jain and Kini
2000; Ivanov and Xie 2010; Tian 2011; Chou, Cheng, and Chien 2013; Ragozzino and
Blevins 2016).

Three studies compare survival rates of VC and non-VC funded companies from
formation. The earliest, Manigart, Baeyens, and Van Hyfte (2002), matched non-VC

funded companies with the VC funded companies in Belgium. They found that non-

10



funded companies had a better survival rate, and that there were differences among
the types of VC firms: firms in seasoned government funds—which did not have a high
growth/”cut your losses” drive-had better survival, while firms in other government
funds were much, much worse. Private VC firms had survival rates about the same
as those of non-funded firms. This is a mixed story for adverse selection. On the one
hand, it appears that worse firms received venture funding, supporting pecking order
theory. On the other hand, some firms performed better than others (and better than
non-funded firms), which implies that venture capitalist screening and management
goals are more important than inherent information asymmetry. The authors also
found that higher debt ratios led to more bankruptcy, which is contrary to findings in
other studies of better survival for companies financing with debt rather than equity.
The study did not consider the role of patents.

The second study considers twenty-five years of VC funded firms and matched
non-VC counterparts, finding that VC firms have no better profitability at exit than
non-VC firms (Puri and Zarutskie 2012). They also find that VC firms have a lower
cumulative failure rate, though the differences are only slight once initial factors, such
as initial size, industry, and geography, are considered. Importantly, the authors ex-
amine VC behavior toward failed firms, which they consider to be not well known.
They find that the survival rate difference is driven by differences in early life failures
(presumably because similarly situated funded firms have the cash to survive). In

7

short, their results imply that VC firms are ”patient” with portfolio firms during the
first five years after funding, but after that time the failure rate is much higher than
non-VC funded companies as the venture capitalists abandon firms that are not trend-
ing toward a lucrative exit. They also find that VC firms have more employees and
sales, but not more profits, than non-VC companies at the time of failure. However,

this study did not consider patenting, and performed little testing on innovation.

The third study is Chemmanur, Krishnan, and Nandy (2011), which used the
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U.S. Census Longitudinal Research Database and found that non-service VC funded
companies performed better both before and after they received funding, and that
non-VC funded firms had a lower survival rate. This study, in particular, contradicts
the adverse selection theory. The authors distinguish Puri and Zarutskie (2012) by
focusing on screening and monitoring, but the results are somewhat similar. This

study did not consider patenting either.

1.3 (aps in the Literature and Testable Hypothe-
ses

The theoretical background and empirical landscape yield two testable hypotheses
that remain mostly unanswered in the literature:

H;: Patents and Outcomes: Patenting firms have no greater profits

H,: Patents and Adverse Selection: If patenting firms do not have greater profits,
the reason is adverse selection

Our approach to these hypotheses fills a gap in the literature. Few studies compare
profits of unfunded companies with funded companies to test adverse selection, and

none of those studies consider the role of patents in reducing information asymmetry.

1.4 Data and Variables

The Kauffman Firm Survey is unique micro-panel of for-profit, non-subsidiary, non-
inherited businesses formed in 2004. There were 4,928 firms at the start of the survey,
but due to attrition, only 2,032 firms survived for the length of the survey.

The survey oversamples firms classified as high or medium tech based on the
amount of research and development employment in that company’s industry. The

survey also over-samples female owned firms. Roughly 25% of initial entrepreneurs are
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women and roughly 13% are considered to be hightech?. Despite the oversampling, the
Kauffman Survey was intended to be representative of the full U.S. economy. The
survey represents 25 two-digit industry codes (industry sector) and 85 three-digit
industry codes (industry subsectors) by the North American Industry Classification
System (NAICS)3.

Due to attrition and a high non-response rate, the Kauffman Foundation provides
a few versions of the data. We use the multiply imputed longitudinal set which
removes firms that do not respond each year of the survey in which they are still
operating. The longitudinal sample has 3,140 firms at baseline and 1,630 in the final
year.

The primary advantage of using the imputed data is the logical imputation that
fills in holes where it can be done with certainty. For example, one can logically impute
a person’s race if that information was previously supplied. Despite this effort, there
are many holes in the data. The missing values that could not be logically imputed
were split into hard and soft missing values following Stata convention. Soft missing
values are imputed because they can reasonably be assumed to take a certain value.
For example, the race of an owner can safely be imputed if a previous value was
recorded. Hard missing values are not imputed. Some of the analysis below uses the
subset of surviving firms in year eight. Among this group the regressions are affected
so much by these hard missing values that the sample of unaffected observations to
the sample including observations affected by hard missing values is a ratio of about
1 to 6. Many of these hard missing values are the continuous variables of interest like

profit. The imputation helps but still there are large gaps in the data.

2Hightech is a KFS classification based on industry average for research and development em-
ployment.
3The NAICS replaced the Standard Industrial Classification (SIC) in 1997.
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1.4.1 Outcome Variables

The majority of this study tracks profits as the primary outcome variable. This
variable is used as a measure of firm success or firm well-being. The goal is to see
how patenting interacts with this outcome variable to get a sense of how well patenting
is converted into success. Profits are measured as a continuous variable and range
over the course of the survey from -$500,000 to over $1,000,000.

This study also considers equity financing as a secondary outcome variable. Equity
is an important outcome that captures how attractive patenting makes firms. The
source of equity is external, from angel, venture, or other financial institutions, rather
than equity from family, friends, owners, or employees. Equity has an important
distinction from debt financing as equity financing is typically in larger amounts and
the investment is analyzed for its potential to return profit rather than just for its

safety.

1.4.2 Key Explanatory Variable

The key explanatory variable is a patenting dummy. Although the survey provides a
count measure as well, we consider only the binary indicator. The count variable does
not add to the analysis or change the results in any meaningful way. Furthermore,
use of a dummy is supported by the literature, which finds that the crucial distinction
is patent vs no patent, not the number of patents (Mann and Sager 2007; Lahr and
Mina 2016).

The survey does not provide any information on when the patent was filed, any
detailed information, or any information from the patent and trademark office. This
lack of information shapes the analysis undertaken in the paper, preventing any in-

strumental variable regression.
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1.4.3 Control Variables

In addition to the key explanatory variable, the regression models control for a num-
ber of additional factors that are likely correlated with both the outcome and key

explanatory variable.

Owner Characteristics

The owner characteristics included are gender, race, education, experience within in-
dustry, how many previous startups, and credit risk. Only variables of theoretical and
intuitive interest are included in the list. Gender, race, and education are categorical
variables while experience and startups are continuous variables. We choose to code
the credit risk variable, being discretely valued and ordinal, as categorical because it
doesn’t display a linear relationship with either outcome variable.

Gender is an important control variable for two reasons. Gender is an important
signal that captures motivation (Burke, FitzRoy, and Nolan 2002) and firm manage-
ment strategies. Gender also has demand- and supply-side implications in the equity
market including risk preference (Charness and Gneezy 2012) and reliance on external
sources of financing (Coleman and Robb 2009).

The survey provides an education of owners variable with ten levels, which we
consolidated into four to increase its explanatory power: high school degree or less,
technical /trade/vocational, some college/associates, four year college degree or more.
Although we control for industry sector, an owner’s education level is correlated with
more granular industry indicators, attractiveness to debt and equity financiers, and
likely correlated with other unobservable measures of business acumen.

The survey provides both the owners’ ages and experience levels. To avoid collinear-
ity, we use the experience level only. Experience is measured in years within the
industry in which the startup was formed. Experience captures industry knowledge

and access to professional networks. For those reasons experience also captures at-
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tractiveness to investors.

The KFS provides the number of previous startups by entrepreneur to capture
entrepreneurial experience. This is a count variable that ranges from zero to five.
The survey provides an additional dummy variable asking if any of the previous were
in the same industry as the current startup to refine the count measure. We use this
variable as well (called ”Same Ind”) with three levels: First Startup; No; Yes. These
variables convey another rich measure of experience and can act as a strong signal to
potential investors and lenders. On the other hand, serial entrepreneurs would have
the opposite effect. The Kauffman Survey does not provide any indication of the
success of these previous ventures.

We have access to two measures of credit risk. The first is the D&B commercial
credit rating (Credit Risk), measured as one, the highest quintile of credit ratings,
to five, the lowest quintile of credit rating, with the intermediate scores representing
ascending quintiles. The Kauffman Survey also provides the D&B financial stress
score (FSSP) measured from one to one hundred with higher numbers representing
decreasing likelihood of financial stress. We focus on the D&B credit risk variable due
to high collinearity. We use this measure as a good proxy for financial risk because

financial risk might correlate with other risk taking behavior.

Firm Characteristics

Control variables related to firm characteristics are financing sources, profits, assets,
employees, legal status, and NAICS two-digit code. Financing, profits, assets, and
employees are continuous variables. Legal status and NAICS are categorical variables.

We separate financing into external equity and other financing since external eq-
uity is a special concern. The other financing variable contains internal equity, inter-
nal debt, and external debt. The sign on both of these measures could reasonably

be positive or negative. Large start-up financing amounts is correlated with firm size
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but firm size does not necessarily mean profits (Cassar 2004).

Legal status (Sole Proprietorship, LLC, Subchapter S-Corporation, C-Corporation,
General Partnership, and Limited Partnership) control for a number of factors and
is quite important, affecting magnitude and significance of the other variables. Or-
ganizing as a corporation rather than a sole proprietorship, LLC, or partnership has
implications for liability and taxes. Corporations protect owners from business lia-
bilities at the expense of additional taxes, paperwork, and legal requirements. The
structure of the business is a strong signal of preparation and experience, and also of
vision of growth. We expect more successful firms to take corporation status. Due to
the lack of observations, we drop general partnership and limited partnership in the

regression models.

1.4.4 Variable Transformations

The continuous variables of financing, profit, and assets have extremely high variances
even though most observations (5th to 95th quantile) are close to the mean. To
alleviate the impact that outliers have on estimates, we take the natural logarithm.
One was added to each variable, due to zeros in the data. The range of profits
extended far into the negative numbers as well, so an additional step was taken. The

natural log was applied to the absolute value of profit before reapplying the sign.

1.5 Analysis

1.5.1 Descriptive Statistics

Table 2.1 presents preliminary trends regarding attrition and patent ownership. Even
though this survey oversamples high technology firms, the patenting rate is quite low.
The rate of attrition can be observed in the change in number of firms. It is clear

from the simple statistics that patenting is not a broad protection from going out of
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Table 1.1: Patent Descriptives

Year Firms Patent Holders Holders/Firms Patents Patents/Holders

2004 3140 120 3.82% o84 4.87
2005 2837 124 4.37% 608 4.9
2006 2554 122 4.78% 487 3.99
2007 2330 106 4.55% 256 5.25
2008 2092 86 4.11% 622 7.23
2009 1928 82 4.25% 386 4.71
2010 1775 72 4.06% 355 4.93
2011 1630 72 4.42% 335 4.65

Table 1.2: Finance Descriptives

Year Firms Debt % Debt Equity % Equity II >0 % II >0
2004 3140 193 6.15% 144 4.59% 1149  36.6%
2005 2837 264  9.31% 187 6.59% 1555  54.8%
2006 2554 290 11.4% 189 7.40% 1564  61.2%
2007 2330 307 13.2% 180 7.73% 1379 59.2%
2008 2092 303 14.5% 165 7.89% 1206 57.6%
2009 1928 307 15.9% 152 7.88% 1152 59.8%
2010 1775 310 17.5% 146 8.23% 1095  61.7%
2011 1630 292 17.9% 140 8.59% 1092 67.0%

business. The patent holders column includes those firms that acquire a first patent
in a survey year. The number of patents per patent holder indicates that the sample
includes firms with multiple patents. Since the ratio remains relatively stable, patent
ownership does not become dominated by a couple firms.

In Table 3.2 we provide statistics regarding financing and profitability through
time. Note that external financing is relatively rare in this sample of representative
firms, but among financing sources, debt is more common. A large number of firms
report positive profits in each year but this table does a good job showing the effect
of the recession on firm health. By 2010 and 2011, however, firms seem to stabilize.

Table 2.3 below shows how patenting firms differ from non-patenting firms in terms

of financing source rates. A patenting firm is much more likely to source external
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Table 1.3: Patenting Firms vs Non-Patenting Firms Financing

Year %Pat & Debt % No Pat & Debt %Pat & Equity % No Pat& Equity

2004 13.3% 5.86% 19.2% 4.01%
2005 16.9% 8.96% 24.2% 5.79%
2006 25.4% 10.6% 32.8% 6.13%
2007 29.2% 12.4% 32.1% 6.56%
2008 30.2% 13.8% 30.2% 6.93%
2009 43.9% 14.7% 35.4% 6.66%
2010 47.2% 16.2% 30.6% 7.28%
2011 36.1% 17.1% 30.6% 7.57%

financing whether the source is debt or equity. In the next section we investigate if
this observed relationship is due to other factors or is driven by the patent ownership.

Table 1.4 shows some of the correlations that patenting has with the outcome
variables. The two survival columns indicate the percentage of firms who belong to
either the patenting or non-patenting group in the year shown that operate in the
next year. Year 2011 has NA values since we do not know whether a firm continues
since that is the last year of the survey. The last two columns indicate the percentage
of firms who report a positive profit. Most years reveal a lower survival rate and all
years show a lower percentage of patenting firms with positive profits. This contrast
is even more stark given the much higher percentage of patenting firms receiving

external financing.

1.5.2 H;: The Effect of Patenting on Profits

This section opens with regression analysis using both a POLS (pooled ordinary
least squares) and FE (fixed effects) approach. The two models are at odds. The
POLS model suggests that patents are associated with lower profits but the FE model
suggests no statistically significant association between patenting and profits. We
argue that POLS model, unlike the FE model, is affected by omitted variables. The

lack of significance in the FE model is perhaps due to the extreme heterogeneity found
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Table 1.4: Conditional Outcomes

Year %Survive|Patent %Survive|No Patent %II > 0|Patent %Il > 0|No Patent

2004 94.2% 90.2% 26.7% 37.0%
2005 88.7% 90.1% 28.2% 56.0%
2006 88.5% 91.4% 32.0% 62.7%
2007 84.9% 90.0% 42.5% 60.0%
2008 97.7% 90.9% 40.7% 58.4%
2009 91.5% 92.1% 46.3% 60.3%
2010 95.8% 91.7% 44.4% 62.4%
2011 NA* NA* 51.4% 67.7%

* The Kauffman Survey has no follow ups after 2011 so we don’t know
if a firm continued operations into 2012 or ceased at the end of 2011.

in the data. To further explore the results, a Oaxaca decomposition is performed on
the POLS results. This model is used to identify the variables and responses most
associated with negative profits. These results are interpreted in light of the omitted
variables.

The regression results are presented in Table 1.5. The first column is OLS from a
cross-section from 2011, the second is OLS on the full panel with time dummies , and
the third is a two-way fixed effects regression. The cross-section regression restricts
the sample to those firms able to survive through the final year of the survey. The
cross-section provides a view of the data without the influence of firms that drop out
before the completion of the survey. The difference between the patent coefficients in
columns two and three are the primary concern and discussed below.

