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Abstract of Praxis

A Decision Support Tool using Machine Learning Techniques for Classification of
Business Startups’ Ability to Secure Funding

Half of new business startups in the United States fail within five years, resulting
in a significant economic loss since these startups generate millions of new jobs annually.
The low survival rate is partially owing to the failure of these startups to secure adequate
external funding. Considering the often-immature cash flow of startups and the inability
to self-fund, access to external finances is essential. However, from the investors’
perspective, startup investment is associated with high levels of financial risk and is
usually based on early signals of the startup’s intellectual capital.

The predictability of access to funding and the understanding of the signals of
intellectual capital that correlate with the ability to secure funding are of paramount
importance. Entrepreneurs may use that knowledge to increase their probability of
success. Investors can use that knowledge to inform better investment decisions.

The existing literature fails to address methods of predicting a startup business’s
ability to attract external funding. Instead, current work is limited to understanding the
existence and direction of correlation between the various signals of a business startup’s
intellectual capital and the ability to raise external funding. The findings of the existing
research varied and were at times contradictory.

This praxis is the first, and only known, work that builds a Machine Learning
(ML) based decision support tool, assisting entrepreneurs and investors’ decision making
by forecasting business startup’s ability to secure funding. The relatively large and recent

database used in this work, enable further arbitration of literature’s inconsistent findings.
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Chapter 1—Introduction

1.1 Background

New business startups are a strong driver of economic growth and societal
prosperity. Lately, startups have emerged as a foundation of innovation. Startup
businesses propel economic growth and consumer-value delivery more than any other
economic activity (Franco et al., 2021). Strong positive correlation exists between
entrepreneurship activity level and economic growth as measured by GDP per capita
(Shweta & Madan, 2021). In the United States alone, startups generate millions of new
jobs every year (U.S. Bureau of Labor Statistics).

At early stages of startups’ life, access to sufficient investment is essential for
their survival. However, that access to adequate funding may be hard to secure. The total
available funding is insufficient relative to the large number of startups seeking
investments (Chen et al., 2021). This lack of funding is amplified during times of high
inflation and high interest rates, such as the present time. The Global Startup Ecosystem
report, for 2023, discussed trends in Venture Capital (VC) funding deals for startups
globally. A total of $49 billion of VVC funding was reported for the last quarter of 2022.
This represents a significant reduction of approximately 65%, compared to the $139
billion of VC funding reported for the last quarter of 2021, only a year earlier.

New business startups lack the necessary revenue to support their own sustenance
and growth needs and cover the startup’s often-high research and development (R&D)
spending (Chen et al., 2021). Therefore, access to adequate external funding is essential

for their survival. On the other hand, funding of these startups is usually associated with a



high financial risk for investors. Given the lack of an established track record of financial
delivery, investors are usually forced to identify and rely on early signals of startup’s
organizational qualities to inform their investment decisions. A good understanding of the
business startup signals that correlate with future performance is key to successful
investments. Bad decisions can be costly.

Spence’s (1973) signaling theory suggests that people are inclined to make
decisions based on signals that are readily available and objectively measurable. For a
typical startup that lacks the traditional capital assets, the various signals of their
intellectual capital may be of dominant importance (Dean & Kretschmer, 2007).
Investors can utilize these salient leading indicators of a startup’s intellectual capital to
inform their investment decisions. These leading indicator signals must also be linked to
positive future financial performance (Ratzinger et al., 2018). Given the critical role of
funding for the survival of new business startups, it is used in this praxis as the objective
function (i.e., dependent variable), and as a proxy for the likelihood of business startup’s
future survival.

Despite entrepreneurs and investors’ best efforts, approximately half of new
business startups, in the United States, fail within only five years of creation (U.S. Bureau
of Labor Statistics). This results in a large financial loss for investors and entrepreneurs
alike. It further presents a massive, wasted potential for sustained job creation and
economic growth. For these reasons, policymakers, entrepreneurs, investors, and
researchers alike are all invested in comprehending the determinants of new startups’

creation and survival.



1.2 Research Motivation

Forming an accurate understanding of the signals of startups’ intellectual capital
that influence their future success is important. The potential economic opportunities
associated with the improved success rate of these startups are enormous. Today, new
American startups account for millions of new jobs every year. Nevertheless, one in two
of these new businesses disappear within a few years of emergence.

Though plenty of theoretical and empirical research exists, studying the
determinants of a startup’s success, the conclusions of these studies are diverse, and
sometimes contradictory. An example is the founders’ educational level. Some studies
show positive linkage between founders’ study duration and their resultant ability to
obtain funding (Pinelli et al., 2022). Others indicated that founder’s education is
statistically irrelevant to a firm’s performance (Davidsson and Honig, 2003).
Aboramadan (2020) conducted a literature review of the relationship between the
characteristics of a firm’s top management and the resultant firm’s performance.
Contradictory findings were reported, suggesting that these relationships are not
straightforward, and that further research is needed.

The existing literature is limited to theory-based, survey-based, and linear
regression-based methodologies. It is focused on the mere understanding of the direction
of correlation between various signals of a startup’s intellectual capital and its success
potential. Given the complexity of the topic and limitations of chosen methodologies, the
resultant fitting of the data was poor and reliable prediction of future startup’s potential

success was not possible.



This research is motivated by the alarmingly high failure rate of new business
startups, and the large potential opportunity that hinges upon the reduction of that failure
rate. There is an evident need for better identification and understanding of the signals of
intellectual capital that are associated with a higher likelihood of startups’ success. This
would greatly benefit entrepreneurs, investors, and the community at large.

1.4 Problem Statement
Half of new business startups in the United States fail within five years, resulting

in a significant economic loss since these startups generate millions of new jobs annually.

The magnitude of the opportunity that new business startups generate is high.
However, their survival rate is unacceptably low. The sustainability of millions of jobs is
potentially at stake. The problem at hand is associated with advancing the understanding
of the signals of intellectual capital that are associated with higher chances of future
success for a business startup. This would afford both entrepreneurs, and investors alike,

a better chance of success in the future.

1.4 Thesis Statement
A decision support tool based on machine learning will inform entrepreneurs and

investors’ decision making by forecasting startup’s ability to secure funding.

Adequate funding is essential to the survival and growth of new businesses. The
existing literature is merely focused on enhancing the understanding of the direction of
correlation between signals of intellectual capital and a business startup’s performance.
No reference was found that produced a predictive model for the same. In addition,
existing literature’s findings, regarding these correlations, are contradictory. There is

value in augmenting the research in this field and producing a better understanding of
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what signals correlate to, and potentially influence, the ability of new startups to obtain

funding.

Machine learning models enable the simplification of strategic decision-making
processes by extraction of significant information from complex and noisy data (Ponta et
al., 2022). No known previous work involved the use of machine learning to predict a
startup’s funding potential. Machine learning predictive models can be used as a decision
support tool by both entrepreneurs (at business forming stage) and investors (to aid
investment screening and decision making). The failure rate of future business startups

can therefore be lowered.

1.5 Research Objectives

This research is intended to use both Ordinary Least Squares (OLS) regression
and Machine Learning (ML) classification techniques to achieve the following
objectives:

e Identify signals of new business startups’ intellectual capital that correlate
with the ability to obtain more funding.

e Develop a predictive model that will help classify whether businesses are
able to obtain funding. The signals identified from the first bullet above
are used to build the predictive model.

Both entrepreneurs and investors can use this work as a decision support tool to
aid their future success. Entrepreneurs may use it to shape their business emergence at
early stages, while investors may use it to inform their business opportunity screening

and funding decisions.



1.6 Research Questions and Hypotheses
The research questions and hypothesis below explore the relationship between the
various signals of intellectual capital of a business startup, and its ability to obtain
funding.
Research Question:
RQ1: What signals of a business startup’s intellectual capital correlate with their
ability to obtain funding?
RQ2: Do founders’ educational level impact a business startup’s ability to obtain
funding?
RQ3: Can a predictive model be built to classify a business startup’s ability to
obtain funding?
Research Hypothesis:
H1: Startup founders’ educational level and the number of patents owned by a
startup are positively correlated with the startup’s ability to obtain funding.
H2: Startup founders’ educational level heterogeneity and the number of
published articles mentioning the startup are positively correlated with the
startup’s ability to obtain funding.
H3: A predictive model can classify a business startup’s ability to obtain funding

with an AUC higher than 70%.

1.7 Scope of Research
This research uses data from the Crunch Base database, a dependable source that
is already in use for academic research, with multiple publications related to business

startups survival potential (Kerr et al., 2014; Ratzinger et al., 2017; Noguti et al., 2021,



Franco et al., 2021; Pinelli et al., 2022). The scope of this praxis includes U.S. based
businesses that were founded between 2018 and 2022. This work attempts to understand
the relationship between the amount of raised funding and several signals of a startup
intellectual capital. The amount of raised funding is used as a proxy for the ability of a
startup business to survive and thrive. The signals analyzed include the business startup’s
number of founders, their educational level, the heterogeneity of the founder’s
educational level, the startup’s headquarter location state, the number of published
articles mentioning the startup, and the number of granted patents owned by the startup.
This praxis work includes the creation of a machine learning based predictive model that

classifies the ability of a business startup to obtain funding.