The estimate on patent in column two, the POLS model, indicates that patents are
associated with lower profits. The coefficient suggests that firms that do not patent
are associated with 300% higher profits than patenting firms, all else equal. This esti-
mate is susceptible to unobservable influences, factors correlated with patenting and
captured in the residual. The estimate in the third column removes any time-invariant
uncaptured factors related to the firm. This estimate is statistically significant, how-

ever, suggesting that the strong negative correlation picked up by POLS is due to
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Table 1.5: Dependent Variable: Log Transform of Profits

2011 C-S Panel Time Dummy* Two-way FE
Patent -3.332%* -3.453*** =757
Ln(External Eq) -.264** -.3237* -.074
Ln(Other Fin) -.126*** -.202%** -.252%*
Employees 043" 037 077
Ln(Assets) 568" 409 .296***
LLC! .342 .266 2. 187
S-Corp! .508 -.067 2.509**
C-Corp! -1.711 -1.684** 1.141
Credit Risk -.521* -.631*** -.162
Experience .019 033 NA
Hours .031** .012 020"
Emp-Owner 2.432%** 3.041% 1.082***
Hours:Emp-Owner -.014 -.015* -.002
Gender:Male 878" 645 6.563***
Same Ind:No? -1.023* -.599** NA
Same Ind:Yes? -.593 -.339% NA
<Bachelors? -.118 -.119 437
>Bachelors® .065 321 .940
Intercept -2.110 -4.244*** NA
R? 132 123 021
R? 120 122 -.194
Observations 1416 16,245 16,245
F-test 11.760*** 91.231*** 19.195***
Note: *p<0.1; *p<0.05; **p<0.01

! The baseline Legal Structure is sole proprietorship.
2 The baseline for Same Industry is first startup.

3 The baseline for Education is highschool.

4 Time dummies excluded for space considerations.

21



other factors.

Following Wooldridge (2010), a Hausman test confirms the fixed effects specifica-
tion against a random effects model. The fixed effects model is intuitively appealing
as well. The fixed effects that are removed via this modeling procedure include all
firm invariant factors. These include entrepreneurial ability, business savy, and risk
preference as these traits are not captured in POLS, correlated with the right and left
side of the regression equation, and are time-invariant. A panel F test confirms the
use of time dummies, which are included in both the POLS and FE models. Addition-
ally, the data likely suffers from heteroskedasticity and serial correlation, so clustered
robust standard errors with the finite sample correction suggested by MacKinnon and

White (1985) are used in place of the standard computations.

Oaxaca Decomposition

The Oaxaca decomposition allows one to investigate whether the patenting and non-
patenting groups differ with regard to covariate response, balance, or interaction.
The idea behind the Blinder-Oaxaca decomposition (Oaxaca 1973; Blinder 1973) is to
investigate differences in an outcome variable between two groups. The unconditional
average difference in firm profits is large since firms without patents have 454% greater
profits than patenting firms. The decomposition portions out this difference into what
can be explained by average endowment of the independent variables and what can
be explained by average response to those independent variables.

Normally, the Oaxaca decomposition is performed on time-invariant groups, like
race or gender. This is a novel application of the procedure because patent ownership
is only partially time-invariant; once a patent is obtained, it remains in ownership of
the firm. With the group composition changing through time, covariate balance with
pre-patented firms being accounted for in the non-patenting group is potentially an

issue. Otherwise, using the decomposition on time-varying groups does not present
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any issues.

The Oaxaca decomposition is performed on the pooled data rather than centered
data as in a fixed effects regression. This is done since interest is between the groups
rather than within the firm. This opens the estimation up to influence from bias but
this is a necessary trade-off to get desired group differences. Bias due to economic
shocks is mitigated via year dummy variables. Furthermore, the value of a patent
may be inextricable from firm/owner specific unobservable variables. That means
that patents and their creator may be complementary goods, the patent losing at
least some of its value if separated from its owner/creator.

This section presents the main decomposition results. See Appendix A for the full
mathematical decomposition and results. While the regression finds a conditional
300% difference between patenting and non-patenting firm profits, the unconditional
difference is 4.54 log units or 454%, shown in Eqn. 1.1.

A threefold decomposition (Winsborough and Dickinson 1971; Jones and Kelley
1984) portions out that difference into three sources, endowments, coefficients, and
interaction. This is shown (although not derived) in Eqn. 1.2. The portion attributed
to endowments is due to differences in the distribution of control variables. The
portion attributed to coefficients is due to differences in coefficient values in two
separate regressions, one for patent owners and one for firms without patents. The

portion attributed to interaction is due to the simultaneity of both effects.

AY =Yyp — Yp,
= 2.14 — (—2.39), (1.1)
— 454
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.

AY = (Xyp — XP)/B]i"‘?(/P(BNP - BP) + (Xnp — XP)/(BNP - BP) (1.2)
endouj?nents coef f‘z;ients inter:z,ction

The endowment effect accounts for a statistically significant 2.08 units of the 4.54
difference or almost half. The coefficient effect accounts for a statistically significant
3.89 units of the difference. The interaction effect accounts for -1.43 units of the
difference.

The greatest contribution toward the endowment effect is equity, which contributes
2.2 of the 2.08 total, statistically significant at the 1% level. Equity is a great contrib-
utor to the coefficient effect as well, contributing 1.75 of the 3.89 total, significant at
the 1% level. Equity contributes for all of the -1.43 difference attributed to the inter-
action effect, significant at the 1% level. The full contribution of equity is 2.52 of the
4.54 units. There are other factors at play, but the amount of equity that patenting

firms receive seems to play a large part in the lower profit observed in patent owners.

1.5.3 Hsy: Adverse Selection

An important question is raised through this analysis. Why do patents attract equity
investors when they are correlated with lower profits and at best show no advantage
on average? The pecking order hypothesis of firm financing states that equity is
the least desirable source of financing. It may be that patenting firms are adversely
selected by equity firms (or rather, firm managers are adversely seeking equity) since
stronger firms find more advantageous sources of financing.

We show in this section that this argument does not hold up in this data. Both
patenting and non-patenting firms pursue roughly the same balance of financing
sources. Furthermore, patenting firms are not (on paper) riskier assets to investment

firms. They are not significantly different in terms of credit, industry experience,
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education, age, and prior startup experience.

AY =Yyp — Yp,
= 68— 3.79, (1.3)

= —3.11

Adverse selection suggests that ’good’ investments are difficult to find because any
owner of a 'good’ firm does not want to relinquish control. They have opportunities
to raise cheaper money since equity comes with more baggage. The only available
firms for equity investors are 'bad’ firms which are ’bad’ because of management,
experience, product, or market conditions. It is possible that the attributes associated
with patent development are not well-suited to running a business. An alternative
explanation is that R&D competes for resources against business growing activities.
A Oaxaca decomposition will aid in investigating the role of adverse selection.

As before, the variables included in this Oaxaca decomposition are log profits,
log other financing, employees, log assets, credit, and year. This decomposition also
includes hours worked by owner, work experience within industry, and legal status.
The threefold decomposition results are presented in Eqn. 1.4. Since AY is negative,
the endowment and coefficient effects suggest that these two effects contribute to the

overall difference, and that non-patenting firms received less equity financing.
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AY =

(Xnp —Xp)Bp = —2.73""(.186)+

endm;?nents
S A 5 1.4
Xo(Bnp — Bp) = —2.11%(.209) + (1.4)
coefchients
(Xnp —Xp) (Byp — Br) = 1.73°%(.166)

\ J/
-~

interaction

The detailed results of the decomposition are in Table 1.6. The column of values
represents the mean difference in endowments, AX = Xyp — Xp. The variable most
directly linked to risk preference is credit risk, but the results for that variable do
not present any cause for patenting firms pursuing greater equity financing than non-
patenting firms. The equity difference is also not caused by a lack of experience or
dedication, as measured in average hours worked. The opposite seems to be true.
The greater experience of patenting firms is related to some of the equity advantage.

It is interesting that other financing contributes so much to observed differences in
equity financing between patenting and non-patenting firms. The endowment effect
suggests the presence of the pecking order hypothesis if the firm exhausted personal
and debt sources before acquiring equity financing. But, this doesn’t rule out other
interpretations, such as entrepreneurial orientation (Vaznyte and Andries 2019). The
coefficient effect, since this informs us that the non-patenting firm’s coefficient is less
than patenting firms’, says that if that non-patenting group were endowed with as
much other financing, they would not acquire as much equity financing. This could
suggest they lack the ability to attract equity but it more likely suggests there is
a fundamental difference in the approach to growing a business. The difference in
employees and assets seems to support this since patenting firms have more of both

on average.
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The difference in legal form of the firm also explains some of the equity difference.
The coefficient effect on both LLC and S-Corp drive the equity difference down. Non-
patenting firms that form as an LLC or S-Corp are better able to attract equity than
patenting firms in those formations. That reverses for non-patenting firms that form
as a C-Corp where they are less likely to attract equity compared with patenting
C-Corps. The relative abundance of patenting firms in the C-Corp formation might
attract equity investors to C-Corps to find patenting firms and to other formations for

non-patenting firms. In terms of signal, legal formation might be the most significant.

Table 1.6: Oaxaca Decomposition on Ln(External Equity)

AX Endowment Coefficient Interaction

Ln(Profit) 4.54 N -.36% 68
Ln(Other Fin) -3.56 -1.06*** -1.21% Do
Employees -3.73 -.14** -.06 .03
Ln(Assets) -1.26 -. 32 -2.22%* 26
Credit Risk .09 -.02 -.57 .02
LLC! .02 -.02 L32%H .02
S-Corp? -.01 .01 A8 -.01
C-Corp! -.23 - 437 -.26* 20%
Experience -1.94 .05* Sl -.06**
Hours -5.13 -.08** -.69** .08**
Year -.03 -.004 A7 .004
Intercept 0.0 0.0 2.42%** 0.0
Observations 16,245 16,245 16,245
Note: “p<0.1; *p<0.05; **p<0.01

! The baseline Legal Structure is sole proprietorship.

1.6 Conclusion

This article takes a thorough look at the relationship between patenting and nascent
firm outcomes. The correlations present—that patents are associated with worse profits
and no better survival-defy conventional wisdom that patenting is an advantage.

This negative association persists in regression analysis until the use of individual
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fixed effects removes the bias of unobservable factors. These fixed effects estimates,
supported by diagnostic testing, imply that patenting is not causally associated with
lower profits. To address this puzzle, the Oaxaca decomposition strategy allowed us
to assess if patenting firms are fundamentally different from non-patenting firms in
ways that cause the observed profit disadvantage.

The Oaxaca decomposition finds that the lower profits experienced by patent own-
ers is likely related to obtaining too much equity financing. A further decomposition
conducted on a model that has equity financing as the outcome finds that patent
owners may over-finance across the board, putting too much pressure on young firms.

The use of a threefold Oaxaca decomposition is novel in this area of research and is
almost exclusively applied to cases where group membership is permanent as in race
or gender. There is nothing mathematically or intuitively preventing its adoption
in a study with a self-selected treatment. The decomposition applies well when a
treatment is likely to not only affect the outcome variable but a number of control
variables as well.

Finally, this article finds that while patenting does not lower profits, neither are
lower profits due to adverse selection. Instead, patenting and non-patenting firms
have similar risk profiles and seek equity financing at similar rates. Poor performance

appears to not be due to patenting, but in spite of it.
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CHAPTER 2

SIGNAL VS APPROPRIATION
VALUE OF PATENTS

with Michael Risch
Vice Dean, Villanova Law

2.1 Introduction

In the quest for empirical verification of the role of patents in entrepreneurial firm
success, one stubborn question is the role patents play in venture funding. A small
but growing body of literature has causally linked patenting with increased venture
capital investment in startups, but the reason why remains hotly disputed.

The two leading explanations behind increased venture capital investment in
patenting firms are exclusivity and signaling. Patents, by their very nature, pro-
vide exclusivity. The owner has the right to control use of the patented invention.
As a result, a nascent firm with one or more patents may be more likely to have
revenues and thus attract more funding. This is the appropriation value of patents.
When firms seek funding, however, adverse selection, moral hazard and pecking order
theories predict that venture-funded firms will fail more often. Patenting can be used
to solve asymmetric information problems, allowing venture capitalists to choose only
the best ventures, even if the patent itself provides no appropriative value. This is

the signal value of patents.
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These explanations are not mutually exclusive. A patent can provide both sig-
nals and extra-competitive returns, and both features may be valued by investors.
Indeed, most agree that patents provide at least some signal, even if the magnitude
is unmeasured. On the other hand, many simply assume that patents provide no
appropriative value at all. Chen, Meng, and Lu (2018) and Comino and Graziano
(2015), for example, each develop models in which signals are the only reason firms
might invest. To date, little work has been done to untangle the two.

We add to the literature in two ways using a refined, novel dataset: the Kauffman
Firm Survey of more than 3000 nascent firms. First, we provide further confirmation
that patents increase venture funding. The longitudinal results allow for a strong, if
not causal, inference. The Kauffman Firm Survey collected data on firm experience,
resources, and other factors that might influence success. Using these data in a panel
model shows that owning patents increases chances of receiving funding by about
13%, holding firm founder, risk, and industry variables constant.

Second, we use a novel decomposition method to disaggregate the signaling and
appropriative value of patents in venture funding. Our method compares fixed ef-
fects and POLS (panel ordinary least squares) models. Comparing the coefficient on
patent in both models allows us to tease out the relative strength of the signal and
appropriation effects. This is possible becuase of the interpretation of the fixed effect
(time-invariant firm specific) as the signal effect.

The results are initially startling: among all firms, the patenting coefficient in the
fixed-effects model is statistically indistinguishable from zero, implying that there is
no appropriative value to patents, and that most, if not all, of the increased likelihood
of funding is due to the signaling effect. However, we find substantial heterogeneity in
the data, but not where one would expect it. When analyzed by industry, the results
are essentially the same. However, when analyzed by firm structure, the results reveal

that one type of structure, the general partnership, is so unlikely to obtain investment
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while patenting that it dominated all other types.

This article proceeds as follows. We begin with an overview of startups, IP’s role
in financing, and signaling v. appropriation. We then report on prior findings that
tie IP and venture funding (or both) to firm outcomes. This leads to two testable
hypotheses, which we outline. We then discuss our data, model and estimates used

to test our hypotheses. The article concludes with a discussion of the implications.

2.2 Background and Literature Review

2.2.1 Nascent Ventures, IP, and Funding

A number of studies reference access to capital as an important growth constraint,
for example Beck and Demirguc-Kunt (2006), who find that an increased access to
external financing helps level the playing field among firms of different sizes. Paglia
and Harjoto (2014) focus on private equity and venture capital and show that access
to such sources is very restricted to small and medium sized firms and those who do
attain it benefit along a number of growth metrics.

Intellectual property plays an important role in how firms overcome the adverse
selection problem in a dynamic system. One of the characteristics of early stage firms
is the type of intellectual property they hold. In the U.S. and just about everywhere
else, companies use four primary types of IP to appropriate value. Patents grant the
right to exclude others from using claimed inventions, whether others copied them or
developed them independently. Copyrights protect expression, from books to music
to computer software, from being copied by others. Trade secrets protect all manner
of information from the prying eyes of others-primarily ex-employees. Trademarks
protect brand names from potentially confusing uses.

Where VC firms are able to mitigate information asymmetries, their target firms

are more likely to invest and receive investment (Lockett, Murray, and Wright 2002;

31



Cumming and Johan 2008). Thus, venture capitalists usually require some method
of appropriation before investing. Intellectual property’s appropriative features often
satisfy this requirement, but other methods might be acceptable, such as first mover
advantage coupled with market share. For this reason, the role of patenting in venture
funding is well studied. Because trademarks offer little appropriative value for an
entrepreneurial product and every company has some trade secret, this article (like
many others) focuses primarily on patents.

Patents can reduce information asymmetry (Hottenrott, Hall, and Czarnitzki
2016; Gartner, Frid, and Alexander 2012; Long 2002). For example, one study found
that only those Italian firms surpassing minimal financial constraints engaged in R&D
and patenting (Scellato 2007).

Thus, IP, and particularly patent protection, has long been considered part and
parcel with the entrepreneurial experience (Goel and Goktepe-Hulten 2013). But
the role of patents in entrepreneurship has been contested for nearly as long. Some
believe that patents are essential for the formation of nascent companies, whether
the companies seek outside investment or not. Others argue that patents block entry
and needlessly raise prices. Cockburn and MacGarvie (2011) highlight this tension,
finding that patents hinder entry in the software industry...unless one has a patent.
More general studies have found that, with a few exceptions, patents are more valu-
able for entrants (Hall 2004) but can also have value for established firms (Noel and
Schankerman 2013).

Notwithstanding this tension in academia, entrepreneurs themselves report the
desire to seek patents. Other studies have confirmed that a substantial number of
startups begin with patents or other innovation (Nerkar and Shane 2003; Acs and

Audretsch 1989; Goniadis and Varsakelis 2012; Shane, Locke, and Collins 2003), and

our study finds the same. Startups report seeking patents for their appropriative value

'In later work we may consider copyrights as well, though-like trademarks—many companies own
copyrights but cannot use them to a market advantage (for example, user manuals).
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as the primary motivation, and then for their ability to attract investment (Graham
and Sichelman 2010; Rassenfosse 2012). Determining whether either or both of these
value propositions holds true in practice is another story, of course. Furthermore,
despite a widespread interest in patenting, most firms never seek a patent.

Based on the theoretical framework—venture capitalists seeking appropriation and
information—IP should aid in attracting financing (Tondo-Kramer 2009; Fabrizi et al.
2013). Though some surveys of venture capitalists have shown that appropriability
is not a key reason for investment (Macmillan, Siegel, and Narasimha 1985), other
surveys have shown the opposite (Knockaert, Clarysse, and Lockett 2010; Hsu et al.
2014). Regardless of stated preferences, a small but consistent revealed preference

literature has shown a link between patenting and venture investment.

2.2.2 Patenting Effects on Investment

Farre-Mensa, Hegde, and Ljungqvist (2017) study the impacts of patents on U.S. firm
outcomes including survival, revenue generation, and capital formation. Through
the use of instrumental variables, they find the most significant connection with the
ability of patents to generate capital. Aside from this study, however, there are very
few studies of United States companies that isolate the role of patents in obtaining
venture funding.

There are, of course, studies that find positive results outside the U.S. Some stud-
ies find increased likelihood of investment after patenting for foreign firms. Haeussler,
Harhoff, and Mueller (2014) find that select German and British firms had increased
investing after filing patent applications. Engel and Keilbach (2007) get similar results
with German startups. Baum and Silverman (2004) find that patents improve pre-
IPO financing among Canadian firms. Conti, Thursby, and Thursby (2013) develop
a model of endogenous patenting and investment and find that patents are useful

signals among Israeli startups. However, foreign experience may be different; stud-
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ies of European patenting have not replicated findings of increased venture funding
based on patenting (Bertoni, Croce, and D’Adda 2010). While international results
are illuminating and helpful, they may not be generalizable to the United States
(Rassenfosse 2012; Scellato 2007).

Several studies use data from only those firms that received investment, and com-
pare the amount. In a seminal study, Lerner (1994) associates broader patent scope
with additional funding among biotech firms that had already received funding. Sev-
eral other studies show similar results (Cao and Hsu 2011; Conti, Thursby, and
Thursby 2013; Hoenen et al. 2014). Mann and Sager (2007) examine the differences in
followup financing rounds among software and biotech firms that had already received
funding. Lahr and Mina (2016) use survey data on U.S. and U.K. firms that sought
financing during a two-year period to find that those patenting were more likely to
receive venture capital. Guo, Lou, and Pérez-Castrillo (2015) find that patents have
no effect on firm survival among firms that have already received financing. Engel
(2004) obtained the opposite results, that among a subset of German firms receiving
VC funding, patents had a slight positive effect on survival.

Other studies select companies at different stages of their life, or at different
times, so that comparisons are not possible. Lerman (2015) studied startups over
a four-year period from the Crunchbase database, finding that patenting firms were
more likely to receive venture capital and that more patents led to more investment.
Hottenrott, Hall, and Czarnitzki (2016) consider heterogeneous established firms.
Conti, Thursby, and Rothaermel (2013) find that incubator-based firms formed over
a period of years from a single university were much more likely to obtain venture
capital funding upon receiving patents. Hsu David H. and Ziedonis Rosemarie H.
(2013) find that patents increased financing for those semiconductor firms formed over
a 25-year period that received at least one round of financing. Shane and Khurana

(2003) find that management experience improves the chances that patents granted
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over a 16-year period will be commercialized. Hoenen et al. (2014) find some effect in
the first round of financing for 10 years of biotech startups. Munari and Toschi (2015)
find that patents associated with core technologies improved investment chances for
nanotechnology companies over a 21-year period. Balasubramanian and Sivadasan
(2011) used census data covering 22 years. Finally, in a pecking order article Mina,
Lahr, and Hughes (2013) examine a cross-section of firm financing structures and find
that innovation did not change the demand for particular types of financing, but did

improve the likelihood of obtaining financing.

2.2.3 Appropriation vs. Signaling

Given the apparently positive effect of patents on investment, one key area of inquiry
is separating the appropriative value of patents from the signaling value. While some
view signaling as a potential normative good in its own right (Long 2002; Mazzoleni
and Nelson 1998; Hahn, Kim, and Kwon 2017), most seek other welfare gains from
any deadweight loss associated with the right to exclude. In other words, if signaling is
not a good in itself, then skeptics believe patenting that fails to provide appropriative
benefit does not justify the costs of blocking entry.

In a recent literature review, Hall (2018) argues that disaggregating patent value
into appropriation and signaling is a key unanswered question in the literature. Some
have argued that firm level data cannot separate signaling from appropriation (Hoenig
and Henkel 2015). Without this disaggregation, most tend to believe that the value
must simply be a signal of the innovative prowess of the firm rather than an exclu-
sionary benefit in its own right (Backes-Gellner and Werner 2007; Munari, Odasso,
and Toschi 2011).

Farre-Mensa, Hegde, and Ljungqvist (2017) use random assignment to patent
examiners as an instrumental variable to determine the effect of patenting. They

find substantial increases in investment the earlier a patent is processed, regardless of
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patent quality. This implies that appropriability, not quality signaling, is important
because many of the patents were assigned to more lenient examiners. In other words,
if even the weaker patents improved outcomes, then it was the patent itself rather
than the technology behind the patent that drove the value. We agree with Hall that
this study is the most useful to date. But it is not the only study to attempt to
disaggregate patent value.

Haeussler, Harhoff, and Mueller (2014) find that the likelihood of investment
increases from the time an application is filed and during prosecution as investors learn
more about the patent. However, this can be consistent with either signaling or with
the appropriative value of the patent. Cao and Hsu (2011) use instrumental variables
related to industry patenting. Their study focuses only on firms receiving investment
so does not allow for testing of patents as signals in obtaining initial investment or in
firm outcomes for nascent firms. Similarly, Hsu David H. and Ziedonis Rosemarie H.
(2013) find support for signaling among semiconductor firms, as patents had a more
pronounced effect on firms in early rounds, with inexperienced management, or going
IPO without prominent VCs. Surveys of small and medium sized firms point to similar
results (Rassenfosse 2012). The previously mentioned studies support information
asymmetry, but this study also did not examine companies with patents but no
investment. Hoenen et al. (2014) found similar results among biotech firms, with
new patenting having no effect on later rounds of financing (implying signaling value
only). However, there could be many reasons why patents would have diminished
value, such as the appropriability of early patents as well as established market or
FDA position.

Hottenrott, Hall, and Czarnitzki (2016) examine established firms, and find that
patents result in more investment for smaller, more financially constrained firms than
larger firms. This implies that the signaling is more important than appropriability,

at least for firms of this age, which is consistent with surveys (Graham and Sichelman
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2010).

Conti, Thursby, and Rothaermel (2013) treats patents and early friends and family
financing as endogenous in a model predicting venture capital and business angel
financing. Using their endogeneity model, they find that friends/family money is
more important to business angels and that patents are more important to venture
capitalists. The implications for signaling are ambiguous. On the one hand, each of
these may be signals in their own right, with different types of inventors preferring
different signals. On the other hand, it implies that friends and family money is
a sufficient signal for investment, and that patenting is further valued because of
the appropriative functions. The authors conclude that patents are a signal of the
"probability of success of the technology,” but it is unclear that their model allows
for determination that it is technology as signal or technology as appropriated that
drives the investment decision.

In a related study, Rassenfosse, Palangkaraya, and Webster (2016) consider dis-
closure versus appropriability for patent licensing. They compare transactions with
patents, patent applications, and no patent applications. They find the appropriation
effect is stronger in technologies where patents are considered more important for ex-
clusivity, like biotech. They also find that granted patents lead to better licenses than
patent applications, implying that the appropriation effect is more important than
the disclosure effect. This study is not directly on point, however; a direct patent
license is not the same as an investment in a firm. Thus, a patent and patent appli-
cation may both provide a signal of future value to investors in cases were a licensor
could not obtain that value. More important, patent applications are simply patents
that have not been granted yet, making it difficult to separate current from future
sources of value.

Finally, some are skeptical that patents are mostly signals. Experience of the

startup team is observable (Backes-Gellner and Werner 2007), and corporate disclo-
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sure rules would penalize false statements about the progress of development (Hemel
and Ouellette 2013). Consider, for example, Audretsch, Bonte, and Mahagaonkar
(2012), which argues that appropriability is signalled through patents and prototypes
only signal feasibility. Similarly, Hoenig and Henkel (2015) use conjoint analysis to
find that R&D alliances and team experience were effective quality signals, but that

patents were not.

2.3 Testable Hypotheses

The theoretical background and empirical landscape yields two testable hypotheses
that remain mostly unanswered in the literature:

H;: Patents as Verifiable Information: Patents have no effect on nascent firm
venture funding

Hj: Patents as Signals: Patents have no appropriative value

Our approach to these hypotheses fills an important gap in the literature: isolating

the signaling and appropriation value of patents.

2.4 Data and Variables

The Kauffman Firm Survey is unique micro-panel of for-profit, non-subsidiary, non-
inherited businesses formed in 2004. There were 4,928 firms at the start of the survey,
but due to attrition, only 2,032 firms survived for the eight-year length of the survey.

The survey over-samples firms classified as high or medium-tech based on the
number of employees engaged in research and development at the industry level.
Roughly 13% of firms in the first sample year are considered to be hightech?. Despite

the oversampling, the Kauffman Survey sought to be representative of the full U.S.

2Hightech is a KFS classification based on industry average for research and development em-
ployment.
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economy, and it includes sophisticated weighting data to remain representative. The
survey represents 25 two-digit industry codes (industry sector) and 85 three-digit
industry codes (industry subsectors) by the North American Industry Classification
System (NAICS).?

Due to attrition, as well as a high non-response rate, the Kauffman Foundation
provides a few versions of the data. We use the multiply imputed longitudinal set,
which removes firms that drop out and reappear, leaving only the firms that respond
each year of the survey while in business. The longitudinal sample has 3,140 firms at
baseline and 1,630 in the final year.

The imputed data offers the advantage of logical imputation which is a procedure
to fill in missing responses to questions previously answered that will not change
through time. For example, the survey authors can logically impute an owner’s
race if that information was previously supplied. Despite this effort there are many
holes in the data. The missing values that could not be logically imputed were split
into hard and soft missing data following Stata convention. Soft missing values can
reasonably be assumed based on question type and response but these imputations
convey uncertainty through multiple imputation computations. Hard missing values,

those that cannot be assumed anything with any certainty remain empty.

2.4.1 Dependent Variable

The dependent variable used is a measure of external equity financing that includes
venture and angel investment received in a given year. Since this variable includes so
many zero observations and very large amounts when obtained, a binary indicator of
obtaining this equity is used. This transformations turns the regression models into

linear probability models.

3The NAICS replaced the Standard Industrial Classification (SIC) in 1997.
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2.4.2 Key Explanatory Variable

The key explanatory variable is a patenting dummy. Although the survey provides a
count measure as well, we consider only the binary indicator. The count variable does
not add to the analysis or change the results in any meaningful way. Furthermore,
use of a binary indicator is supported by the literature, which finds that the crucial
distinction is patent versus no patent, not the number of patents (Mann and Sager
2007; Lahr and Mina 2016).

The survey does not provide any information on when the patent applications
were filed, any detailed information about purchased or in-house patents, or any
information from the Patent and Trademark Office. This lack of information shapes

the analysis undertaken in the paper, preventing any instrumental variable regression.

2.4.3 Control Variables

In addition to the key explanatory variable, the regression models control for a num-
ber of additional factors that are likely correlated with both the outcome and key

explanatory variable.

Owner Characteristics

The owner characteristics are gender, race, education, experience in this industry,
count of previous startups, and credit risk. The survey includes a number of addi-
tional variables, but we use only variables of theoretical and intuitive interest. Gen-
der, race, and education are categorical variables, while experience and startups are
continuous variables. We code the credit risk variable, being discretely valued and
ordinal, as categorical because it does not display a linear relationship with either
outcome variable.

Gender is an important control variable for two reasons because it captures mo-

tivation (Burke, FitzRoy, and Nolan 2002) and firm management strategies. Gender
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also has demand- and supply-side implications in the equity market, including risk
preference (Charness and Gneezy 2012) and reliance on external sources of financing
(Coleman and Robb 2009).

The survey provides an education of owners variable with ten levels, which we
consolidated into four to increase explanatory power: high school degree or less,
technical /trade/vocational, some college/associate’s, four year college degree or more.
Although we control for industry sector, an owner’s education level is correlated with
more granular industry indicators, attractiveness to debt and equity financiers, and,
likely, with other unobservable measures of business acumen.

The survey provides both the owners’ ages and their experience levels. To avoid
collinearity we use experience since it likely captures more of the variation in the
dependent variable. Experience is measured in years within the industry in which the
startup was formed. Experience not only captures industry knowledge and access to
professional networks but also attractiveness to investors.

The KFS provides a the number of previous startups to capture entrepreneurial
experience. This is a count variable that ranges from zero to five. The survey provides
an additional dummy variable asking if any of the previous were in the same industry
as the current startup to refine the count measure. We use this variable as well (called
”Same Ind”) with three levels: First Startup; No; Yes. These variables convey another
rich measure of experience and can act as a strong signal to potential investors and
lenders. Therefore the expected sign is positive. On the contrary, serial entrepreneurs
would would repel equity investment. The Kauffman Survey does not provide any
indication of the success of these previous ventures.