1.8 Research Limitations

Though the analysis in this praxis was based on a rather large sample size of
1,429 U.S. based business startups, the analysis was not exempt from limitations. These
are listed below, and present an opportunity for future research:

Due to the criticality of external funding to the survival of new business startups,
the amount of funding raised is used as a proxy for higher likelihood of a startup’s
survival and future success. This is consistent with the approach of other researchers
(Kerr et al., 2014; Franco et al., 2021), and is driven by data availability constraints.
However, increased startup funding does not always lead to higher quality products and
services (Levesque, 2000). Future research may include correlation of the actual survival
records of present organizations against their historic early signals of intellectual capital.

The data used in this praxis was limited to startup businesses founded between

2018 and 2022. Hence, prevailing economic conditions of recent times may have



influenced the findings from this work. An opportunity for future research entails the
expansion of the analysis to include a larger time frame. However, that must be done with
care, as it may introduce changing macro-economic conditions as a hidden variable.

The data used in this praxis was limited to businesses that are founded in the
United States. Hence, an opportunity for future research entails the expansion of the
analysis to include non-U.S. based businesses.

1.9 Organization of Praxis

This praxis is organized into five chapters. This chapter is focused on the general
introduction of the research problem, intended research deliverables, research scope, and
research limitations. The remainder chapters are:

Chapter 2 contains a literature review of the published research critical to forming
the foundation for this research, highlighting the limitation of existing work, and
supporting the need for the additional work presented by this praxis.

Chapter 3 outlines the research methodology used for identifying the signals of
intellectual capital that impact a new business startup’s ability to obtain funding. The
chapter also covers the adopted methodology for the build and validation of a machine
learning based predictive model, which classifies a new business startup’s ability to
obtain funding.

Chapter 4 presents the result of the regression analysis used to identify the signals
of intellectual capital that correlate with business startups’ ability to obtain more funding.
It also presents the result of the predictive model built to classify a startup’s ability to
obtain more funding.

Chapter 5 discusses the praxis conclusions and potential implications.



Chapter 2—L iterature Review
2.1 Introduction

During early years, business startups often lack the necessary cash flow to sustain
profitable operations, fund their research and development programs, and pay for the
elaborate business-establishment costs associated with rent, wages, and bills of all types
and magnitudes. Hence, access to adequate financial resources is essential for the survival
and thriving of new businesses (Chen et al., 2021).

The U.S. Bureau of Labor Statistics estimate that fifty percent of all new business
startups, in the United States, cease to exist within five years of creation. The low
survival rate of business startups leads to a significant economic loss. New business
startups generate millions of new jobs, in the United States, annually (U.S. Bureau of
Labor Statistics). This dismal statistic is not entirely surprising though considering that
many startup businesses fail to secure the necessary funding to survive (Liu et al., 2023).
The failure is partially owing to the scarcity of funds, as compared to the relatively large
number of business startups seeking funding. Pasayat et al. (2023) argued that the
statistically evident uprising in the number of new business startups has led to an
increased competition for funding and reduced survival rate.

From the investors community’s perspective, funding of new business startups is
often associated with a high degree of financial risk. Business startups often have bleak
cash flow, unfinished products, and highly uncertain future market demand and share
(Parhankangas & Ehrlich, 2014). Owing to the emerging nature of startups, they often
also lack credible track records of past performance and the presence of attractive

financial metrics (Franco et al., 2021).



Investors must therefore utilize salient leading indicators of organizational
qualities to make investment decisions. Indicators that are both readily available and
objectively measurable for new business startups. These leading indicator signals must be
positively linked to future financial performance (Ratzinger et al., 2018). Given the
critical role of access to funding for the endurance of new business startups, it is used in
this praxis as the dependent variable, and an indicator of new business startups’ survival.
This is consistent with previous research on business startups survival (Kerr et al., 2014).

This chapter reviews and analyzes the research conducted on early signals of
organizational quality, and their resultant correlation to the survival rate of new business
startups. It provides the reader with literature context. This chapter also builds the case to
justify this research’s focus, inform and then support the chosen research methodology,
and ensure that duplication of work is avoided.

2.2 Intellectual Capital and the Signaling Theory

Spence’s (1973) signaling theory maintains that prospective employees send a
signal of their abilities by acquiring formal education credentials. The value of these
credentials is attributed to employer’s belief that formal education is associated with
higher ability employees. That it is difficult for lower ability employees to attain these
same credentials. The signaling theory further suggests that people are more inclined to
react to, and make decisions based on, signals that are readily available and objectively
measurable (Pinelli et al., 2022). For a new business startup, absent of established records
of financial delivery, the various elements of the business startup’s intellectual capital are
often available instead. These can therefore be used to signal the potential value of the

startup and its likelihood of success.
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In the post-industrial era of the knowledge economy, intellectual capital has
arrived as a dominant new asset, in addition to the traditional land, labor, and capital
assets (Dean & Kretschmer, 2007). Though Intellectual capital has established a growing
attention amongst researchers, it has not yet established a unanimous definition. Stewart
(1997) defined it as the “intellectual material (knowledge, information, intellectual
property, and experience) that can be put to use to create wealth”. Other researchers used
different terms to define it, though with general similarity with Stewart’s definition above
(Williams & Bukowitz, 2001; Dean & Kretschmer, 2007; Liu et al., 2023).

Intellectual capital is a widely encompassing term. It includes the knowledge,
experience, and skills of the individuals within the firm (human capital), the knowledge
that is owned and retained by the organization itself, independent of people turnover
(organizational capital). It also includes the knowledge and skills that can be accessed by
networking within the organization (social capital), or external to the organization
(relational capital) (Duodu & Rowlinson, 2021).

The significance of the intellectual capital in a firm’s success is now widely
accepted in literature (Hsu & Sabherwal, 2011). It is an essential organizational asset that
can be leveraged for the benefit of the firm at large, and a key strategic enabler of
businesses competitiveness and financial delivery (Yitmen, 2011; Duodu & Rowlinson,
2021). Nimtrakoon (2015) studied the influence of intellectual capital on organizations’
market-value and financial performance. He deduced that organizations with greater
intellectual capital are more likely to have a higher market valuation and enjoy better
margins and return on assets. Figure 2-1 below depicts the available signals of business

startups’ potential future value.
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A recent literature review showed contradictory findings about the relationship

between a firm’s performance and the characteristics of its top management, suggesting

that these relationships are not straightforward, and that further research is warranted

(Aboramadan, 2020). This praxis, consistent with Spence’s signaling theory above, is

focused on understanding the correlation between the various available signals of

intellectual capital, for a business startup, and the ability to obtain funding. The existing

literature work on this subject is limited in several ways:

Previous work is based on either theoretical reasoning, surveys, or linear
regression of empirical data. In all cases reviewed, the regressed models
had poor fitting to the source data. Hence, while correlations may be
inferred, predictions were not possible. This praxis represents the first, and
only known, work that builds a Machine Learning (ML) based decision
support tool, assisting entrepreneurs and investors’ decision making by
forecasting business startup’s ability to secure funding.

Previous work is limited to analyzing certain branches of a startup’s
intellectual capital, in isolation from other branches. The signals studied in
this work samples across all branches of a startup’s intellectual capital
(human capital, organizational capital, and social and relational capital).
Previous work reached different, and at times contradictory, conclusions
on the significance of the various elements studied in this praxis. The
rather large database examined in this study enables further arbitration of

these various conclusions.
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The following subsections are intended to analyze a few of the most salient
signals of intellectual capital within a new business startup, the current methodology of
evaluation in the literature, and the research opportunities presented by the identified
literature research gaps.

2.2.1 Human Capital

The human capital is perhaps the most influential element of the intellectual
capital. Human capital is the collective knowledge, education, and experience of the
individuals, which is utilized for the benefit of the wider organization, excluding their
capacity to perform manual work (Dean & Kretschmer, 2007). Human capital is the
foundation for all other elements of intellectual capital and is a key source of
organizational competitive advantage (Mention & Bontis, 2013). Duodu and Rowlinson
(2021) correlated various elements of a firm’s intellectual capital with its resultant
financial performance. They concluded that the human capital of a particular firm offers
the greatest chance of improving that firm’s financial performance.

For a new business startup, the founder’s education is the most readily available
and easily measurable signal of the human capital of the startup. Other elements of the
human capital for a business startup (e.g., founder’s relevant experience and knowledge)
can be much harder to consistently measure and analyze. Consequently, founder’s
education is often used, by investors, as an indication of the knowledge level of the
founders, and hence the innate human capital potential of the startup (Franco et al., 2021).
Founders play maestro’s role in orchestrating the emergence and growth of their new
ventures. They are heavily involved in daily operations and oversee strategic decisions

that influence their businesses survival and growth (Patzelt, 2010). For these reasons,
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Pinelli et al. (2022) reasoned that founders constitute the core of business startups
innovation capacity and performance potential.

In this praxis, founder’s educational level is used as a signal of the human capital
of a business startup. Literature’s views on the significance of founder’s education level
on a firm’s financial performance are rather diverse. Some studies concluded that while
technically educated startup founders are more likely to obtain investor funding, the
impact of education declines with higher levels degrees (Ratzinger et al., 2018). Others
argued that higher levels of founders’ education do not necessarily result in smaller
funding gaps, since higher founders’ education levels increased both actual and
demanded investments in research and development programs (Honjo et al., 2014).
Davidsson and Honig (2003) concluded that founder’s education has no statistically
significant effect on a firm’s performance, because while higher educated entrepreneurs
may be more likely to start a business, their higher education is not likely to increase their
chances of success.