We have access to two measures of credit risk. The first is the D&B commercial
credit rating (Credit Risk), which ranges from one, the highest decile of credit rat-
ings, to five, the lowest decile of credit rating, with scores of two, three, and four

splitting the intermediate 80 percent. The Kauffman Survey also provides the D&B
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financial stress score (FSSP) measured from one to one hundred with higher numbers
representing decreasing likelihood of financial stress. We focus on the D&B credit risk
variable due to high collinearity. We use this measure as a good proxy for financial

risk. It is possible that financial risk correlates with other risk taking behavior.

Firm Characteristics

Control variables related to firm characteristics are other sources of financing, profits,
assets, employees, legal status, and NAICS two-digit code. Other financing, prof-
its, assets, and employees are continuous measures. Legal status and NAICS are
categorical variables.

Other sources of financing, profits, assets, and employees help control the need
for external equity financing. The impact of assets is likely to be negative because
assets are strong signals to bank lenders. The impact of other financing, however, is
ambiguous, because other financing is correlated with firm size, an important indicator
of need (Cassar 2004). The pecking order hypothesis suggests that other financing
should have a negative sign since equity is not desirable, but some entrepreneurs
might welcome the opportunity to share the risk, increase their network, and glean
insights from experienced investors.

Legal status (Sole Proprietorship, LLC, Subchapter S-Corporation, C-Corporation,
General Partnership, and Limited Partnership, and Something else?) control for a
number of factors and is quite important, affecting the magnitude and significance
of the other variables. Organizing as a corporation rather than a sole proprietorship,
LLC, or partnership has implications for liability and taxes. Corporations protect
owners from business liability at the expense of additional taxes, paperwork, and
legal requirements. The legal structure of the business can act as a strong signal of
intent, preparation, and motivation to potential investors. Failure to organize in a

particular way sends a clear signal about expected financing.
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2.4.4 Variable Transformations

The continuous variables of financing, profit, and assets have extremely high variances
even though most observations (5th to 95th quantile) are quite close to the mean.
To alleviate the impact that outliers have on estimation, the natural logarithm was
taken. One was added to each due to zeros in the data. The range of profits extended
far into the negative number line as well so an additional step was taken. The natural

log was applied to the absolute value of profit before reapplying the sign.

2.5 Analysis

2.5.1 Descriptive Statistics

In this section we present descriptive statistics on survival, patenting, profits, and
financing through time.

Table 2.1 presents preliminary trends of attrition and patent ownership. Although
this survey oversamples high technology firms, the patenting rate is still quite low.
The rate of attrition can be observed in the change in number of firms. Patenting
is not insurance from going out of business. The downward trend in the number of
patent holders indicates that many early holders went out of business. This column
also includes those firms that acquire patents throughout the survey. The number
of patents per patent holders indicates that the sample includes firms with multiple
patents and since the ratio remains relatively stable patent ownership does not become
dominated by a couple firms.

Table 2.2 presents statistics regarding financing and profitability through time.
Note that external financing is relatively rare in this sample of representative firms
but among financing sources. A large number of firms report positive profits in each

year, but this table does a good job showing the effect of the recession on firm health.
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Table 2.1: Patent Descriptives

Year Firms Patent Holders Holders/Firms Patents Patents/Holders

2004 3140 120 3.82% o84 4.87
2005 2837 124 4.37% 608 4.9
2006 2554 122 4.78% 487 3.99
2007 2330 106 4.55% 256 5.25
2008 2092 86 4.11% 622 7.23
2009 1928 82 4.25% 386 4.71
2010 1775 72 4.06% 355 4.93
2011 1630 72 4.42% 335 4.65

Table 2.2: Finance Descriptives

Year Firms Debt % Debt Equity % Equity II >0 % II >0
2004 3140 193 6.15% 144 4.59% 1149  36.6%
2005 2837 264  9.31% 187 6.59% 1555  54.8%
2006 2554 290 11.4% 189 7.40% 1564  61.2%
2007 2330 307 13.2% 180 7.73% 1379 59.2%
2008 2092 303 14.5% 165 7.89% 1206 57.6%
2009 1928 307 15.9% 152 7.88% 1152 59.8%
2010 1775 310 17.5% 146 8.23% 1095  61.7%
2011 1630 292 17.9% 140 8.59% 1092 67.0%

By 2010 and 2011, however, the number of firms stabilizes.

Table 2.3 shows how patenting firms differ from non-patenting firms in terms
of financing source rates. A patenting firm is much more likely to source external
financing whether the source is debt or equity. In the next section we investigate if

this observed relationship is due to other factors or is driven by the patent ownership.

2.5.2 Patenting and Investment

This section shows the effect of patenting on investment in two models, a panel
OLS (POLS) regression and a fixed effects (FE) regression. These models provide
the framework to dissaggregate observed patent value into signal and appropriative

components. Signaling refers to observable firm traits transmitting unobservable in-
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Table 2.3: Patenting Firms vs Non-Patenting Firms Financing

Year %Pat & Debt % No Pat & Debt %Pat & Equity % No Pat& Equity

2004 13.3% 5.86% 19.2% 4.01%
2005 16.9% 8.96% 24.2% 5.79%
2006 25.4% 10.6% 32.8% 6.13%
2007 29.2% 12.4% 32.1% 6.56%
2008 30.2% 13.8% 30.2% 6.93%
2009 43.9% 14.7% 35.4% 6.66%
2010 47.2% 16.2% 30.6% 7.28%
2011 36.1% 17.1% 30.6% 7.57%

Table 2.4: Legal Status vs Patent Ownership in 2011

Legal Status No Patent Patent

Sole Proprietorship 476 8
Limited Liability Company 550 20
S-Corporation 390 24
C-Corporation 90 19
General Partnership 28 1
Limited Partnership 20 0
Something Else 4 0

Table 2.5: Average Venture Capital Financing by Year and Legal Status

Year Sole LLC S-Corp C-Corp GP LP
2004 0 12972 915 78306 0 0

2006 0 17912 1221 117600 253 3333
2006 0O 2022 16129 113862 303 O
2007 0O 434 0 29856 370 O
2008 0O 0 0 46431 0 0
2009 O 4819 0 53846 0 0
2010 O 3778 0 6682 0 0
2011 0 0 0 12895 862 O
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formation to third parties through real or assumed correlation. For example, patents
signal to investors that the patent holders are intelligent, hard working, or innovative
in a way that would confer a business advantage unrelated to the true market value
of the patent. The appropriative value of the patent is observed value minus signal
value.

The POLS model tests the hypothesis concerning patents as verifiable information.
The result of this model indicates how correlated patenting is with external equity
financing and thus contains information for both signal and appropriation value. The
FE model tests the hypothesis concerning the appropriative value of patenting. The
dependent variable, external equity financing, represents smart money with industry
and investment experience. The results presented in the main paper are for a binary
indicator of equity. Appendix B presents the results for a log of equity specification.

The main assumption of the FE model is the presence of firm-specific, time-
invariant, unobserved, confounding variables. The FE estimation procedure removes
these influences producing an unbiased beta estimate. These confounding influences
include any traits that are dually correlated with patenting and equity financing.
They include intelligence, ability, or diligence and are exactly the factors that con-
tribute to the source of the signal value of the patent. The POLS model cannot
account for these influences so the patent estimate contains the signal value but the
FE model does not.

The FE procedure is instructive to walk through. As long as they unobservable
variables are firm-specific, time-invariant, and linearly additive, then this paper’s in-
terpretation of signal and appropriative values is correct. Notation below is borrowed
from Angrist and Pischke (2009).

The POLS model estimates Eqn. 2.1 where Yj; represents equity financing, P;; is
the patent variable, and X,;; represents all control variables. The true model is por-

trayed in Eqn. 2.2 where A; represent unobservable time-invariant firm-specific traits.
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Because they are not in the POLS model, the residual u; absorb these influences,
shown in Eqn. 2.3. The FE procedure, Eqn. 2.4, removes all time-invariant variables

from the regression since the time average equals itself.

Yie = bo + X;;b1y + pPiy + us (2.1)
Yii=a+ X0+ pPy + Ay + vy (2.2)
uy = Ay + e (2.3)

Vi —Yi= (A — A)'v+ (Xi — X)) Br + p(Py — Py) + (vie — 1) (2.4)

= (Xi — X3)'B1 + p(Py — Piy) + (vie — 1) (2.5)

The expected impact of these unobservables on p is positive bias. The direction
of this bias can be deduced from Eqn. 2.6. This implies that p is equal to the true
value of patenting plus the influence of the unobservables on Yj; times estimates of
regressions of the A; variables on P, patenting. The bias term contains various
influences but the stronger influences are assumed to be positively correlated with

equity and patenting. These include intelligence, industry experience, and diligence.

COU(Y;t, Pit)

= /5 2
Var(Py) p+7dap (2.6)

Table 2.6 contains the linear probability model results. All standard errors are
clustered on firm and are robust to heteroskedasticity and serial correlation. Column
I contains the results of the pooled model with year dummy variables. Column II
contains the results of the fixed effects model. The estimate in column I is the
correlation between patent and external equity. Since it is a correlation it represents

the sum of the effect of signal and appropriative value of the patent. Column II is the

47



Table 2.6: Dependent Variable: Binary Indicator of Positive Equity Financing

I II
Patent 13 .008
(.028) (.011)
R? .165 .022
Observations 17,906 17,906
F-test 121.5%* 17.9%
Note: p<0.1; *p<0.05; **p<0.01

causal effect of obtaining a patent on external equity financing. Column II represents
the just the appropriative value of the patent since the fixed effects methodology wipes
out the influence of non-patent related factors. The estimate in column I indicates a
statistically significant 13% higher probability of receiving external equity with the
ownership of a patent. The estimate in column II indicates that this is not caused by
the patent but rather unobservable characteristics of the firm or owner.

With the evidence gathered, HO is rejected by the strong results in column I
from both regression tables. Under H1, we have presented evidence that patents do
contain verifiable information and affect equity financing. However, we fail to reject
H2, which states that patents have no appropriative value. The two taken together
suggest that patents mainly represent a signaling effect. To the extent that there is
any appropriative value (in the eyes of investors, at least), it is subsumed by other

observed and unobserved characteristics.

2.5.3 Model Diagnostics

This section verifies the model’s assumptions. We are primarily concerned with the
fixed effects specification and ensuring accurate inference via heteroskedasticity clus-
ter robust standard errors. The central assumption invoked by the fixed-effects model
is a special form of the zero-correlation between residual and regressor assumption

of OLS. Each fixed effect, firm and time, is constructed as part of a three-way error
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Table 2.7: Time Varying Coefficients

I II
Patent 13 .006
(.028) (.011)
R? A7 .08
Observations 17,906 17,906
F-test 20.7 7.5
Note: p<0.1; *p<0.05; **p<0.01

component model. The firm effect must be constant across time for each firm and
the time effect must be constant across firms for each year. Testing for the presence
of such effects boils down to specification tests in the form of F or y? tests.

The first test of proper specification compares a random effects model with the
fixed effects specification. The random effects specification allows for correlation
between the effect and the regressors. Wooldridge (2010) argues that the use of a
Hausman test is appropriate for selecting between the two assumptions. The Hausman
test results in a x? estimate of 433.93 with 22 degrees of freedom®? leading to a p-value
of < 2.2e —16. We thus reject the null in favor of the fixed-effects specification.

Even though t-tests provide statistically significant results for each of the time
dummies, a panel F test is also employed. The F test compares a model with time
dummies to a model without them. The F statistic is 51.49 on 7 and 13,319 degrees of
freedom leading to a p-value of < 2.2e —16. Since the null hypothesis is no significant
difference between the models, the evidence argues for time effects. A Lagrange
Multiplier test further confirms this result (Breusch-Pagan for the unbalanced panel)
with a x? estimate of 10739 on 1 degree of freedom and p-value of < 2.2¢ — 16.

Finally, there is evidence of heteroskedasticity identified via a Breusch-Pagan test
performed on a pooled model with time dummies. This heteroskedasticity most likely

persists once firm effects are included considering the vast range of firm types. To

45Time effects are included as dummies in both models to focus on the firm effects assumption.
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correct for the influence that heteroskedasticity has on inference, robust standard
errors are used throughout. The standard errors are clustered on firm and employ
and the finite sample correction suggested by MacKinnon and White (1985) and also

implemented in Stata.

2.5.4 Heterogeneous Effects

The above estimate averages the main effect of interest over all included covariates.
For example, patents in a tech-heavy industry have the same value as a patent in
a tech-light industry. This is a strong assumption that is likely to be violated since
patents are concentrated in certain industries and among certain entrepreneurial traits
and characteristics, and they are valued differently according to different firm and
owner traits. Patenting entrepreneurs are likely to be more educated, have more
experience, and work in more technologically inclined industries. These examples are

likely to produce great heterogeneity in patent value.

Heterogeneity Across Industry

The original specification is modified to interact two-digit NAICS with the patent
indicator. This provides tests on industry-unique effects. Interestingly, this is not
a dimension along which patenting has heterogeneous effects. The two-way fixed
effects model does not provide any significant results related to industry or patent.
The results are not provided in this article. This is likely not a degrees of freedom

problem since many of the patenting industries are over-sampled.

Heterogeneity Across Legal Status

Legal status provides a useful indicator of entrepreneurial experience and intent for
the company since each classification comes with different costs and benefits. Venture

capitalists may be more attracted to C-corporations, as they allow different types of
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stock that allow the payment of dividends. As with industry, legal status is interacted
with the patent indicator. Results on the pooled and fixed effects linear probability
models are presented in Table 2.8.

By interacting patent with legal status the coefficient on patent is interpretted as
the effect of patenting for the reference group, sole proprietorship. The interaction
terms are the impact relative to the reference group. For example, in column II, the
total effect of patenting in a general partnership is .02-.7, or -68% percent. Since the
other interaction terms are not statistically significant we cannot conclude that there
is any difference between these groups and the reference group when patenting. Each
group, like the reference group, experiences a statistically significant 2% increase in
the probability of obtaining equity financing following a patent. The inclusion of all
firm types in the main results was occluding this positive result.

Furthermore, C-Corporations see a large, statistically significant bump in column
I, both on their own and interacting with patents. The combined effect of these
results is that a) forming as a C-Corporation is a strong signal that a firm will receive
financing that gets washed out in the fixed effects model, and b) patents have some
appropriative value for all firms except general partnerships. Forming as a general
partnership was so detrimental to receiving financing that patents were unlikely to
change that, as a signal or otherwise.

To verify these results, we run the regression on subsets defined by legal status
shown in Table 2.9. These results mirror the original results suggesting a pure signal
effect and appropriation effect. It is worth noting that C-Corporations with patents
are 25% more likely to obtain external equity than C-Corporations without patents.
This result, only appearing on the pooled panel model, suggests that C-Corporation

status plus patenting is a strong signal to equity investors.
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Table 2.8: Patent Interacted with Legal Status on Binary Dependent

I II
Patent 2.2e-02 2.0e-02*
(1.8e-02) (1.2e-02)
LLC -1.7e-03 -4.3e-02***
(7.6e-03) (1.3e-02)
S-Corp -2.6e-02** -3.3e-02**
(1.1e-02) (1.3e-02)
C-Corp 7.9e-02*** 1.5e-02
(2.6e-02) (2.3e-02)
GP -2.1e-02 -4.5e-03
(3.1e-02) (1.2e-02)
LP 2.2e-02 5.8e-02
(5.1e-02) (6.4e-02)
Something else  -5.9e-02 -2.5e-03
(3.8e-02) (1.8e-02)
Patent:LLC 9.5e-02* -2.8e-02
(5.4e-02) (2.8e-02)
Patent:S-Corp 3.0e-02 2.0e-02
(4.5e-02) (2.5e-02)
Patent:C-Corp  3.0e-01*** 3.2e-02
(7.1e-02) (3.8¢-02)
Patent:GP -1.7e-01** -7.0e-01**
(4.1e-02) (2.9e-01)
Patent:LP -2.0e-02 2.7e-01
(1.2e-01) (1.8e-01)
R? A7 .03
Observations 17,906 17,906
F-test 110.06** 18.99***
Note: *p<0.1; *p<0.05; **p<0.01
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Table 2.9: Patent Estimates on Subset Data by Legal Status on Binary Dependent

I IT

C-Corp 243 .003

(.0687) (.0129)
LLC 116* .003

(.0481) (.0217)

(1.2¢-01) (1.8¢-01)

R? A7 .03
Observations 17,906 17,906
F-test 110.06*** 18.99***
Note: *p<0.1; *p<0.05; **p<0.01

Table 2.10: Dependent Variable: Log of External Financing and Internal Equity

I 11
Patent 1.51%** -.21
(.286) (.225)
R? A1 .01
Observations 17,906 17,906
F-test 4.9 9.6"**
Note: *p<0.1; *p<0.05; **p<0.01

2.5.5 Robustness Checks

There may be some concern that external equity is either too narrow or too far
removed from the value of a patent to be a useful proxy. This section tries a few
suitable alternatives, and the main results look remarkably similar. The first check is
to expand the dependent variable to include external debt and internal equity with
external equity. This accounts for the patent’s making the firm more attractive to
other investors as well. Internal debt still acts as a control variable because this is
much less likely to be influenced by patent. The thought is that owner credit card

purchases and family loans are independent of patenting.
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Table 2.11: Dependent Variable: Binary of External Financing and Internal Equity

I II
Patent 107 -.01
(.018) (.012)
R? .26 .06
Observations 17,906 17,906
F-test 214.6™* 45.1%*
Note: p<0.1; *p<0.05; **p<0.01

2.6 Conclusion

This study estimated the role of patents in obtaining financing, especially equity fi-
nancing. Comparing pooled OLS and fixed effects results allows us to tease out the
relative strengths of the signal and appropriation value of patents. This is impor-
tant research for both investor and entrepreneur as the findings indicated an over-
valuation.

The results presented in the main model suggest that patent value is pure signal
value. After some heterogeneity analysis, appropriative value reveals itself for sole
proprietorships, LLCs, S-Corps, and C-Corps. The results in the main model can be

explained by the strong negative influence of general partnerships.
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CHAPTER 3

PEER EFFECTS IN
ENTREPRENEURSHIP

3.1 Introduction

The task of financing a fledgling firm is an important concern for entrepreneurs.
The process of firm growth is resource intensive, involving capital, labor, materials,
marketing, and the entrepreneur’s time. Fledgling firms often do not have the revenue
in the first few years to sustain operations and grow. Even with revenue coming in,
it will not be enough to cover costs and investment. The financing must be sourced
specifically for financing. Some entrepreneurs are able to self-finance in the early
years but that is not a realistic option for most entrepreneurs. All firms must rely on
some external source eventually.

The landscape of financing opportunities is immense for entrepreneurs. Internal
sources include savings, credit cards, loans from family, and employee equity. There
are also external sources, such as small business loans, angle investors, and venture
capitalists. How much access an entrepreneur has to these different sources can affect
entrepreneurial strategies, outlook, and firm trajectory.

The amount of financing in a given time frame and the appetite for growth, while
industry contingent, are also hugely personal and depend on one’s tolerance for risk

exposure. Raising a large amount of money is not always beneficial, as it comes with
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varying obligations and pressure, depending on the source and market conditions for
the fledgling firm. An often-cited reason for the financing disparity between firms
started by men and firms started by women is the appetite for risk exposure. The
notion of the more risk tolerant male pervades our culture but the literature is not so
conclusive. Some of the literature does indeed find this to be the case but the other
half finds no gender differences in risk tolerance.

Another intuitive reason for financing differences between men and women is the
role mentorship in entrepreneurship. Although women entrepreneurs are a fast grow-
ing segment of the US labor market, men have long dominated. The greater labor
market share enjoyed by men affects perceptions, beliefs, and actions for both genders.
Discrimination reinforces labor market outcomes, raising barriers in desirable fields
and lowering them in areas that are not desirable. This explains why women are over-
represented in low-growth industries while men are over-represented in high-growth
industries.

In this study, I show that men and women are differently motivated by peer
financing levels. I control for many of the factors claimed to drive the financing
divide. These include experience, industry, credit, and motivation. Furthermore,
through a fixed effects specification, I am able to remove unseen heterogeneity to
argue that men are influenced by peer financing while women are not.

The remainder of this chapter is organized as follows. Section 3.2 provides a
survey of the relevant literature and describes the hypothesis that I test. Section 3.3
describes the innovations used in this chapter. Section 3.4 describes the analysis and
presents the main results, diagnostics, and some alternative specifications. Section 3.5

concludes the chapter with a summary of main findings.
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3.2 Background

The foundations of this study lie in several veins of research. The peer effect lit-
erature concentrates on education and development. The gender differences in en-
trepreneurship literature considers structural differences as well as discrimination.
The prospect theory literature exists in the finance space, some of which also consid-
ers gender differences. The firm financing literature also includes some discussion of

gender differences. I sample from this literature to provide the necessary background.

3.2.1 Industry

The literature on gender differences in financing is crucial for this study. One of
the primary differences, driving other observed differences is industry concentration.
Minniti (2009) finds that female entrepreneurs are concentrated in retail and service
industries.

Industry sector can help explain other observed differences between male and
female entrepreneurs. These differences are explored in Coleman and Robb (2009)
who find that women begin their business with less financial capital and obtain lower
levels in years two and three. Scherr, Sugrue, and Ward (1993) do not address gender
influence directly but acknowledges that expected income is a determinant of debt
use. But, Orser, Riding, and Manley (2006) finds no difference in debt financing after
controlling for industry sector among male and female entrepreneurs in Canada.

On the supply side of financing, Brush et al. (2001) explain why women en-
trepreneurs receive less venture capital. They attribute the gender difference to the
disparity of females being employed in the venture capital industry. (Ewens and
Townsend 2017) reinforce this by explaining equity financing differences as the result
of discrimination. They explain the discrimination as being caused by lack of female

early stage investors in the equity market.
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(Minniti and Bygrave 1999) develop a model to explain entrepreneurial participa-
tion. Entrepreneurial action is the result of personal utility maximization where the
benefits of entrepreneurship are weighed against the costs. Even though there might
by social and personal desire to for equity in the entrepreneurial space, the implied
costs of entering male-dominated markets for women still remains high. These costs
include network structure, discrimination, mentorship, among others. This argument
is supported by the findings of Fuentes-Fuentes et al. (2017) who find that women
entrepreneurs rely on networking for business innovation rather than capital infusions.

These costs don’t explain all behavior, however, as the observed industry distri-
butions can be explained by motivation for starting a business. Burke, FitzRoy, and
Nolan (2002) find that females, due to greater familial commitments and obligations,
seek to balance the pecuniary and non-pecuniary benefits of self-employment, while
men respond only to the pecuniary incentives. Whether these preferences are innate

or driven by cultural and personal constraints is not considered.

3.2.2 Risk Preference

Another perspective on the gender balance issue is the role that differences in risk
tolerance play in entrepreneurial decisions. Anecdotal evidence of gender disparities
in risk preference are common and pervasive, including the sports and professions that
males are attracted to, driving accident rates, and binge drinking. Despite these, the
literature is divided on whether females are actually more risk averse.

Croson and Gneezy (2009) argue that the literature supports the conclusion of a
more risk averse female population through a meta-analysis. In another meta-study,
Charness and Gneezy (2012) find strong evidence for gender based differences in risk
preference in 15 experiments on financial risk taking. However, in response to that
article, Nelson (2015) performs a meta analysis of 35 articles on the subject. She finds

substantial overlap in the implied distributions between male and female risk aversion,
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indicating that the suggested difference is not so stark and clear. Furthermore, studies
offering contextual analysis claim that covariate differences account for much of the
observed risk preference difference possibly suggesting that preconceived notions of
gender roles cause the difference rather than there being an inherent difference.
Fehr-Duda, Gennaro, and Schubert (2006), in an observational data study, find
that women are more risk averse in financial decision making due to the curvature of
women’s probability weighting functions. Men and women have similar value func-
tions. Differences in behavior arise from the evaluation of the probability of gain
and loss. Women tend to overestimate small probabilities and underestimate large

probabilities of gain.

3.2.3 Firm Financing

Within each industry financing is a crucial asset for nascent firms. Besides industry,
financing is affected by multiple factors including start-up size, asset structure, orga-
nization type, growth orientation, and owners’ characteristics (Cassar 2004). Storey
(1993) suggests that obtaining bank financing is not a matter of personal character-
istics but of legal structure and the use of personal savings. Whether this conclusion
contains implicit gender bias is not addressed.

An entrepreneur can seek funding from a variety of sources. The pecking order
hypothesis argues that these sources are ranked in terms of cost, with internal sources
being the cheapest, debt sources next, and external equity sources being the costli-
est because this money usually comes with strict conditions and loss of autonomy.
Vaznyte and Andries (2019) argue that a firm’s entrepreneurial orientation, defined
as the entrepreneur’s propensity to engage in innovation, risk-taking, and market op-
portunity proactiveness, affects whether a firm follows the pecking order hypothesis
and this differs based on environment and whether the firm has achieved break-even.

The literature on gender-based entrepreneurial financing is broad. Bellucci, Borisov,
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and Zazzaro (2010) find that men and women pursue small business lending at the
same rate but women face a tighter lending market. Neeley and Auken (2010) find
no difference in female and male reliance on bootstrap financing, but results differ
when slicing the sample by age, education, overdraft privilege, and change in sales.
For example, more-educated female entrepreneurs rely more on bootstrap financing
than more-educated males. Another survey-based study, Eddleston et al. (2016) find
that gender plays an important role in determining how firms are rewarded for their
characteristics, always to the female entrepreneur’s detriment.

Robb and Wolken (2002) study the issue of gender-based differences in financing,
through demand side factors. Using the survey of small business finances they find
that the observed differences in financing are driven by owner and firm characteris-
tics rather than supply side factors. Constandtinidis, Cornet, and Asandei (2006) find
much of the same using different methods and data. They, however, took the addi-
tional step of acknowledging that industry choice is highly influenced by stereotypes
and other cultural factors. Saparito, Elam, and Brush (2012) looks at both supply
and demand side influences by using bank-firm pairs to investigate how perceptions
matter between different gender pair combinations. Male-male pairs expressed the

most satisfaction in access to credit while female-female pairs the least satisfaction.

3.2.4 Prospect Theory

This chapter will interpret the findings as either being caused by demand- or supply-
side factors. The most prominent supply-side factor likely to cause differences in
financing by gender is discrimination on the part of the lender. Demand-side factors
include preferences and risk tolerance. One of the primary demand-side factors is
based in utility theory that argues preferences can be influenced by their peers.
Classical microeconomics provides a framework for understanding risk preference.

Economic agents make decisions regarding uncertain outcomes by evaluating payoffs
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with respect to the objective probabilities over the outcome space and their own
risk preference. In regards to a fair bet, one in which the expected payout equals
the probability of winning multiplied by the net gain, risk-averse individuals do not
partake but risk-loving individuals gamble.

Prospect theory, developed by Kahneman and Tversky (1979), makes the study
of uncertainty more realistic by removing objective probabilities from the model. In
prospect theory there are two stages of decision making under uncertainty. The first
stage is framing or editing and the second stage is evaluation. Framing involves how
the choice problem is presented, involving norms, habits, and expectations (Tversky
and Kahneman 1986). Busenitz and Barney (1997) confirm that entrepreneurs are
informed via inherent biases and heuristics in their decision making process, at least
relative to managers.

Assuming that entrepreneurs are relatively well-informed regarding the industry
in which they are competing, mean revenue by industry can be used as the reference
point by which entrepreneurs will judge themselves. Entrepreneurial risk preference
depends on which side of average industry revenue the firm finds itself. Prospect
theory suggests that underperforming firms would be more likely to make riskier
decisions. Firms performing above average should not exhibit risky behavior, all else

equal.

3.3 Data and Variables

This chapter relies upon the Kauffman Firm Survey (KFS) for data. For a more
thorough account of the data and variables used, refer to chapter 1. This section will

only present the main innovations of this chapter.
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3.3.1 Owutcome Variable

This study considers one primary outcome, total financing. Total financing sums all
financing sources for each firm and year to get a sense of how, besides revenue, the
firm is supporting itself. Financing a nascent firm’s operation is a crucial and difficult
decision to make in a firm’s early years. Financing, other than revenue, allows the

firm to scale more rapidly and compete more effectively.

3.3.2 Main Explanatory Variable

The key explanatory variables are peer financing, gender of owner, and the interaction
between the two. Peer financing is defined as within industry average equity financing,
leaving out firm ¢ when computed for firm . Other financing sources, including
external debt, internal debt, and internal equity, are summed into a control variable.
This is computed for every firm, year, and industry, as identified by the two digit
NAICS, and is represented as in(Fin_;). The interaction is the primary variable of
interest while the un-interacted variables do not provide much of interest.

The gender variable is binary, but firms in the sample can and do have multiple
owners. If the firm has primary owner who is a woman, that firm is identified as

female-owned.

3.3.3 Descriptive Statistics

Table 3.1 presents trends regarding attrition and patent ownership. Even though this
survey oversamples female-owned firms, the proportion of female owners is quite low.
The rate of attrition can be observed in the change in number of firms. Female-owned
firms drop out of the survey at a slightly greater rate.

Table 3.2 shows statistics regarding financing and profitability through time. Ex-

ternal financing is relatively rare in this sample of representative firms. Debt is the
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Table 3.1: Gender Ownership

Year Firms Female-Owned Proportion

2004 3140 835 26.6%
2005 2837 742 26.3%
2006 2554 645 25.6%
2007 2330 7T 25.3%
2008 2092 506 24.9%
2009 1928 457 24.6%
2010 1775 411 24.1%
2011 1630 375 24.1%

Table 3.2: Finance Descriptives

Year Firms Debt % Debt Equity % Equity II >0 % II >0
2004 3140 193 6.15% 144 4.59% 1149  36.6%
2005 2837 264  9.31% 187 6.59% 1555  54.8%
2006 2554 290 11.4% 189 7.40% 1564  61.2%
2007 2330 307 13.2% 180 7.73% 1379 59.2%
2008 2092 303 14.5% 165 7.89% 1206 57.6%
2009 1928 307 15.9% 152 7.88% 1152 59.8%
2010 1775 310 17.5% 146 8.23% 1095  61.7%
2011 1630 292 17.9% 140 8.59% 1092 67.0%

more common financing sources. A large number of firms report positive profits in
each year. There appears to be a slight recession effect in years 2007 through 2009
when firms reporting positive profits dip. By 2010 and 2011, however, the effect of
the recession seems to have been over.