Several studies suggested that the relationship between education and
performance is not straightforward. That founders’ higher education level is moderated
by several other factors. Franco et al. (2021) concluded that both founders’ education
level and heterogeneity of education positively impacted the amount of funding
generated. But, that the joint presence of these two signals negatively impacted the
amount of funding obtained. Patzelt (2010) argued that higher founder’s education is
beneficial for attracting external funding for larger teams of founders, while the same

may be detrimental for small teams.
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Given the broadly mixed empirical conclusions on the significance of founders’
education on the likelihood of a startup’s ability to secure funding, opportunities and need
for further research exist.

2.2.2 Organizational and Social Capital

Organizational and Social Capital is the collective knowledge that is owned and
retained by the organization itself, independent of people turnover. It enables the
integration and diffusion of knowledge within the wider team. The organizational and
social capital includes an organization’s structure, culture and values, intellectual
property, and the efficacy of integration, storage, and use of information and knowledge
within the firm. Martin-de-Castro et al. (2011) included the following main elements into
a firm’s organizational capital: information and communications capability,
organizational structure, and organizational culture and attitudes. Included in their
definition also is the organizational level of homogeneity and the coherent commitment
to the firm’s business philosophy.

Organizational learning is an essential enabler of radical innovation and vital for
the establishment and maintenance of competitive advantage (Zhao et al., 2016). Aslam
et al. (2022) suggested that organizational knowledge is evidenced in the social capital of
the firm, which in turn enables organizational and supply chain resilience. Juneja and
Amar (2018) studied the capital allocations of eight of the largest ten software companies
globally. Covering a 25-year period in the study, they deduced that organizations with
consistently high budgeting priority for organizational capital experienced substantially

better financial performance.
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For a new business startup, the organizational and social capital may be
insufficiently developed to produce visible signals of early organizational qualities. For
investors seeking a funding decision, the intellectual property (e.g., existence and number
of patents owned by the startup), number of founders, and the heterogeneity of their
educational level may all be used as early indicators of the organizational and social
capital of a new business startup.

2.2.2.1 Significance of Heterogeneity of Founders’ Education for Startups

Similar to founder’s educational level, the literature findings on the impact of
education heterogeneity varied. Tzabbar and Margolis (2017) maintained that a startup’s
founding team’s educational heterogeneity has a significant positive effect on the
likelihood of achieving a breakthrough innovation. Bertin and Mavoori (2022) argued
that educational heterogeneity is a critical enabler, for a startup founding team, to engage
in research and development collaboration with larger firms. On the other hand, others
argued that educational heterogeneity within a startup team, at early stages, may be
unfavorable. That it causes misunderstanding, poor cohesion, and potential conflicts
(Franco et al., 2021).

2.2.2.2 Significance of Patents for Startups

Consistent with the signaling theory discussed earlier, investors may use a
startup’s patent records as an early indicator of the organizational capital of a startup. Liu
et al. (2023) maintained that new business startups should protect their ideas through
patents, which can effectively signal a startup’s innovative capabilities and enhance their
likelihood of attracting external funding. Startups benefit from having a coherent

intellectual property strategy, through signaling technical competency and legitimacy in
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their field of business (Bromfield & Barnard, 2010). Patents also enable future financial
gains through potential licensing of patents deals and by protection of company’s
innovation breakthroughs. Consequently, attention to the pursuance of patents has
noticeably risen over the course of the last decade (Trappey et al., 2021).

However, literature’s views on the significance of intellectual property, for new
business startups, are also inconsistent. Yitmen (2011) claimed that a causality path exists
between higher intellectual capital and a firm’s competitiveness. He explained that
intellectual capital is therefore a key strategic asset for organizational performance and
that its management is critical for maintaining competitiveness. Davoudi et al. (2018)
concluded that intellectual property is especially important to a business’s performance.

Some authors disagreed. Hyytinen et al. (2015) concluded that chasing innovation
does not necessarily result in better survival rate for startups. They argue that it may lead
to lower survival rates. The negative association is attributed to the view that innovation-
focused businesses suffer from a more complex start-up process and a much higher
appetite for risk, all of which may hurt their survival perspectives. Dean and Kretschmer
(2007) argued that patents are double-edged swords. Patents are more vulnerable to legal
challenges than traditional assets. For the typically limited resources of a startup, patents
can be both difficult and expensive to obtain and defend.

Given the broadly mixed conclusions on the significance of the founders’
heterogeneity of educational level, and a business’s number of patents, on the likelihood

of a startup’s ability to secure funding, opportunities and need for further research exist.
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2.2.3 Relational Capital

Although relational capital is a widely referenced term in literature, it is not
consistently defined. A few authors include it as an element of social capital,
characterized as the interpersonal relationships within an organization and the
commitment to the collective (Polyviou et al., 2020; Aslam et al., 2022). Others maintain
that it is the external form of social capital, including the knowledge accessed through
relationships with contractors, suppliers, and other external organizations (Stewart, 1997;
Yitmen, 2011; Duodu & Rowlinson, 2021). Within this praxis, relational capital is
defined consistent with the latter definition. Martin-de-Castro et al. (2011) maintained
that relational capital is of strategic value to a firm, as it enables better insights on market
needs and opportunities and highlights the necessary improvements to a firm’s
knowledge base.

2.2.3.1 Significance of Geographic Clustering for Startups

One enabler of relational capital is geographic co-location of firms within an
industry. Sturat and Sorenson (2003) argued that companies co-locate to leverage the
collective intellectual capital innate to the area of colocation. Colocation facilitates
stronger relational capital, and mobilization of other essential resources (skilled labor,
suppliers, consultancy firms, etc.). These resources would be more readily available in a
clustered area of high activity. Therefore, geography can offer a catalyst for rapid
knowledge and innovation growth (Audretsch & Feldman, 2004). Consistent with the
signaling theory, the signals that location of the business sends are readily available and
easily measurable. Therefore, location may be used, by investors, as an indication of the

innate relational capital potential of the startup.
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Like other organizational quality signals discussed previously, literature’s views
of the significance of business location on a firm’s financial performance are mixed.
Some researchers found a negative relationship between geographic proximity to
competitors and performance. Letaifa and Rabeau (2013) concluded that geographic
proximity can be a barrier to social proximity; and that geographic distance, relative to
competitors, can be a catalyst of entrepreneurship and innovation. Bandera and Thomas
(2019) argued that there is a distinction between availability and use of social capital.
That the augmented availability of resources, enabled by the geographic proximity of
competitors within an industry, does not correlate with better use of these added
resources.

Other researcher contended that proximity to clusters of knowledge, within an
industry, enables the development of an ecosystem that is powered by special access to
knowledge and services, better growth opportunities, and competitive advantages that are
hard to tap-into from a distance (Porter, 2000). Sturat and Sorenson (2003) reasoned that
opportunities often mirror the distribution of resources, and that geographic proximity
facilitates mobilization of the resources necessary for a startup to emerge and grow.
Audretsch and Feldman (2004) concluded that geography provides a platform for new
economic knowledge production, spillover, and commercialization. That this knowledge
spillover matters in the emergence and thriving of industry startup clusters.

Again, given the broadly mixed conclusions on the significance of geographic
location on the likelihood of a startup’s ability to succeed, opportunities and need for

further research exist.
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2.3 Literature Methodology Gaps

The existing literature fails to address methods of predicting a startup business’s
ability to attract external funding. Instead, previous research employs a mix of theoretical
reasoning, surveys, and linear regression methodologies to merely examine the direction
of correlation between the various signals of a business startup’s intellectual capital and
the ability to raise external funding. The data sample size deployed in previous research
varied, and so did the findings and conclusions.

The previous work was able to establish a direction of the correlation between
certain signals of startup businesses’ intellectual capital and the ability of these startups to
secure more funding. But, given the non-linear, and rather complex, nature of investor’s
decision-making process, the linear regression models, employed by previous research,
resulted in poor fitting of the data.

The existing research failed to extend that understanding of the direction of
correlation to materially aid future decision making of entrepreneurs and investors. The
literature lacked a consistent understanding of the direction of correlation between the
various signals of intellectual capital and a startup’s ability to obtain funding. It also
failed to establish the necessary accuracy to enable future predictive modeling.

Much of the previous research was focused on analyzing a limited number of
signals of a business startup’s intellectual capital, in isolation from other, potentially
mediating signals. For example, some work was focused on understanding the
significance of the human capital of a startup without the inclusion of the moderating

effects of the startup’s organizational, social, and relational capitals. Others focused on
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analyzing the organizational capital of a business startup in isolation from other branches
of the intellectual capital (e.g., Letaifa and Rabeau, 2013).

In addition, conclusions from previous research, testing the same signals, varied.
This is perhaps owing to the complexity of the problem being analyzed and that these
relationships are not straightforward (Aboramadan, 2020). The unintended exclusion of
potentially mediating signals may be contributing to the diverse conclusions. The signals
of a startup’s intellectual capital are not entirely mutually exclusive. Several researchers
found a mediating role between these elements. Franco et al. (2021) found that the
mutual presence of high founders’ educational level and heterogeneity of education
negatively impacted the amount of funding raised. Even though both signals — on their
own — positively impact the ability to obtain funding. Similarly, Patzelt (2010) argued
that higher founder’s education is beneficial for larger teams’ ability to obtain funding,
and that the same is detrimental for smaller ones.