Table 3.3 shows average financing levels by gender from all sources, internal and
external. Males receive much more financing in total most years of the survey, es-
pecially pre-recession. The last two years of the survey witness a much more even
distribution of total financing for the average man and woman.

Table 3.4 shows how external equity rates differ by gender. The numbers presented
represent unique equity contracts for each year. Early in the survey years, males do

better at acquiring external equity, but the rates by gender become quite even in later
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Table 3.3: Average Total Financing by Gender

Year Firms Female-Owned Average Female | Average Male
2004 3140 835 23,789 87,846
2005 2837 742 46,924 78,376
2006 2554 645 22,334 119,062
2007 2330 577 72,300 53,941
2008 2092 506 46,980 47911
2009 1928 457 26,279 72,027
2010 1775 411 41,147 34,340
2011 1630 375 30,242 26,082
Table 3.4: External Equity by Gender
Year Female Ext Eq Proportion | Male Ext Eq Proportion
2004 23 2.8% 121 5.2%
2005 14 1.9% 83 4.0%
2006 13 2.0% 57 3.0%
2007 8 1.4% 33 1.9%
2008 9 2.0% 22 1.4%
2009 6 1.3% 19 1.4%
2010 4 1.0% 15 1.2%
2011 ) 1.3% 13 1.1%

survey years. This raises an interesting question, one that this chapter will not get

into further. Do women entrepreneurs have more to prove, thus requiring more years

of experience, before they are able to acquire financing at the same rate as males?
Table 3.5 shows the numbers and proportion of external debt financing by gender.

Debt is easier to come by than equity for both genders but this table shows males

still out-finance females through debt.

3.4 Estimation and Results

The single hypothesis being tested is whether there is a gender response to peer
financing. Even though peer financing is the main explanatory variable, with gender,

I do not test for peer effects. The estimated effect will be a sum of demand- and
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Table 3.5: External Debt by Gender

Year Female Ext Eq Proportion | Male Ext Eq Proportion
2004 36 4.3% 157 6.8%
2005 27 3.6% 118 5.7%
2006 21 3.3% 99 5.3%
2007 20 3.5% 79 4.6%
2008 16 3.2% 65 4.3%
2009 11 2.4% 55 3.9%
2010 8 1.9% 58 4.5%
2011 8 2.1% 33 2.8%

supply-side influences. Stated formally:

Hy: Men react more to increases in peer financing levels, as identified by industry
sector.

H,4: Men respond no differently than women to peer financing.

I test the null hypothesis with a two-way fixed effects model shown in Eqn. 3.1. v,
provides a statistical test on whether women entrepreneurs respond to peer financing,
since women are the reference group. Therefore, the estimate of interest, providing a
statistical test of Hy, is 712 which represents the extra response to peer financing by

men. This is shown in Eqn. 3.2.

Finy = y1Peery + yoGendery, + yiaPeery x Gendery + X8 + s + iy + €5

(3.1)
8F'ant
OPeer;

=M + ”)/12G€nd€7’l't (32)

An econometric concern with estimation of the effect of interest in 3.1 is endo-
geneity of Peer because certain unobservable factors influence industry selection,
peer financing, and firm financing such that gender is not randomly assigned across

industry. Industry selection, motivation, financing strategies, and discrimination are
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already proven concerns in the literature. The two-way fixed effects model selection
alleviates much of this concern since firm and time effects absorb the influence of
time- and firm-constant effects.

Some unobservable confounding factors at the firm level may be time-variant,
however, such as preference, entrepreneurial knowledge, and motivation. Also, market
forces may not impact each industry and firm in a consistent way, such as the fact
that the recession hit manufacturing harder than finance. To alleviate these concerns,
a wide range of control variables are included to remove firm and industry variation,
that may be correlated with our primary explanatory variables, from the residual.

Despite these precautions, endogeneity is still an issue for of the above reasons not
captured via specification. Since the ultimate goal is the observation of a phenomenon,
this is not an issue here. The goal is to see if the process that affects male investment
also affects female investment.

The use of a group average to predict an individual’s outcome traces back to
the social interaction work of Manski (1993). The identification of a peer influence
requires at least the removal of each individual’s covariate value when calculating
every individual’s peer variable (Kline and Tamer 2011). This strategy is deployed
within a panel data fixed effects framework.

Table 3.6 presents the truncated results of the two-way fixed effects model. All
reported standard errors are robust to heteroskedasticity and serial correlation and
are clustered at the firm level. The coefficient on peer financing indicates that peer
financing has no statistically significant effect on own financing when gender is fe-
male. The coefficient on male confirms no statistically significant difference between
the genders when peer financing is zero. The coefficient on the interaction term is
statistically significant at the 1% level. The nature of the gender dummy means
that additional peer financing does have an influence on male own financing. The

magnitude’s interpretation is that for every percent increase in peer financing, male
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own financing increases by .15%, an inelastic but significant result. The max amount
of financing raised each year ranges from 10 million to 120 million. At the upper

threshold of what these firms are raising, .15% is quite economically significant.

Table 3.6: Dependent Variable: Log of Total Financing

Estimate S.E. p-value

Peer -.05 (.04) -
Male -2.79 (2.79) -
Peer:Male 15 (.05) o
Observations 17,895
R? .06
F-test 19.1%**
Note: “p<0.1; *p<0.05; **p<0.01

3.4.1 Diagnositics and Robustness

Causal identification of the effect of interest rests, in part, on the appropriateness of
the two-way fixed effects model. The two-way fixed effects model is the correct spec-
ification and tests against alternative specifications conclude this. A second barrier
to identification is the connection between peer financing and self-financing. This
connection is a bit trickier to reason with but a few alternative specifications are
presented make a case for this formulation.

While the random effects model does not produce significantly different results for
the coefficients of interest, a Hausman test is conducted. The null hypothesis, that
fixed and random effects are not significantly different, is conclusively rejected with
a x? of 318.9 on 52 degrees of freedom providing a p-value of 2.22e — 16. Following
Wooldridge (2010), a rejection of the null hypothesis is statistical support for the
fixed effects model.

The Hausman test confirms only the inclusion of the firm fixed effect. An F

test is performed to test the importance of including the time effect. The results
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are conclusive that the time dummies improve the model with an F statistic of 76.4
with 7 and 14703 degrees of freedom providing a p-value of 2.22e — 16. Without the
time effect, the coefficient for females is positive and significant and the coefficient
on males is stronger, positive, and significant. This means that time is a significant
confounding factor that needs to be addressed.

In Table 3.7, I present an alternate specification that interacts time dummies with
all control variables. This specification addresses the influence of time-variant firm
effects so long as that influence impacts the control variables. Again, robust standard
errors are reported with an "Arellano’ estimator that controls for heteroskedasticity

and serial correlation, grouped at the firm level.

Table 3.7: Time Interaction with all Control Variables

Estimate S.E. p-value

Peer -.002 (.04) -
Male -2.92 (2.17) -
Peer:Male .09 (.05) *
Observations 17,895
R? .16
F-test 12.6**
Note: *p<0.1; *p<0.05; **p<0.01

The male and interaction coefficients remain nearly the same. There is still strong
evidence that males respond to increased average financing by their industry cohort.
The effect is slightly weaker in this specification. This possibly suggests that some of
the response is due to unobservable influences.

Serial Correlation is not found via a Breusch-Godfrey test but the panel is short
and testing is likely to be unreliable. Serial correlation is intuitively likely to be present
so standard errors are employed robust to this issue. Heteroskedasticity is found via a
Breusch-Pagan test on a pooled model with time fixed effects. The Arellano estimator

of the robust covariance matrix is employed to control for both serial correlation and
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heteroskedasticity. Results change little when using an Arellano estimator vs a White

estimator. The inclusion that makes a large difference is clustering on the firm.

3.4.2 Heterogeneous Effects

One concern of the above analysis is that the male and female distributions of the
control variables are not equal. Males and females are not present in the same con-
centrations within each industry or each legal status, for example. The results of
the linear models above absorb these differences to give an average over the other
observed factors. This means that the effect may be weaker or stronger if one looks
at different slices of the data.

This section explores specifications related to these heterogeneous effects. Each
model presents a different control variable interacted with the with gender, other
financing interaction. As discussed in the literature, legal status is a predictive factor
for multiple outcomes due to its relation to owner motivation, experience, and intent.
The first alternative specification interacts legal status with the gender peer financing
interaction. The results in Table 3.8 allow us to see if the main results hold in each
legal status or if it is constrained.

The main result in this specification, Peer:Male, is not significant but this is just for
sole proprietorships because of the third interaction with legal status. Peer interacted
with just legal status allows us to see if females behave differently within each status.
Female entrepreneurs are more responsive to peer financing within the LLC and GP
legal structures, significant at the 1% level, and S-Corporations at the 10% level.
But, males are an extra .26 percentage points more responsive in S-Corporations,
signficant at the 10% level. Males finance an extra .46% for every 1% increase in peer
financing within C-Corporations.

There is evidence of heterogeneity by legal status. Given the size of the dataset

and the number of observations per group, statistical power is weak. There are not
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enough observations to speculate about what causes these results.

Table 3.8: Legal Status Interaction

Estimate  S.E.  significance
Peer! -.237 (.031)
Male! 23.321  (2.706)
Peer:Male! 011 (.039)
Peer:LLC 335 (.090)
Peer:S-Corp 230 (.118) *
Peer:C-Corp 232 (.184)
Peer:GP .909 (.260) o
Peer:LP 641 (.984)
Peer:Male:LLC 028 (.113)
Peer:Male:S-Corp .259 (.141) *
Peer:Male:C-Corp 459 (.248) *
Peer:Male:GP -.332 (.314)
Peer:Male:LLP 200 (1.037)

2

Observations 17,8713
R? 06
F-test 16. 77
Note: *p<0.1; **p<0.05; **p<0.01

IThe reference legal structure is sole proprietorship.
2Legal Status and Legal:Male are omitted.

3Legal Status ’Something else?’ was removed.

Heterogeneity within and between industry results is presented in Table 3.9. Only
the coefficients of interest are presented to conserve space. The three-way interactions
suggest that men in the identified industries respond strongly to peer financing. These

industries drive the main results.
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Table 3.9: Industry Interaction

Estimate  S.E. significance

Peer! .360 (.481)

Male! 9.143  (6.566)

Peer:Male! -.533 (.523)

Peer:54 -1.265 (.523) *

Peer:Male:42 ~ 1.598 (.764) *

Peer:Male:51 951 (.555) *

Peer:Male:54 .985 (.570) *

Peer:Male:72  1.196 (.598) >

2

Observations 17,895
R? .06
F-test 9.38***
Note: p<0.1; *p<0.05; **p<0.01

IThe reference industry is code 11.
?Industry and Industry:Male are omitted.
Industry 21, 22, 55, 91, 92 omitted due to not enough women representation.

3.5 Discussion and Conclusion

The causal interpretation presented above is susceptible to criticism still. Following
the argument presented in Angrist and Pischke (2009) starting with equation 4.6.9
there is a thorny identification issue present whenever one regresses a variable on that
variable’s group average. The issue, not addressed by individual and time effects, is
that Peer Financing and Individual Financing are both susceptible to group-level
shocks. These shocks are captured by the residual, creating a classic case of endo-
geneity. This would arise in this study if, for example, a news-generating company;,
like a Facebook, either attracts or scares away investors to the whole industry sector.
The issue is less egregious when the group average is calculated for each individual
leaving out that individual’s covariate value, but still present.

This problem does not invalidate the results but it prevents further analysis. Gen-

der peer influences cannot be decomposed into demand and supply factors. This
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group-level endogeneity is a supply-side influence that cannot be addressed with these
data. This study cannot say further how to interpret the results, just that there is
strong support for male-female differences in financing. I cannot indicate that the
results are due to preferences, risk preference, or discrimination, unfortunately.

This chapter makes an important contribution to the literature, however. It
demonstrates that males are responsive to peer financing, as defined by the total
amount of financing within industry sector. A one percent increase in peer financing
causes a .15 percent increase in firm financing for males. This effect is not present
among female entrepreneurs. These findings are robust to heteroskedasticity, serial
correlation, firm and time effects. The source of financing also does not influence the
nature of this result.

Due to the nature of the data, this finding cannot be explained as a demand-side
or supply-side phenomenon. Further research is needed to address this shortcoming.
Demand-side studies are inconclusive whether male and female run firms differ in
risk aversion or innate preferences. Supply-side studies, however, do point to the
presence of gender discrimination in the lending markets. Decomposing the influence

of demand- and supply-side effects would be a natural next step.
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CHAPTER 4

NETWORK ANALYSIS OF THE
S&P 500

4.1 Introduction

All investors want better performance out of their portfolio. The two sides to manag-
ing performance are risk and return. Hedging strategies require the careful selection
of securities to manage risk and return. For example, a pairs trading strategy involves
selecting two securities that trend together. If one of those securities deviates from
that trend the investor can use that information to buy one long and sell the other
short in anticipation of a return to equilibrium. This type of strategy can both miti-
gate risk and increase returns over the buy and hold strategy but only with properly
selected securities.

The selection of pairs is crucial. One approach is to select two securities from a
group known to trend together, for example, two stocks out of the same industry,
or two currencies from countries that are strong trading partners. Another method
involves searching over the constituents of a particular index or market. This search
can be exhaustive, testing all pairs within of the group.

Two search methods, one seeking high correlation pairs and the other incorpo-
rating Granger causality or cointegration, have gained traction over the past decade.

The more recent literature tends to use cointegration more but there has not been
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a study comparing the two methods. On a practical level for any strategy that re-
quires frequent recalibration, a correlation approach is much faster than some of the
multi-step regression approaches out there.

The two above procedures for finding pairs can be used to construct threshold
network graphs. Network analysis is increasingly being applied to financial networks.
Applications of this technology to finance include studies on global structures, market
stability, market sentiment on either side of market corrections, and the aforemen-
tioned trading literature.

Network analysis involves visualization and formal metrics on the connections
between nodes. For both the visual and statistical component of network graphs, the
number of nodes and connections, and how the nodes cluster or fail to cluster into
cliques is important. One aspect of financial market networks that is important is
how strongly the constituents cluster within or across industry lines.

This chapter makes the following contributions to the literature. This is the
first study to compare the two main techniques of financial network formation. The
two main techniques are the previously mentioned correlation and a regression based
approach. The regression approach either tests for cointegration in the residuals of
regressions involving pairs of stocks or those that test for Granger causality. The
different approaches lead to different network models.

The second contribution is demonstrating how the resultant network graphs can
be used as data in various ways. I use the network graphs in a classification scheme
to test how well industries cluster by correlation and cointegration. This aspect of
the chapter tests the conventional wisdom that pairs are best selected from within
industries.

A third, albeit less important, contribution is the collection of the literature found
below. Articles in this area have been conducted by two disparate groups that, for

the most part, ignore the other side of the literature. The two groups have either
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an economics and finance background or a physics and engineering background. The
two strands of this very related literature make no reference to each other.

The layout of this study is as follows. In Section 4.2 the important literature
is highlighted. In Section 4.3 the data, data processing, network formation, and
analysis are discussed. Section 4.4 discusses the results. Section 4.5 presents a brief
but important simulation as critique of the literature. Section 4.6 contains concluding

remarks.

4.2 Background

4.2.1 Previous Studies

A financial market network graph visualizes how firms in a given market, the nodes,
relate to other nodes via being linked or not, via a correlation or other algorithm.
The first study to approach U.S. financial markets via network graph analysis, which
launched a number of papers from the physics group is Mantegna (1999). In contrast
with later research out of the physics and engineering strand, this paper seeks to
gain some intuitive, economic understanding of the structure of the market through
network analysis. The authors approach this through the use of the minimal spanning
tree, which is a subset of edges of a connected edge-weighted undirected graph to
connect all nodes without any cycles and minimum possible edge weight. In effect, it
identifies the central and peripheral stocks to a market or index.

Boginski, Butenko, and Pardalos (2003), creates the method that many later
studies will adopt. The authors develop a threshold network of 6546 US financial
instruments using daily return data with 500 consequetive trading days in 2000-2002.
Two instruments, nodes, share an edge in the threshold graph if the correlation of
daily returns exceeds a chosen correlation value. The statistics that they present

express market connectivity for a sliding threshold value from negative one to one.
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A number of studies mirror the approach taken by Boginski et al. (2003, 2005,
2006). Huang, Zhuang, and Yao (2009) applies this approach to the Chinese market.
Namaki et al. (2011) looks at the Iranian market. Their approach is modified slightly.
They first eliminate the market mode by subtracting the first principal component
from the correlation matrix before network analysis. Vizgunov et al. (2014) looks at
the Russian market. Their innovation is to include trading volume which they find is
predictive of the structure of maximum cliques, a clique that cannot be extended by
including one more adjacent vertex.

Like Namaki et al. (2011), Wang et al. (2013) utilize a detrended statistic to form
a network graph. The detrending procedure is local as opposed to the eigenvector
approach of Namaki et al. (2011), meaning that Wang et al. (2013) detrend each pair
via OLS and compute the Pearson coefficient on the residuals. This local method is
appealing in spirit due to its similarity to cointegration.

Nobi et al. (2014) go a step further than the above static views by investigating the
interplay between economic conditions and network structure. They are interested in
the global vs local (South Korean) network similarities and differences over a period
of time spanning the great recession by following indexes returns and volatilities.
Although different from this paper in the time and global aspects of the paper, their
paper shows how networks can provide comparative analysis.

The literature on non-stationary time series is important for understanding the
data preprocessing of the correlation studies and the approach taken by the cointe-
gration studies. Yule (1926) is the earliest article laying out the difficulties involved
in the statistical analysis of non-stationary time series. Granger and Newbold (1974)
continues this work by specifically analyzing the prevalence of spurious associations
among economic and financial series. Nelson and Plosser (1982) argues that macroe-
conomic time series are difference stationary. Fama (1965) argues that stocks follow

a random walk model thus making them non-stationary. Dickey and Fuller (1979)
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demonstrates that the distribution of estimators is non-standard in the presence of
a unit root invalidating t-tests. The thrust of these papers in the current context is
to show a separate approach to understanding comovements among non-stationary
series.

Tong, Chen, and Buckle (2015) uses global market network visualization to answer
how integrated the global markets are. Using both threshold networks and minimum
spanning trees, they identify an increasing level of global integration and that the
Americas, Europe, and Asia cluster continentally. They do not find an Africa cluster
as individual African countries have stronger links with areas outside the continent,
particularly Europe.

A few studies have used cointegration to form the connections in a market network
as this article does. Singh, Roca, and Li (2018) use cointegration to form the weighted
and unweighted links among national markets on a global market network. Like the
other market network studies, they use log daily close price returns, but on local
stock indexes. The authors form the linkages via cointegration coefficients, the larger
the coefficient the greater the connections. Their study searches for global market
linkages via stock indexes, for which they find some evidence. Tang et al. (2019),
takes this approach a step further by employing directed graphs, where links are
arrows suggesting the direction of influence, formed from Granger causality tests and
lead/lag models among global indexes.

Wen et al. (2018) performs an interesting two-step filter to find links in the Chinese
market. The first step filters stocks to only include those over a certain Pearson
correlation threshold. The second step filters again by Augmented Dickey Fuller
Test between pairs from the first filter. Network links are defined by the Pearson
correlation between stocks that were found to be cointegrated, at an unstated level
of significance. Gao et al. (2018) create a similar cointegration-based network. Their

procedures does not model edge weight as correlation but provides a binary indicator
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of connection if cointegration is detected. Their multi-step procedure passes each pair
through a Johansen test for cointegration and accepts every pair for the network at
the 5% level.

Ji et al. (2018) uses directed acyclic causal networks to find link, among financial
assets, including Bitcoin. They find Bitcoin to be an isolated asset when viewed con-
temporaneously but having a lagged connection with other assets, especially during
declining periods.

Bu, Tang, and Wu (2019) uses a causal network approach to find that comove-
ment generally increases with time. Their definition of causal is Granger causality.
Stock x Granger causes stock y if lagged values of x provide statistically significant
information in predicting y beyond what lagged values of y provide. The assign a
directed edge between two nodes if Granger causality exits in that pair. They use
their constructed network to argue that sentiment based factors explain the excess
comovement exceeding what fundamentals would predict.

As the use of network analysis on financial markets grows, so will the number
of applications. This review has focused on graph construction through daily stock
returns where links are found through either a correlation or cointegration approach.
Other studies are turning to networks constructed from other metrics. Li et al.
(2018), for example, construct a threshold liquidity network to analyze downturns in

the Chinese market. This area of research is expanding rapidly.

4.2.2 Theoretical Perspective

This chapter contrasts networks created via correlation and networks created by coin-
tegration. Pearson correlation measures the linear relationship represented in Equa-
tion 4.1 and provides a good representation of two stocks’ tendency to move in the
same direction. Only one paper on this subject,(Li et al. 2018) using correlation as

the underlying construct deviated from Pearson in favor of Spearman. The Pearson
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statistic takes on values between -1 and 1, inclusive. While most articles ignore neg-
ative correlation, understanding which stocks move in opposite directions provides
just as much information as those that tend to move together. This is perhaps more

true than ever given market trends that are making stocks in indexes more correlated

(Wurgler 2010; Turner and Sushko 2018).

. NYzy—3>z3y (4.1)

VINY 22 = 2|V y? - ()]
Cointegration is a more precise relationship between two series. Two variables'?,
X and Y, are cointegrated if each is integrated of order d and a linear combination,
aX +bY, is integrated of order less than d. A variable is integrated of order d if if the
dth difference makes that variable stationary. The simplest cointegrated relationship

is a series that is linearly related to a random walk.

Y1 = Byar + urg, where uy, ~ 1(0) (4.2)

Yot = Yor—1 + Uz, where us ~ 1(0) (4.3)

In practice, cointegrated relationships are often identified via intuition or theory,
with statistics reinforcing the notion. In financial markets, this often leads to a search
restricted by industry sectors. One classic example is that of Pepsi and Coke which
may have short term idiosyncratic movements away from each other but are driven by
the same market forces, causing them to follow the same stochastic trend in the long-
run. The Engle-Granger method is intuitively appealing, in a two variable system,

regressing one on the other and testing the residual series for stationarity. It employs

HCointegrated relationships are obviously not restricted to pairs but this study restricts itself to
just considering pairwise relationships. Pairwise analysis is already a O(n?) problem.
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the augmented Dickey-Fuller test, with null of the presence of unit root against the
alternative of stationarity.

Both correlation and cointegration suggest comovement between two series. With
the recent advances of computing power and desire to gain additional insight on
complex financial markets, more analysis is turning toward complex networks as a
tool. A complex network graph represents nodes (individuals, firms, stocks, etc.)
and their connections/edges. A threshold value on the underlying statistic defines
whether two nodes share an edge. For example, only stocks that have a correlation
above .7 share an edge. When the network is formed from cointegration or Granger
causality, a standard p-value threshold, like .05 or .01, is chosen.

These graphs are described via a number of statistics on connectivity and clus-
tering. This article calculates edge density, node degree, correlation coefficient, the
number of connected components, and the parameter the degree distribution. These

statistics describe the graph’s distribution.

Edge density is defined as d = n(f:fl), where m is the number of edges and n is the
number of nodes. This metric takes on values of zero, for a network with no edges,
and one, for a complete network, where complete means every node is connected with
every other node. As threshold value increases in a correlation graph, edge density
decreases from one to zero.

A node’s degree is the number of edges adjacent to that node. The average
node degree is the sum of each node’s degree divided by the number of nodes. For
an increasing threshold value in a correlation graph, the edge degree will decrease,
indicating that the network is becoming less connected.

The number of connected components in a graph is the number of subgraphs
within which every node is connected to every other node in the subgraph via a path

and is not connected via a path to any node outside the subgraph. In other words,

it is a count of the number of islands, or disconnected segments, in the graph. As
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threshold value increases in a correlation graph, the number of connected components
increase from one, before the threshold is so high that no edges remain.

Finally, node distribution is a summary measure. Past literature has found the
distribution of networks follows the power law. A network’s degree distribution follows

the power if the fraction P(z) of nodes having x connections follows

P(k) c Cx™® (4.4)

where « is a parameter with values typically in the range, 2 < a < 3 (Clauset,
Shalizi, and Newman 2007). Distributions that follow the power law occur frequently
in the real world. Markets in which there are a few highly connected stocks but many
stocks with a low number of connections are a good candidate for being described
by a power law because of the distribution’s right skewness. These highly connected

nodes in the right tail are under-predicted by the normal distribution.

4.3 Data and Methodology

4.3.1 Data and Variables

The S&P 500 constituent data consists of daily close price over 251 trading days from
March 23, 2018 through March 22, 2019. The count of stocks included is 482 due to
data availability over the period examined. The time frame is arbitrary but captures
an interesting period in US financial markets. This period is interesting because of
the high volatility observed. Studies on stock movement trends find an increasing
correlation through time (Forbes and Rigobon 2002; Bu, Tang, and Wu 2019). Since

this study is not concerned with trends, one year is enough.
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4.3.2 Network Formation

Network formation and analysis is broken into three main steps. The first involves
data preparation. The second takes the prepared data to form a network graph. The
third analyzes the network graphs.

Data preparation is slightly different for the correlation and cointegration ap-
proaches. The correlation approach requires that all series are made stationary first
through the calculation of real daily returns on daily close price. Other papers in this
area use log returns but I do not see the benefit.

The cointegration approach does not require stationary series so daily close prices
are left untransformed. For each unique pair of the 482 series, the Engle-Granger
two-step method (Engle and Granger 1987) is used to test for cointegration. Just
like the correlation approach, there are 482 by 482 elements in the output matrix to
fill. A regression is run on each pair and the residuals from each are retained to test
for stationarity via an augmented Dickey Fuller test with intercept only and 16 lags
following the suggestion of Schwert (2002)°2. Normally, statistical tests provide binary
decisions, over accepting or rejecting the null hypothesis, using pre-chosen significance
levels. From each paired regression, the p-value is saved so multiple graphs can be
formed with various threshold values. As the p-value decreases, the graph loses edges
and becomes more sparse.

The result of step one, via either method, is a square matrix with the number
of rows and columns equal to 482. The correlation approach produces a symmetric
matrix so only the lower triangular matrix is preserved. The cointegration approach
is not symmetric but the upper and lower triangular matrices contain similar infor-
mation so the the lower triangular is preserved while the upper triangular matrix is
discarded. The main diagonal is also not needed because that represents a stock’s

relationship with itself.

2This article is cited with various dates of working paper versions.
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The resulting matrix is called the adjacency matrix. Adjacency matrices define
the graph structure of nodes and edges. Each row and column represents a node. The
values in row ¢ and column j are used to define edge length. A high absolute value
correlation produces a short edge length. A low p-value also produces a short edge
length. The plotting algorithm used is a type of force-directed approach, specifically
the Fruchterman-Reingold force-directed algorithm, implemented in Python. This
approach tries to achieve relative closeness based on edge weights and as few edge
crossings as possible for a clear display. Nodes will be more centered in the graph for
a greater number of high-weight connections and toward the edges for fewer.

The network produced from the above adjacency matrices is fully connected,
meaning that every node connects to every other node since there were no perfect
zero correlations or perfect one p-values. Threshold values are chosen to prune the
weaker connections, leaving only the stronger connections. As the threshold value
changes, the network structure changes as well.

Step three analyzes the each type of network using network graph statistics. To
conclude, each network is run through a predictive machine learning algorithm. The
algorithm takes x-y coordinates from the graph as data to predict industry sector.
Support vector machine (SVM) and k-nearest neighbors classification algorithms are
considered for this problem. The SVM approach uses a radial basis function kernel, a
standard approach in the field. The KNN approach uses a k of one given the number
of nodes to edges. For both algorithms a k-folds cross validation approach is used to

improve model fit.
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4.4 Empirical Results

4.4.1 Step One - Data Preparation

Figure 4.1 shows the stacked correlation density plots of correlations. Spearman
is displayed for robustness since there was some concern that non-spherical paired
relationships might skew Pearson. A center of mass around .3 confirms a positive
amount of market comovement. The mean amount of correlation for every stock is

positive. The correlation network literature uses Pearson exclusively.
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Figure 4.1: Kernel density plots of Pearson and Spearman Correlation

The distribution of p-values from the Engle-Granger approach reveals a much
different structure. Figure 4.2 looks much more like a uniform distribution compared
to the near-normality of the correlation distributions. The large number of pairs with
low p-values indicates that the graph will remain quite connected even as the threshold
value moves towards zero. Compare that to the density of Pearson correlations. As

the correlation grows above the mean, the number of pairs decreases rapidly.

4.4.2 Step Two - Network Graphs

Figure 4.3 displays a network graph produced by correlation values without imposing
any threshold. The fully connected graph contains 115,921 edges connecting every

node to every other node. Only by imposing thresholds to restrict edges to only the

84



5000 -

4000 -

3000 A

Number of pairs

2000 A

10001

0.0 0.2 0.4 0.6 0.8 1.0
P-value range

Figure 4.2: A histogram of Augmented Dickey Fuller p-values on the residuals of pairwise regres-
sions.

stronger connections does market structure reveal itself. Correlation and cointegra-
tion approaches produce extremely different graphs. As the threshold value grows,
the correlation approach is distinguished by segmentation, largely by industry, as seen

in Figure 4.4. The cointegration approach produces no such industry segmentation.
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Figure 4.3: A spring network of Pearson correlations for the S&P 500.