The work in this praxis produces the first, and only known, Machine Learning
(ML) based, decision support tool that enables the predictive analysis of access to
funding for a business startup. In addition, the work in this research includes signals that
span all branches of a business startup’s intellectual capital. Founders’ education was
used as an indication of a startup’s human capital. The number of patents owned by a
startup was used as an indication of a startup’s organizational capital. The number of
founders and the heterogeneity of their educational levels was used as an indication of a
startup’s social capital. The number of external article-mentions and geographic location

of the startup were used as indication of a startup’s relational capital.
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The analysis in this praxis includes a large database of 1,429 different startup
businesses founded, in the United States, between 2018 and 2022. The large and recent
database of U.S. based startups, the inclusion of signals from all branches of a firm’s
intellectual capital, and the deployment of machine learning modeling techniques, for the
first time, enable further arbitration of literature’s currently diverse conclusions.

2.4 Machine Learning and Strategic Decision Making

Developing an accurate understanding of the determinants of business startups
success is as challenging as it is strategically important. Unlocking the investors’
decision-making process involves the understanding of a rather complex array of noisy
data and human behaviors that challenge standard statistical analysis methodologies.
Arora et al. (2016) explored new literature methodologies for addressing similar-
complexity questions in strategic management. They concluded that research in such
areas often involves iterative feedback on data and concepts. Nonetheless, these advanced
analytical capability requirements are not feasible with simplistic data surveys or linear
regression, which are the methodologies most employed by the existing literature to
understand startup’s ability to solicit funding. The existing research produced poor fitting
of the source data and lacked the ability to predict future performance.

Machine learning models can simplify the decision-making process. They enable
the extraction of significant information from complex and noisy data, can be deployed to
most real-world strategic questions, and can deliver accurate and interpretable results
(Ponta et al., 2022). Compared to conventional linear regression methodologies, which
are widely deployed by literature to correlate business startup’s ability to obtain funding,

machine learning models are not bound by the same limitations. Specifically, machine
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learning models allow iterative and progressive improvements, can combine linear and
non-linear functions, and permit the inclusion of noisy mix of quantitative and categorical
data within the same model. Machine learning models enable the reduction of the number
of features needed to explain the objective function. They therefore reduce the
complexity of the analyses by converging on the data features that are most predictive
(Ponta et al., 2022).

In this praxis, classification ML algorithms are utilized to predict the ability of
business startups to raise more than a million dollars of funding. The classification ML
algorithms selected for this praxis were the following:

e Decision Trees: where the model is trained by producing branches to split
the data. Each split is based on a classification rule that tests a particular
attribute of the data (e.g., whether a startup business owns patents or not).
Branches are then further split into smaller branches, until a point is
reached where further splitting is not possible. The data splitting route
represents the classification rules.

An optimal decision tree is one that accurately accounts for most of the
data. One potential limitation of conventional decision trees is their
tendency to overfit the training data and resultant vulnerability to high
variance.

e Ensemble Bagged and Boosted Trees: Are also decision tree based but are
designed to reduce overfitting of the data and improve data generalization.

That is done at the cost of additional model complexity and the
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requirement for added computation to generate. Additional details of the
chosen methodologies are discussed in Chapter 3.

Lately, machine learning has been increasingly applied to a wide range of
strategic decision-making domains. Muhlroth and Grottke (2022) applied it to spot early-
stage innovation and emerging technologies. Devarajan et al. (2023) utilized it to build a
diagnostic tool for Parkinson’s disease. Chen et al. (2020) deployed it to predict S&P500
stock price movement and its investment performance.

Despite its growing use, there is no known application of machine learning
methodologies to predict the ability of business startups to attract external funding. The
use of machine learning in this research provides a novel approach to quantifying
business startup’s attractiveness to investors, based on salient signals of these startups’
intellectual capital. These quantified insights would benefit both business entrepreneurs
with optimal business creation strategies, and venture investors with their investment
decision-making process.

2.5 Summary

Success of new business startups is critical for economic prosperity. In the United
States alone, millions of new jobs are generated by business startups every year. Despite
that, the success rate of startups is still rather low. Almost half of new startups cease to
exist within the first five years of emergence (U.S. Bureau of Labor Statistics). Given the
large failure rate of startups and the resultant wasted economic potential, policymakers,
entrepreneurs, investors, and researchers alike are all invested in understanding the

determinants of new startups’ formation and thrive.
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One critical determinant of the survival of startups is their access to adequate
financial resources (Chen et al., 2021). Many startups fail to attract the required funding
to survive and grow (Liu et al., 2023). Investment in startups involves a high degree of
financial risk. New businesses often lack a strong cash flow and are associated with
products and services that are not market-proven yet (Parhankangas & Ehrlich, 2014).
Consistent with Spence’s signaling theory, investors often rely on salient signals of a
startup’s intellectual capital that are positively linked to future financial performance
(Ratzinger et al., 2018).

From the findings of the literature review, many researchers studied these signals
of a startup’s intellectual capital. Both theory-based and empirical methodologies were
deployed. The studies were primarily aimed at understanding the correlations between
signals of a startup’s intellectual capital and the startup’s success. But the findings were
not consistent, and often contradictory. The resultant fitting of the source data was
usually poor, and the prediction of future startup’s potential success was not possible.

Besides, other limitations of the existing research included the limited focus on
certain signals of startup’s intellectual capital and exclusion of other, potentially
mediating, signals. Signals of a firm’s intellectual capital were found to be interconnected
and moderative of each other (Aboramadan, 2020; Franco et al., 2021).

Consistent with the thesis statement for this praxis:

A decision support tool based on machine learning will inform entrepreneurs and

investors’ decision making by forecasting startup’s ability to secure funding.

The work in this praxis is the first, and only known, effort to create a machine

learning decision support tool on this subject. Arora et al. (2016) determined that
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research, in complex strategic management, is often associated with iterative feedback on
data and concepts. Machine learning enables that. Surveys and linear regression
methodologies do not.

Machine learning models enable the extraction of significant information from
complex and noisy data and have the computational power to produce accurate and
interpretable results (Ponta et al., 2022). This research contributes to the body of
knowledge, on startup’s determinants of success, by presenting a novel approach to
informing the decision-making process of both business entrepreneurs and venture
investors. It presents a tool to forecast a business startup’s ability to attract external

funding.
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Chapter 3—Methodology

3.1 Introduction

For business startups to survive, an adequate level of capital must be secured.
Considering the often-lacking cash flow of startups and the resultant inability to self-fund
their growth, access to external finances is essential. On the other hand, investors cannot
rely on the conventional financial metrics to assess the current and potential future value
of a startup. Business startups’ worth must be assessed based on early signals of their
intellectual capital. Consequently, better understanding of business startups’ signals of
intellectual capital that correlate with the ability to secure external funding is of high
importance. Entrepreneurs may use that knowledge, at the business creation stage, to
shape their startups and enhance their probability of success. Investors can also use that
information to inform their investment decisions.

This chapter details the methodology used in this praxis to gather and process the
necessary data, determine the relevance of the various signals of intellectual capital, and
discuss the analysis methodology and model validation process. The following additional
sections are included in this chapter:

e Section 3.2 discussed data collection and processing. It highlights the
source of data, the independent and dependent variables, and data
processing and control.

e Section 3.3 discusses the regression model used to assess correlation

significance between the independent variable and all the dependent
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variables. It further discusses the validation of the regression model
results.

e Section 3.4 discusses the machine learning classification models used in
this praxis. It provides an overview of the classification methodology and
discusses the model validation strategy.

e Section 3.5 provides a summary of this chapter.

3.2 Data Collection and Processing

3.2.1 Overview

Data for the empirical analysis and predictive modeling were sourced from
Crunch Base. This data source was used for several literature studies about startups (Kerr
et al., 2014; Ratzinger et al., 2017; Noguti et al., 2021; Franco et al., 2021; Pinelli et al.,
2022). From this dataset, the amount of funding obtained by startup businesses, founded
in the United States between 2018 and 2022, was collected. The dataset includes
information about the startups’ number of founders, the founders’ education level, the
startup’s headquarters location, the number of patents owned by the startup, and the
number of published articles mentioning the startup. The final data used in this analysis
contained 1,429 business startups. The descriptive statistics of the used data are recorded
in Table 3-1 below. Statistical and regression analysis of the data was conducted with
IBM SPSS Statistics (Software release: 28.0.0.0). Machine learning classification

modeling was conducted with MATLAB (Software release: R2022a, Update 2).
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Table 3-1. Data Descriptive Statistics

Variable Datapoints Mean  Median Std. Dev.  Min Max
Log (Funds received, $) 1,429 6.499 6.602 0.990 3 8.89
Founders Educational
1,429 2.049 2 0.726 1 3
Level
Founders Educational
) 1,429 0.368 0.637 0.347 0 1.1
Level Heterogeneity
Number of Founders 1,429 1.868 2 0.761 1 4
Number of Patents 1,429 1.381 0 8.714 0 150
Number of Articles 1,429 4.952 2 12.675 0 280
Log (HQ State GDP, $K) 1,429 6.089 6.279 0.448 457 6.53
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3.2.2 Dependent Variable

The dependent variable is the amount of funding raised by a startup business. It is
linked to the investors community’s valuation of the business, and their assessment of the
likelihood of positive future performance of the startup (Kerr et al., 2014; Franco et al.,
2021).

e For the OLS linear regression analysis, and consistent with previous
studies on startup funding (Pinelli et al., 2022), the logarithm of funding is
used as the dependent variable. The dataset used in this praxis includes a
dependent variable value ranging from 3 to 8.9.

e For the machine learning classification analysis, a binary classification
model was adopted to define the dependent variable. Startups were broken
into two groups: Those that did raise a minimum of one million dollars of
funding, and those who did not. The dataset used in this praxis included
982 startups that managed to raise a minimum of one million dollars of
funding, and 447 startups who did not meet that threshold.

3.2.3 Independent Variables

Multiple variables were considered for the analysis completed on this praxis:
Founders’ education level, the heterogeneity of founders’ educational level, the number
of founders, number of patents owned by the startup, number of published articles
referencing the startup, and the geographic location of the startup.

Consistent with previous studies (Robinson and Sexton, 1994; Zhang, 2017), an
ordinate value is assigned to measure founders’ educational level. In this praxis,

“Founders’ educational level” ranging from 1 to 3 were utilized. One represents a sub-
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bachelor’s degree education. Two is used for bachelor’s degree educated founders. Three
is used for graduate level education (Masters, Ph.D, or equivalent). For each business
startup, the aggregate founders’ education score was based on the education level of the
highest educated founder.

Founders’ educational level heterogeneity is measured utilizing Teachman’s index
(Teachman, 1980). This index is widely used in literature to measure diversity when data
is categorical (Cady and Valentine, 1999; Guo and Zheng, 2023). The equation used to

measure education heterogeneity is the following:

N
Education Hetrogenity = Z P; X lnpli
i=1

Pi represents the probability of a particular education level i amongst the three
education level categories (i.e., 1 = Sub-Bachelor’s degree educated, 2 = Bachelors’
degree educated, 3 = graduate level education achieved). In the dataset used in this
praxis, the calculated founders’ educational level heterogeneity index ranged from zero,
indicating no educational level heterogeneity, to 1.1, which represents a high level of
educational level heterogeneity.

The “number of founders” variable was controlled, to mitigate against the
excessive influencing of the other variables. That is, the more the founders, the more
likely one of them will be highly educated. Similarly, larger groups of founders are more
likely to have higher educational level heterogeneity. Therefore, data included in this
praxis were limited to businesses with four or less founders. This enables testing the

number of founders as an independent variable, without overly risking a strong cross

correlation between the variables. The cross correlation between the variables used in this
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research, and the presence of multicollinearity, were tested and the results reported in
chapter 4.

The number of granted patents, owned by the business startup, is included as an
independent variable. To validate the assumption that investors were aware of the
existence of patents at the time of their funding decisions, only startup businesses who
received external funding within the last two years are included in the analysis.
According to the U.S. Patent and Trademark Office (USPTO), the current average patent
application pendency is more than 24 months. Therefore, it is reasonable to assume that
investors had knowledge of the pendency of these patents at the time of making their
investment decision. This consequently enables the testing of the number of patents
granted as an independent variable. In this praxis, the data included startups with number
of granted patents ranging from zero to 150 patents.

The number of published articles referencing the startup is used as an independent
variable. Consistent with the signaling theory (Spence, 1973), investors are more inclined
to react to, and make decisions based on, signals that are readily available. The number of
articles published about a particular startup business is a readily available signal. In this
praxis, the data included startups with published article mentions ranging from zero to
280 article mentions.

Finally, the U.S. State at which the startup is headquartered is used as an
independent variable, enabling the testing of the influence of geographic clustering on
business’s likelihood of obtaining funding. For classification machine learning analysis,
“business headquarter state” was used directly as a categorical variable. However, for

regression which requires numeric values, the logarithmic of the headquarters state’s
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Gross Domestic Product (GDP) was used as a proxy for location significance. GDP is a

widely used indicator of economic growth and output (Landefeld et al., 2008; Soleimani

et al., 2016). In this praxis, the data included startups from 47 different states. The

headquarters state GDP data was obtained from the U.S. Bureau of Economic Analysis.

3.2.4 Data Processing and Control

The data used in this praxis has been retrieved from Crunch Base. Only U.S.

based startup businesses, founded between 2018 and 2022, were included in this research.

A total of approximately 20,000 businesses were initially examined for inclusion. These

have subsequently been filtered down to only 1,429 businesses used to conduct the

analysis in this praxis. The following filters were applied:

Only startup businesses that have complete information records, required
to perform the analysis, were included. Those with missing critical
information were filtered out.

The data was controlled for the number of founders. Businesses that have
more than four founders were filtered out. This was done to reduce the risk
of inducing a cross correlation between the independent variables (i.e.,
businesses with high number of founders may naturally correlate with
these with higher education heterogeneity, and higher maximum education
level).

Only businesses that raised funding in the past two years were included.
This is to validate the assumption that investors had the opportunity to

consider the number of patents that the business owned, in their
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investment decisions. On average, it takes two years for a filed patent to
be processed in the U.S. (according to the USPTO).
3.3 Regression Analysis

3.3.1 Overview

Linear regression methodologies are typically utilized to model linear
relationships between a dependent (i.e., target) variable, and one or more independent
(i.e., explanatory) variables. An example would be to predict the exact amount of funding
raised by a business startup, assuming a linear relationship exists between the amount
funding raised, and a few signals of the startup’s intellectual capital (e.g., founders’
educational level, etc.).

Ordinary Least Squares (OLS) regression is a widely used technique for
estimating the coefficient of the linear equation describing the relationship between a
dependent variable (in this praxis, this is represented by the logarithmic of the amount of
funding raised by a startup) and one or more independent variables (as described in
section 3.2.3 above). The general linear regression model is expressed by the equation

below:
n
Y =ﬁ0+2ﬁiXi+s
i=1

Where Y is the dependent variable, 3, is the intercept of the model (representing
the value of Y, when all the Xs equal zero), X; are the independent (i.e. explanatory)
variables (where n is the total number of variables used in the model), B; represents the
slope of the model, and & accounts for the error in the model predictions, caused by

sources external to the independent variables in use. OLS calculations are based on
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minimizing the sum of the squares of the differences between the observed and calculated
dependent variable.

Though good model fitting and utilization of these models for accurate prediction
is not always attainable, literature continue to utilize this methodology to establish the
presence and direction of correlation between dependent and independent variables
(Gautam and Lal, 2021; Franco et al., 2021; Pinelli et al., 2022; Liu et al., 2023).

3.3.2 Test for Correlation and Multicollinearity

Pearson’s Correlation between parameters was measured. The potential for high
correlation coefficient between a few of the variables was suspected. For example, the
number of founders and the resultant group’s educational level heterogeneity may be
correlated. Larger groups of founders are more likely to be comprised of individuals with
diverse educational levels.

Given the above, the independent variables were also checked for the presence of
multicollinearity. That is, the presence of high linear intercorrelation between two or
more of the independent variables. An example is attempting to estimate a person’s age
using both their height and weight, whilst a person’s height and weight are related
variables. The Multicollinearity of variables introduces several potential issues to
regression analysis, the inclusion of redundant information skews the analysis, magnifies
the relevance of the related variables, and can result in unreliable estimates of the relation
between dependent and independent variables.

Consistent with previous research, the Variation Inflation Factor (VIF) was

computed and used for that assessment. VIF values below 10 would suggest that
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multicollinearity is not a major concern (Hsu and Sabherwal, 2011). The results are
reported in chapter 4.
3.4 Classification Modeling

3.4.1 Overview

Supervised Machine Learning (ML) algorithms may be branched into two
categories: regression learners and classification learners. Regression learners are utilized
to answer questions related to predicting continuous values. An example would be to
predict the exact amount of funding raised by a business startup. In contrast,
classification learners are utilized to predict data classification into discrete values or
classes. An example would be to predict whether the total funding raised by a business
startup was more or less than a million dollars.

In this praxis, classification ML algorithms were utilized to predict the ability of
business startups to raise more than a million dollars of funding. The dataset used in this
work included startup companies that raised between a minimum of one thousand dollars,
and a maximum of $777 million. The ML algorithms selected for this praxis were
Decision Trees, Ensemble Bagged Trees, and Ensemble Boosted Trees. Bagged and
Boosted trees are also decision-tree-based algorithms but are more advanced and
complex to compute. The subsections below provide an overview of the classification
ML algorithms used in this praxis.

3.4.2 Decision Tree Overview

A decision tree is a supervised classification ML modeling technique. The
decision tree model is trained by producing branches to split the data. Each split is based

on a classification rule that tests a particular attribute of the data (e.g., whether a startup
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business has more or less than two founders). Each branch is then further split into
smaller branches, until a point is reached where further splitting is not possible. The end
branches are known as Leaf nodes. The route from the root of the tree (i.e., before
splitting began) to the leaf node represents the classification rules that were used to split
the data.

Unlike regression methodologies that require continuous variable data, the
flowchart-like structure of the decision tree enables the analysis of non-continuous
variables. Their intuitive nature allows for higher interpretability. An optimal decision
tree is one that accurately accounts for most of the data.