Figure 4.5 shows a correlation graph with .7 threshold and a cointegration graph
with .975 (.025 p-value) threshold side by side. With a much lower threshold value,
the correlation approach produces a graph with 249 nodes and 912 edges while the
higher threshold cointegration approach produces a graph with 480 nodes and 1,762
edges. No nodes have been pruned from this approach. One of the driving factors
creating such different graphs is that imposing a positive threshold on the corre-

lation graph removes all negatively correlated stocks leaving only strongly positive
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Figure 4.4: Positive correlation network graphs at four threshold values.

correlations. Increasing the threshold on the cointegration graph does not remove neg-
atively correlated stocks. Positively correlated stocks are much more likely to come
from the same industry, forming highly connected clusters explaining the high edge to
node ratio observed. The regression-based approaches in the literature (cointegration,
Granger causality) do not make this distinction, but has important consequences for
analysis and use in trading systems.

The hedge strategy for positively rather than negatively correlated stocks will
be opposite from each other. Furthermore, drawing a network graph without distin-
guishing negative from positive correlations reveals very little, since the graph remains
nearly complete for most thresholds, including very high values.

The cointegrated graph, rather than resembling a positive threshold correlation
graph, more resembles a correlation graph with a negative threshold value, one that
removes any correlations greater than that level. Figure 4.6 shows an example of such
a negative threshold correlation graph with threshold value -.1. The circular layout is
a natural consequence of having more pairs and fewer clusters, as the plotting algo-

rithm gives centrality to nodes with more connections. Here, most nodes have about
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Figure 4.5: Correlation and Cointegration Approach Graphs
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Figure 4.6: Negative Correlation and Cointegration Approach Graphs

the same number of connections. The number of nodes in the negative correlation
graph is 129 to 398 edges while in the cointegration graph with a .99 threshold is 280

nodes to 140 edges.

Edge Density

Figures 4.7 shows how edge density changes in positive correlation and negative cor-
relation network graphs as the threshold value moves. Figure 4.8 is the same graph
for a cointegration-formed network. The positive and cointegration approaches look
similar with much slower edge density decay in the cointegration graph®3. These two
graphs show a network becoming less complete as the threshold value increases. The
negative correlation shows that for a range of threshold values, the graph is nearly

complete. This is significant and part of the reason why the cointegration graph re-

33The spike at the right side of the positive correlation graph should be disregarded as is caused
by Google’s two tickers in the S&P.
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Figure 4.7: Edge density as the threshold value increases in absolute value on the positive (left)
and negative (right) correlation-formed networks.

mains much more complete as threshold increases. Negative correlation in the S&P
500 exists between stocks from different industries. Graphs formed from negative

correlations tend not to cluster because of these cross-market connections.
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Figure 4.8: Cointegration Graph: Edge density as the threshold value changes on the cointegration-
formed network.

Node Degree

Figures 4.9 and 4.10 show how mean node degree changes in the correlation and coin-
tegration network graphs, respectively. These graphs depict the average number of
adjacent edges a node claims. Mirroring node density, the positive and cointegration
graphs look similar, but the cointegration graph decays more slowly. This is due to
a number of negatively correlated stocks not found in the positive correlation graph

but found at high thresholds in the cointegration graph.
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Figure 4.9: Node degree as the threshold value increases in absolute value on the positive (left)
and negative (right) correlation-formed networks.
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Figure 4.10: Cointegration Graph: Mean node degree as the threshold value changes on the

cointegration-formed network.

Clustering Coefficient

Figures 4.11 and 4.12 show how the mean clustering coefficient changes in the correla-
tion and cointegration network graphs as threshold changes. The positive correlation
graph shows the transition from one large cluster, a value of one, to a graph that
becomes more segmented. The cointegration graph looks very similar. The negative

correlation graph becomes more clustered as the threshold increases.

Connected Components

Figures 4.13 and 4.14 show the component number as threshold values increase in
the correlation and cointegration networks, respectively. The connected components
number is a count of how many unconnected clusters are in the graph. With low

threshold values, all nodes are connected and the number of connected components is
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Figure 4.11: Clustering coefficient as the threshold value increases in absolute value on the positive
(left) and negative (right) correlation-formed networks.
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Figure 4.12: Mean cluster coefficient as the threshold value changes on the cointegration-formed
network.
one. In the positive correlation graph, at a threshold in the .6 to .8 range, there are
around 30 connected components. This number is more than the number of industries
which means that industry sectors are not wholly descriptive of the market.

An important note is that cointegration graph remains completely connected as
nodes are stripped away with an increasing threshold. The fact that the cointegration
graph does not segment like the correlation graphs makes it less useful to study market

structure.

Power Law Distribution

This section estimates the parameters of the power law distribution and assesses that
distributions fit to this data. Figure 4.15 shows histograms of node density with graph

insets for four threshold values of positive correlation graphs. The alpha measure falls
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Figure 4.14: The number of connected components as the threshold value changes on the
cointegration-formed network.
in between two to three for the mid-threshold values. This indicates a good fit by the

power law distribution.

4.4.3 Step Three - Machine Learning Classification

Figure 4.16 portrays the confusion matrix heatmap generated by a k=1 KNN algo-
rithm applied on a correlation graph with a .7 cutoff. Rows in the matrix represent
actual classification of industry and columns represent what the trained algorithm pre-
dicted. High numbers in the main diagonal correspond to high prediction accuracy.
The KNN algorithm perfectly predicts six of nine industries. The worst predicted
industry, Consumer Discretionary, still has a two thirds successful prediction rate.
Figure 4.17 shows the confusion matrix heatmap generated by a k=1 KNN al-

gorithm applied on a cointegration network with .005 ADF p-value cutoff. This
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Figure 4.15: Positive correlation network graph histograms of degree with graph insets.

approach is far less able to predict industry than the correlation approach. This is
because cointegration is not limited to cases where like follows like. The cointegration

space includes far more exotic stationary-residual producing pairs.
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Figure 4.16: KNN confusion matrix heatmap for correlation network.
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Figure 4.17: KNN confusion matrix heatmap for cointegration network.

4.5 Simulation

This section** simulates two pairs of cointegrated relationships based on Equations 4.2
and 4.3 (repeated below). The same underlying error processes are used in each run.
The only difference between the two yy; runs is § which is .5 and —.5, respectively in
each run. The result is shown in Figure 4.18. The two runs of y;; have correlations
with yo; of .95 and —.95, respectively. Therefore, the vy, series generated with 5 = .5
would be included in a correlation approach but f = —.5 would not. Both series

would be included in most of the cointegration approaches discussed above.

Y1t = Byar + u1g, where uyy ~ 1(0)

Yor = Yor—1 + Uge, Where ug ~ I1(0)

44This section is meant more as a proof of concept to demonstrate what the other papers are
missing regarding cointegration. This is not meant to be rigorous.
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The point of this exercise is to show that both procedures in the literature to
form networks are missing something. The correlation approach, through setting
purely positive thresholds, misses cointegrated series with negative correlations. The
literature using a cointegration or regression-based approach have not addressed any
differences with a correlation approach. The cointegration approach includes a much
larger set of relationships including negative correlations. Without accounting for this,

analysis and trading strategies based on a cointegration approach will be misleading.

4.6 Conclusion

The threshold market graph literature is mostly split on the adoption of a correlation
or a regression approach. The correlation approach is to form adjacency matrices
from Pearson correlations between pairs of returns. The regression approach includes
the Engle-Granger cointegration method, Granger causality, and the Johansen coin-
tegration approach. This article is the first to compare the two broad categories
of approaches. The network structure created differs substantially in each so this
difference needs to be better understood rather than discarded.

The regression approaches allows for positive or negative relationships compared

with the correlation approach which contains edges between stocks that move together
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(the literature only considers positive threshold graphs). This has important impli-
cations for the uncovered market structure and any applications derived thereafter.
A common application of this literature is making the pairs trading literature more
robust by investigating network strategies to uncover suitable pairs. A co-moving
pair requires a different hedging strategy than a repelling pair.

This chapter is the only paper to consider negative threshold correlation graph.
The result of this approach is completely different from positive threshold graphs.
The cointegration approach produces a graph that is a mix of negative and positive
correlation threshold approaches. Since negative correlation graphs tend to connect
industries while positive correlation graphs tend to cluster nodes by industry, the
cointegration approach does not produce graphs that create subgraphs. Cointegration
graphs remain very connected as the threshold pushes to high levels. The implication
of this is that underlying market structure is not revealed as well as with correlation
graphs.

Finally, this article employs machine learning and simulation for proof of con-
cept robustness checks. Machine learning, via k-nearest neighbors, proves that the
cointegration approach does not reveal industry structure. Whereas the correlation
approach produces a graph structure where nearest neighbors is very accurate at pre-
dicting industry. The simulation approach proves that cointegrated relationships can

just as easily be negatively correlated.
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APPENDIX A
THREEFOLD OAXACA DECOMPOSITION

As mentioned above, the threefold Oaxaca decomposition is performed on the pooled
model. This section presents the mathematical decomposition and the full estimation
results. See Winsborough and Dickinson 1971; Jones and Kelley 1984 for a more
detailed reference.

Ynp = BnpXnp (5)
Yp = BpXp (6)

The separate group coefficient estimates in the regression above allow one to de-
rive a number of useful decompositions to explain the difference in average outcome,
shown in Eqn. 7. This suggests that firms without a patent experience a difference
in log profits of 4.54. A threefold decomposition (Winsborough and Dickinson 1971;
Jones and Kelley 1984) portions out that difference into three sources, endowments,
coefficients, and interaction. This is shown (although not derived) in Eqn. 8.

AY = Vyp — Vp,
=2.14 — (—2.39), (7)
=4.54

AY = SXNP — XP)IB€+?_(}3(BNP — Bp) + (XNP — Xp)’(BNP — BP) (8)

4 N J

Vv Vv
endowments coef ficients interaction

The first term in Eqn. 8 represents the portion of AY that can be explained by
differences in average endowments of the independent variables. For example, were
the non-patenting group more experienced and the profit responds positively to ex-
perience, then part of the observed difference in profit would be attributable to the
non-patenting group’s extra endowment of experience. The second term represents
the portion of AY that can be explained by differences in response (coefficients). For
example, were the non-patenting group more rewarded for experience, endowment
held constant between the groups, then a portion of the observed difference in profit
would be attributable to the extra return in experience. The third term is the inter-
action between the two first effects. Differences in endowments and coefficients are
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observed simultaneously. That simultaneous presence is captured here. For exam-
ple, if there were no difference in the endowment of experience, the interaction effect
would be zero. Likewise, if there were no difference the coefficient on experience, then
the interaction effect would also be zero.

Eqn. 7, AY, portions out among the three effects as shown in Eqn. 9. This
suggests that the endowment effect explains about 42% of the observed difference in

profit, the coefficient effect explains about 87%, and the interaction effect explains
about -29% of the difference.

AY =
(Xnp — Xp) fp = 2.08%(.274)+
X (e — Bp) = 3.89"*(.432)+ (9)
coef ficients
(Xnp — Xp) (Bnp — Bp) = —1.43(.273)

(.

Vv
interaction

Differences in endowment are shown in Eqn. 10. These differences feed the en-
dowment effect, a further breakdown of which is presented below in Eqn. 11 which
demonstrates how the total endowment effect is portioned among the individual terms
in the model. Equity, Employees, and Assets play the most significant roles. Among
them Equity is by far the most significant in magnitude. This suggests that the
endowment effect is mostly comprised of the endowment differences in equity financ-
ing. The patenting group has 3.11 greater share of mean equity. The 2.20 (of 2.08
total endowment effect) statistically significant endowment effect of equity says that
the non-patenting group greatly benefits from having less equity which is negatively
related to profits.

AX Bguity = —3.11,
AXother = —3.56,
AX popiogees = —3.73, (10)
AX ggsets = —1.26,
AXcredir = 09
AXyeqgr = —.03
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(Xnp — Xp)'Bp =
endo;;wnts

(AX Bquity) Beguity.p = 2.207%(.203)+
(AXowmer) Bother,p = 577 (.253)+
(AXEmployeeS)BEmployees,P = —.17"(.087)+ (11)
(AX assets) Bassets,p = —-AT*(.160)+
(AXcredit) Boreain,p = —01(.038)+
(AXyear)Byear,p = —03(.060)+
(AX putercept)Bo,p = 0.0(0.0)

The column of differences in coefficients is presented in Eqn. 12. Eqn. 13 presents
the components of the full coefficients effect with corresponding p-value and standard
errors. The largest differences in magnitude and significance are the intercept and
equity, identifying larger values in the non-patenting groups. The difference in inter-
cept is interpreted as an unexplained difference between the two groups and accounts
for most of the coefficients effect. The difference in equity, on the other hand, sug-
gests that patent owning firms are less efficient with equity financing than non-patent
owning firms. Whether this is due to management or to different equity structure
imposed by the investor is unclear from this data.

AB = éNP - BP =
ABpquity = A46*(.003),
ABother = —.077*(.003),
ABBmpiogees = -017(.001),
ABasets = -127(.004),
ABereai = —.627(.014),
AByear = —.307%(.101),
Afy = 4.28"(.064)

(12)
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X)p(Bwp — Br) =

coef ficients
X pquity,n P(ABrguiry) = 1.75°*(.219)+
Xother,NP(ABother) = —.52(.560)+
XEmployees,NP(ABEmployees) =.06(.151)+ (13)
Xnssets NP(DBassets) = 33(1 226)+
Xeredit vp(ABcredir) = —1.837(1.183)+
Xy earvp(DByear) = —1.19%(.673)+
Xlntercept(Aﬁo) = 4.28"(1.923)

The components of the interaction effect are presented in Eqn. 14. This effect
accounts for the simultaneous presence of both the endowment and coefficient effects.
The only significant result is on Equity and mitigates the total contribution of Equity
on the full 4.54 Log Profit difference to 2.52 (2.204-1.75-1.43). Both groups react
negatively to equity financing, however the patent owning group more so. With each
dollar of equity, the forces driving this observed effect cause the patenting and non-
patenting groups’ profits to further diverge.

(XNP — XP) (Bnp — Bp) =

znteractzon

(AXEqUity)(ABEquzty = —1. 43***( 187)—|—
(AXOther)(ABOther = .24(.254)+
(AXEmploy(Bes)(ABEmployees = — 04( 084)+ (14>

(AXC’redit> (ABCredzt
(AXYear) (ABYear
(AXIntercept> (ABO

)
~15(.138)+
—.05(.042)+
—.01(.024)+
0.0(0.0)

)
)
)
(AX assers) (ABassets)
)
)
)

It is important to remember that Equity does not account for the full observed
difference so there are other fundamental differences at play. The intercept accounts
for 4.28 of the 4.54 Log Profit difference meaning that unobservable (or unaccounted
by this model) variables are a large component of what is observed in AY.
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APPENDIX B
LOG EQUITY RESULTS

Table A1l contains the continuous outcome variable results. As above, all standard
errors are clustered on firm and are robust to heteroskedasticity and serial correlation
and employ the same small sample correction as Stata. As above, column I is a
correlation and represents the sum of signal and appropriative effects. Column II
is the causal effect of obtaining a patent on external equity and represents just the
appropriative value. Patents ownership is associated with a statistically significant
184% increase in external equity financing. Column II indicates that this is not causes
by the patent but rather unobservable characteristics of the firm or owner.

Table Al: Dependent Variable: Log of External Equity Financing

I 11
Patent 1.84*** 12
(.131) (.369)
R? 19 .03
Observations 17,906 17,906
F-test 143.9*** 231"
Note: *p<0.1; *p<0.05; **p<0.01
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