3.4.3 Ensemble Decision Trees

One potential limitation of conventional decision trees is their tendency to overfit
the training data and resultant vulnerability to high variance. Substantially different
decision trees can be produced with small changes to the training dataset. If the training
dataset is randomly split into two parts, different decision trees may be produced from
these two parts of the same population of data.

Though the ensemble ML techniques are also decision tree based, they involve
combining multiple decision tree models to improve the prediction performance of the
ensemble model. By combining multiple individual decision trees, an ensemble model
seeks to achieve a better performance than possible from any of the constituent individual
models. The ensemble methodologies help reduce overfitting of the data and improve
data generalization, but at the cost of model complexity and the requirement of more
computation to generate. In this praxis, two types of ensembles were utilized: Bagging

and boosting.
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e Bagged Decision Trees: Processes homogeneous weak learners, in
parallel, independently form each other. These are then combined using a
deterministic averaging methodology. Essentially, the methodology
involves creating multiple sample data from the population of the training
dataset. Separate decision trees are then built for each sample of the
training dataset. The averaging of these decision-tree predictions (in this
case, by taking a majority vote) would reduce the model’s exposure to
data variance and improve the overall model performance.

e Boosted Decision Trees: Processes homogeneous weak learners,
sequentially and adaptively. This methodology aims to incrementally
increase the accuracy of the model by training each new progression of the
model to emphasize the mis-modeled instances of the previous iteration.

3.4.4 Feature Selection

The independent variables were first analyzed for relevance to the predictability
of the dependent variable. This analysis is commonly known as Feature Selection.
Feature Selection simplifies the modeling and interpretation process, shortens training
time, and improves model performance. During ML model training, data is split by
features, numerous times, until no further split is possible. Selection of the relevant
features to keep in the model, and the elimination of the irrelevant ones, is key to
reducing model computation cost and achieving better prediction accuracy (Guyon &
Elisseff, 2003). Suppose the problem at hand was to predict whether an observed animal

is a cat, though the data can be split into black animals and white animals, that feature
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choice is irrelevant to the ability to predict the animal type, since cats can be either white
or black.

MATLAB (Software release: R2022a, update 2) was used to perform feature
selection and ML model training and testing. Multiple algorithms were used to rank the
importance of the various features. The chosen algorithms were all capable of handling
both categorical and continuous features. The data used in this praxis contains both
categorical (e.g., education level) and continuous features (e.g., number of patents
granted). Below is an overview of the chosen feature selection methodologies:
3.4.4.1 Chi2 Feature Selection

The Chi2 algorithm uses individual chi-square tests to examine if a particular
predictor feature (i.e., independent variable) is independent of the response variable (i.e.,
dependent variable). The predictor features are then ranked using the p-values of the chi-
square test statistics. A small p-value indicates that the response feature is dependent on
that predictor feature and is therefore an important feature to keep. The output score,
from MATLAB, is based on -log(p). Meaning, features with a small Chi2 p-values will
result in larger output scores and correspond to higher importance of the feature.
3.4.4.2 ANOVA Feature Selection

The ANOVA (analysis of variance) algorithm conducts a one-way analysis of the
variance of each predictor feature, grouped by class. Then, the various features are ranked
using the p-values. Variance characterizes the spread of numbers within a variable.
Simplistically, if a feature’s variance is low, it is implied that there is low impact of that

feature to the response.
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The algorithm tests, for each predictor feature, the hypothesis that the predictor
values grouped by the response class are drawn from populations with the same mean.
Like the Chi2 test, the output scores from an ANOVA test are based on -log(p). Features
with small p-values will result in larger output scores and correspond to higher
importance of the feature.
3.4.4.3 Kruskal Wallis Feature Selection

The Kruskal Wallis algorithm is a nonparametric version of the one-way ANOVA
test. The algorithm tests, for each predictor feature, the hypothesis that the predictor
values, grouped by the response class are drawn from populations with the same median.
Like the previous two tests, the output scores from a Kruskal Wallis test are also based on
-log(p). Features with small p-values will result in larger output scores and correspond to
higher importance of the feature.

3.4.5 Model Validation

To validate the model, the dataset was initially partitioned into two separate
compartments, a training dataset (80% sample data) and a testing dataset (20% sample
data). The model was trained with the training dataset only. No exposure to the testing
dataset was allowed during the training phase. Once fully trained, the independent testing
data set was then introduced to test the performance of the model. This helps the end user
understand the potential uncertainty of the model and validates it for use on future data.

3.4.6 Performance Measurement

Different parameters are available to measure the performance of ML prediction
models. The relevance of these various parameters varies, based on the specific question

that the model is attempting to answer. The Confusion Matrix is the standard measure of
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the performance results of ML classification models. It displays where a business who
was predicted to raise funding was truly successful in doing so or not, known as True
Positive (TP) or True Negative (TN). The matrix also captures instances where the model
was confused, and falsely predicted that a business would either obtain funding or not,
known as False Positive (FP) or False Negative (FN). Table 3-2 below provides a layout

of the confusion matrix.

Table 3-2. Confusion Matrix

Predicted Values

Negative Positive
" True Negative (TN) False Positive (FP)
< Negative
f_>6 Correct classification Incorrect Classification
(D)
E N False Negative (FN) True Positive (TP)
Positive
Incorrect Classification Correct Classification

The additional metrics below are computed based on the results of the confusion
matrix, may be used to further assess the model performance, and help understand and
account for data class imbalances, which is a common challenge with classification
datasets (Bekkar et al., 2013).
3.4.6.1 Accuracy

Accuracy is defined as the fraction of data for which the model produced a true

class prediction. The following equation is used to calculate accuracy:
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TP+TN
TP+ FP+TN+FN

Accuracy =

3.4.6.2 True Positive Rate (Sensitivity)
True Positive Rate (TPR), also known as sensitivity, is defined as the fraction of
positive-class data for which the model produced a correct class prediction. The

following equation is used to calculate TPR:

TP
TP+ FN

TPR =
3.4.6.3 False Positive Rate
False Positive Rate (FPR) is defined as the fraction of incorrectly classed data for

which the model produced a positive prediction. The following equation is used to

calculate FPR:

FPR= o5 Fp

3.4.6.4 True Negative Rate (Specificity)
True Negative Rate (TNR), also known as specificity, is defined as the fraction of
negative-class data for which the model produced a correct class prediction. The

following equation is used to calculate TNR:

TN
TN + FP

TNR =
3.4.6.5 Receiver Operating Characteristic Curve
Evaluating a model based on the previously discussed performance measures is
relatively subjective. The acceptance thresholds are arbitrarily set by the decision maker,

varying widely based on the objective of the study and the criticality of the decision

(Metz, 1978). In contrast, the Receiver Operating Characteristic (ROC) provides a more
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objective measure of the performance of the model, by accounting for various thresholds
of TPR and FPR classification scores (Metz, 1978). The ROC curve is a widely used
measure for comparing performance of ML models and provides a highly interpretable
graphic representation of model performance (Mandrekar, 2010; Trifonova et al., 2013).
An example depiction of an ROC curve is shown in Figure 3-1 below. The x and
y axis represent the FPR and TPR respectively, scaled from 0 to 1. The Area Under the
Curve (AUC) is calculated as a performance metric of the ROC. The dashed line, plotted
at 45 degrees, illustrates a hypothetical curve that produces random TPR and FPRs.
Predictions above this line represent better-than-random results (Choudhury et al., 2021).
Higher AUC values represent better results. In literature, many authors (Mandrekar,

2010; Trifonova et al., 2013) defined AUC thresholds consistence with Table 3-3 below.
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ROC Curve

Better ."-

True Positive Rate

False Positive Rate

Figure 3-1. ROC Example
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Table 3-3. AUC Test Quality Thresholds

AUC Value Test Quality
Below 0.5 No discrimination
0.5t00.7 Low discrimination (Better than random)
0.7t00.8 Acceptable
0.8t00.9 Excellent
09to1l Outstanding

The goal of this research is to build a predictive model with an acceptable (or
better) performance. The AUC values, associated with the ML algorithms, produced in
this practice were utilized to test hypothesis 3:

H3: 4 predictive model can classify a business startup’s ability to obtain funding
with an ROC AUC higher than 70%.

3.5 Summary

This chapter offered a discussion of the data used in this praxis, the analysis
methodologies deployed, and the results’ validation techniques. The OLS linear
regression will support delivery of the first research objective. Namely, to identify signals
of startups’ intellectual capital that correlate with the ability to obtain more funding. The
same methodology will allow testing of the first two hypotheses. The presence of
multicollinearity, of the data used to perform the regression analysis, was tested.

Machine learning based classification modeling will support the delivery of the
second research objective. Namely, to develop a predictive model that classifies whether

businesses can obtain funding. Decision trees, and ensemble bagged and boosted trees
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methodologies were selected to perform the classification modeling. 20% of the data was

spared to independently validate the model after it has been fully trained. These validated

models will enable testing of the third and final hypothesis. That a predictive model can

classify a business startup’s ability to obtain funding with an AUC higher than 70%. A

summary of the methodology and hypothesis tested is presented in Figure 3-2 below.

Research Objective-1

- B Research Objective-2
Re h What signals of a startup’s Intellectual - )
O o e?_iri C correlate with ability to secure Develop a predictive model to classify
bjectives funding? whether startups get funded
v v v
H1: Founders’ education I:_f: Foun@m&E d IZWI H-3: Predictive model can
Research level & number of patents eterogeneity & number classify a startup’s ability
Hypothesis are positively correlated of article mentions are to get funding with >
with startups’ funding. positively correlat._ed with 70% AUC.
startups’ funding.
MR;}sesnih OLS Linear ) 4 h 4 h 4
ethodolo i
gy Regression Decision Tree Bagged Trees Boosted Trees
Analysis Analysis Analysis

Figure 3-2. Hypothesis Testing Methodologies
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Chapter 4—Results

4.1 Introduction

This chapter discusses the results of the OLS linear regression and supervised
machine learning modeling conducted. These results are analyzed and used to test this
praxis’s three hypothesis: That startup founders’ educational level and the number of
patents owned by a startup are positively correlated with the startup’s ability to obtain
funding, that Startup founders’ educational level heterogeneity and the number of
published articles mentioning the startup are positively correlated with the startup’s
ability to obtain funding, and that A predictive model can classify a business startup’s
ability to obtain funding with an AUC higher than 70%.

e Section 4.2 presents the results of the OLS regression analysis work. It
includes results from the variables cross correlation and multicollinearity
tests. The results from the regression analysis are then presented and used
to test the first two hypothesis.

e Section 4.3 presents the results from the supervised machine learning
modeling. It first presents the results from the feature selection analysis
conducted using the Chi2, ANOVA, and the Kruskal Wallis algorithms. It
then discusses the results from the decision tree analysis, the ensemble
bagged tree analysis, and the ensemble boosted tree analysis. Finally, the

model results are used to test the third hypothesis.
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e Section 4.4 Provides a summary of this chapter including an illustrated
summary of the methodologies followed and the corresponding hypothesis
testing results.

4.2 Regression Analysis Results

4.2.1 Overview

The first stage of this research included conducting an Ordinary Least Squares
(OLS) regression analysis. The analysis was aimed at assessing the direction and
significance of correlation between the independent variable (i.e., logarithmic value of
the amount of funding raised by a startup business) and all the dependent variables (i.e.,
founders’ education level, the heterogeneity of founders’ educational level, number of
founders, number of patents owned by the startup, number of published articles
referencing the startup, and the geographic location of the startup). The results of this

work enabled the testing of the first two hypothesizes in this praxis, namely:

H1: Startup founders’ educational level and the number of patents owned by a

startup are positively correlated with the startup’s ability to obtain funding.

H2: Startup founders’ educational level heterogeneity and the number of

published articles mentioning the startup are positively correlated with the

startup’s ability to obtain funding.
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4.2.2 Test for Cross Correlation and Multicollinearity

As a first step, the cross correlation between the variables used in this praxis was
tested. Table 4-1 below summarizes the Pearson Correlation between parameters. The
relatively high correlation coefficient between the number of founders and education
level heterogeneity is not surprising. Larger groups of founders are more likely to be
comprised of individuals with diverse educational levels.

Also, given the correlations between some of the variables were relatively high,
these independent variables were also checked for the presence of multicollinearity. That
is, the presence of high linear intercorrelation between two or more of the independent
variables. The Variation Inflation Factor (VIF) was computed, and the results are
reported in Table 4-2 below. The resultant VIF values were small (below 10), suggesting

that multicollinearity is not a major concern (Hsu and Sabherwal, 2011).
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Table 4-1. Pearson Correlation Between Variables

1 2 3 4 5 6 7
1 Log Funds 1 0.031 | 0.152* | 0.157* | 0.099* | 0.211* | 0.253*
Education
2 0.031 1 0.282* | 0.189* | 0.002 | 0.038 | 0.020
Level
Education
3 Level 0.152* | 0.282* 1 0.650* | 0.032 | 0.010 | 0.079*
Heterogeneity
Number of
4 0.157* | 0.189* | 0.650* 1 0.027 | 0.020 | 0.109~*
Founders
Number of
5 0.099* | 0.002 | 0.032 | 0.027 1 0.179* | 0.069*
Patents
Number of
6 _ 0.211* | 0.038 | 0.010 | 0.020 | 0.179* 1 0.041
Articles
HQ State
7 GDP 0.253* | 0.020 | 0.079* | 0.109* | 0.069* | 0.041 1

* Correlation is significant at the 0.01 level.
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Table 4-2. Collinearity Statistics

Log Funding used as dependent variable VIF
Education Level 1.088
Education Level Heterogeneity 1.816
Number of Founders 1.743
Number of Patents 1.038
Number of Articles 1.036
HQ State GDP 1.017
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4.2.3 OLS Regression Analysis Results
The results of the OLS regression analysis are reported in Table 4-3 and Table 4-4
below. Table 4-3 below summarizes the results of the analysis conducted including all the

independent variables.

Table 4-3. Model-1, OLS Regression Results

Model Results:

Observations = 1,428 / R-Squared = 0.127

Independent Unstandardized | Coefficients | Standardized Sig.
t
Variable Coefficients Std. Error | Coefficients (p value)
(Constant) 3.141 0.342 - 9.173 0
Education Level -0.027 0.035 -0.02 -0.767 0.443
Number of Patents 0.005 0.003 0.044 1.752 0.080
Number of
0.015 0.002 0.192 7.617 <0.001
Acrticles
Number of
0.093 0.043 0.072 2.197 0.028
Founders
HQ State GDP 0.503 0.055 0.228 9.114 <0.001
Education Level
0.256 0.095 0.090 2.692 0.007
Heterogeneity
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Given the high p value of the founders’ education level variable, indicating the
statistical irrelevance of that variable to the dependent variable, another OLS linear
regression iteration was run excluding that variable. Table 4-4 below summarizes the

results.

Table 4-4. Model-2, OLS Regression Results

Model Results:

Observations = 1,428 / R-Squared = 0.127

Independent Unstandardized | Coefficients | Standardized Sig.
t
Variable Coefficients Std. Error | Coefficients (p value)
(Constant) 3.091 0.336 - 9.196 0
Number of Patents 0.005 0.003 0.044 1.763 0.078
Number of
0.015 0.002 0.191 7.594 <0.001
Articles
Number of
0.093 0.043 0.072 2.192 0.029
Founders
HQ State GDP 0.503 0.055 0.228 9.119 <0.001
Education Level
0.241 0.093 0.084 2.589 0.01
Heterogeneity
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4.2.4 Regression Model Performance

First, let’s define the parameters used in tables 4-3 and 4-4 above:

R-Squared: Represents the fraction of the variance in the dependent
variable (i.e., logarithmic of the funding raised by a startup) that can be
predicted from the independent variables. It is a measure of the overall
association with all the independent variables included in the model and
can’t be used to assess the extent of association of any particular variable
in isolation of the others.

Unstandardized Coefficients: Represents the coefficients of the
regression equation for prediction of the dependent variable. They are
unstandardized because they are measured on the variables’ natural units.
These coefficients cannot be compared across variables to infer which is
more influential on the prediction.

Coefficients Standard Error: Represents the standard errors associated
with these coefficients. They can be used to assess whether a variable’s
influence is significantly different from zero by calculation of the t value
explained below.

Standardized Coefficients: Represents the coefficient of all parameters
after being standardized to the same scale. These standardized
coefficients may be compared to assess the relative influence of the
various parameters.

t and Sig: These represent the t-value and 2 tailed p-value that can be

used to test the null hypothesis that a particular coefficient is zero.
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Meaning, that a particular independent variable is randomly associated
with the dependent variable being predicted and can’t therefore be used as
a predictor.

Consistent with previous work (Franco et al., 2021; Pinelli et al., 2022) and
despite the inclusion of additional predictors in this praxis, that were not included in
previous work (Namely: the startup’s headquarter state location, the number of published
articles mentioning the startup, and the number of granted patents owned by the startup.),
the fitting of the OLS model was poor (as indicated by the R-squared value of 0.127).
Though the model may be used to test the direction of correlation between the dependent
variable and the various independent variables, it lacks the accuracy to be used for
predictive purposes. The model is hence inadequate for supporting future decision
making of investors and entrepreneurs, though it may provide insightful findings.

At a p value threshold of 0.05, the results from Table 4-3 indicate a positive
correlation between startup’s ability to obtain funding and the following variables:

e Number of articles mentioning a startup (p value of 0.001 < 0.05).

e Number of founders (p value of 0.028 < 0.05).

e HQ State GDP (p value of 0.001 < 0.05).

e Founders’ educational level heterogeneity (p value of 0.007 < 0.05).

On the other hand, and at the same p value threshold of 0.05, the results from
Table 4-3 indicate no correlation exist between startup’s ability to obtain funding and the
following variables:

e Founders educational level (p value of 0.443 > 0.05).
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e Number of patents owned by the startup (p value of 0.08 is marginally >
the 0.05 threshold).
The results from the second regression model, excluding the founders educational
level variable, were largely consistent with the results of the first model. These results
enable testing of the first two hypothesis in this praxis, as summarized in Table 4-5

below:

Table 4-5. Hypothesis Testing Results — H1 and H2

Hypothesis Results Conclusion

H1: Startup founders’ educational level | e Founders educational level

and the number of patents owned by a (p value of 0.443 > 0.05).
Reject
startup are positively correlated with e Number of patents
the startup’s ability to obtain funding. (p value of 0.08 > 0.05).
e Founders’ educational

H2: Startup founders’ educational level

level heterogeneity
heterogeneity and the number of

(p value of 0.007 < 0.05).
published articles mentioning the Fail to reject

e Number of articles
startup are positively correlated with
mentioning a startup
the startup’s ability to obtain funding.
(p value of 0.001 < 0.05).
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Given the rather complex, and non-linear nature of investor’s decision-making,
and as proven by previous work and this praxis, the linear regression models are
incapable of producing models with acceptable predictive capabilities. More advanced
modeling methodologies are perhaps required.

4.3 Classification Modeling Results

4.3.1 Overview

The second stage of this research employs supervised machine learning
methodologies to build a predictive model of startups’ ability to attract funding. The
analysis is aimed at predicting the dependent variable (i.e., whether a startup was able to
solicit a minimum of a million dollars of funds), using some, or all, of the available
independent variables (i.e., founders’ education level, the heterogeneity of founders’
educational level, number of founders, number of patents owned by the startup, number
of published articles referencing the startup, and the geographic location of the startup).
MATLAB (Software release: R2022a, update 2) was used to perform feature selection
analysis and the ML model training and testing. This work enables the testing of the third
hypothesizes in this praxis:

H3: A predictive model can classify a business startup’s ability to obtain funding

with an AUC higher than 70%.

4.3.2 Feature Selection Results

Feature selection analysis was performed to test the relevance of the various
independent variables, to the predictability of the dependent variable. The chosen
algorithms were capable of processing both continuous and categorical features. The

results are summarized in the following subsections.
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4.3.2.1 Chi2 Feature Selection

Figure 4-1 below summaries the results of the Chi2 feature selection analysis.

Consistent with the OLS regression analysis, startups’ ability to attract funding appears to

be independent of their founder’s educational level, as indicated by the low score of the
founder’s educational level feature. The relative importance of the other features was

much higher.

Chi2 Algorithm - Feature Importance Score

Founders educational level I
Founders educational level hetrogenity
Number of founders
HQ State

Number of Patents

]
]
]
]
Number of artictes |

Figure 4-1. Chi2 Feature Selection Analysis
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4.3.2.2 ANOVA Feature Selection

Figure 4-2 below summaries the results of the ANOVA (analysis of variance)
feature selection analysis. One more time, startups’ ability to attract funding appears to be
of low importance, as indicated by the low score of the founder’s educational level

feature. The relative importance of the other features was higher.

ANOVA Algorithm - Feature Importance Score

Founders educational level |

HQ State

Number of Patents

Founders educational level hetrogenity

Number of founders

Number of articles

o
(5}

10 15 20

Figure 4-2. ANOVA Feature Selection Analysis



4.3.2.3 Kruskal Wallis Feature Selection

Figure 4-3 below summaries the results of the Kruskal Wallis feature selection
analysis. Consistent with results from the previous two algorithms, startups’ ability to
attract funding scored the lowest.

Given the consistent low score of founders’ educational level, both with OLS
regression and through the various feature selection algorithms, it was removed from the

supervised machine learning models.

Kruskal Wallis Algorithm - Feature Importance Score

Founders educational level

HQ State

Founders educational level hetrogenity
Number of founders

Number of Patents

[]
1]
]
]
Number of articles |

10 20 30 40 50 60 70 80 90

(=]

Figure 4-3. Kruskal Wallis Feature Selection Analysis
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4.3.3 Decision Tree Analysis Results

Decision tree supervised ML modeling was completed. Founders educational
level was excluded from the models based on the results of the features selection
analysis. The remainder variables were included (i.e., heterogeneity of founders’
educational level, number of founders, number of patents owned by the startup, number
of published articles referencing the startup, and the geographic location of the startup).
The results are summarized in Table 4-6 below. Figures 4-4 and 4-5 depict the ROC
curve for the training and testing datasets.

Table 4-6. Decision Tree Analysis Results

Training Dataset Validation Dataset
Decision Tree Analysis Results*

(80%) (20%0)

Correct 963 209

Total Values

Incorrect 181 76
True Positives 92.7% 82.1%
Confusion Matrix = False Negatives 7.3% 17.9%
Results True Negatives 65.4% 53.9%
False Positives 34.6% 46.1%
Accuracy 84.2% 73.3%
Sensitivity 92.7% 82.1%

Diagnostic
False Positive Rate 34.6% 46.0%
Results

Specificity 65.4% 53.9%

AUC 91% 71%

* The prediction model tests the ability of a business startup to raise a minimum of a
million dollars of funds.
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Figure 4-4. Decision Tree ROC Curve — Training Dataset.
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Figure 4-5. Decision Tree ROC Curve — Testing Dataset.
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4.3.4 Ensemble Bagged Decision Tree Analysis Results

Ensemble bagged decision tree analysis was completed. Founders educational
level was excluded from the model based on the results of the features selection analysis.
The results are summarized in Table 4-7 below. Figures 4-6 and 4-7 depict the ROC

curve for the training and testing dataset.

Table 4-7. Ensemble Bagged Tree Analysis Results

Bagged Decision Tree Analysis Training Dataset Validation Dataset
Results* (80%0) (20%0)
Correct 997 205
Total Values
Incorrect 147 80
True Positives 93.8% 81.6%
Confusion Matrix = False Negatives 6.2% 18.4%
Results True Negatives 72.6% 50.6%
False Positives 27.4% 49.4%
Accuracy 87.2% 71.9%
Sensitivity 93.8% 81.6%
Diagnostic
False Positive Rate 27.3% 49.4%
Results
Specificity 72.6% 50.5%
AUC 95% 72%

* The prediction model tests the ability of a business startup to raise a minimum of a
million dollars of funds.
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Figure 4-6. Bagged Decision Tree ROC Curve — Training Dataset.
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Figure 4-7. Bagged Decision Tree ROC Curve — Testing Dataset.
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4.3.5 Ensemble Boosted Decision Tree Analysis Results

Ensemble boosted decision tree analysis was completed. Founders educational
level was excluded from the model based on the results of the features selection analysis.
The results are summarized in Table 4-8 below. Figures 4-8 and 4-9 depict the ROC

curve for the training and testing dataset.

Table 4-8. Ensemble Boosted Decision Tree Analysis Results

Training Dataset Validation Dataset
Boost Decision Tree Analysis Results*

(80%) (20%)
Correct 920 215
Total Values
Incorrect 224 70
True Positives 89.8% 84.2%
Confusion False Negatives 10.2% 15.8%
Matrix Results True Negatives 59.8% 56.2%
False Positives 40.2% 43.8%
Accuracy 80.4% 75.4%
Sensitivity 89.8% 84.2%
Diagnostic
False Positive Rate 40.2% 43.8%
Results
Specificity 59.8% 56.2%
AUC 88% 75%

* The prediction model tests the ability of a business startup to raise a minimum of a
million dollars of funds.
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Figure 4-8. Boosted Decision Tree ROC Curve — Training Dataset.
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Figure 4-9. Boosted Decision Tree ROC Curve — Testing Dataset.
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4.3.6 Classification Models Performance

As discussed in Chapter-3, selecting a model based on the model accuracy,

sensitivity, or specificity is somehow subjective. The acceptance thresholds vary, are

largely dependent on the criticality of the application, and are often arbitrarily set by the

model’s end users. However, the Receiver Operating Characteristic (ROC) curve is often

used as an objective measure of the performance of the model, and accounts for the

various thresholds of TPR and FPR classification scores (Metz, 1978). Consistent with

the third hypothesis in this praxis:

H3: A predictive model can classify a business startup’s ability to obtain funding

with an ROC AUC higher than 70%.

The ROC curve is used to assess the performance of the model. A minimum

target of 70% AUC was set to achieve an acceptable discrimination, consistent with

literature’s definition of the same (Mandrekar, 2010; Trifonova et al., 2013).

Table 4-9. Hypothesis Testing Results — H3

Hypothesis Testing Dataset AUC Conclusion
H3: A predictive model can classify a
e Decision tree = 71%
business startup’s ability to obtain Fail to
e Bagged Decision Tree = 72%
funding with an ROC AUC higher than Reject

70%.

Boosted Decision Tree = 75%
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4.4 Summary

This chapter provided a detailed discussion of the results of the multiple analysis
conducted in this research. The results obtained were then applied to test the various
hypothesis made in this praxis. Ordinary Least Squares (OLS) linear regression was
deployed to test the presence and direction of the correlation (i.e., positive, or negative)
between a startup’s ability to raise funding (as the dependent variable) and a few early
signals of the startup’s intellectual capital (founders’ education level, the heterogeneity of
founders’ educational level, number of founders, number of patents owned by the startup,
number of published articles referencing the startup, and the geographic location of the
startup). No major concern of multicollinearity was present amongst the variables.
Though model fitting was poor, the results still enabled the testing of the first two
hypothesis.

Supervised machine learning models were then deployed to build a predictive
model of startups’ ability to obtain funding. This work enabled the testing of the third
hypothesis. Multiple ML algorithms were utilized (decision tree analysis, bagged
decision tree analysis, and boosted decision tree analysis). All chosen models were
successful in achieving an acceptable discrimination of the validation test data, as
measured by the AUC.

Figure 4-10 below summaries the methodologies followed and the hypothesis

testing results.
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Figure 4-10. Research Methodologies and Summary Diagram
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Chapter 5—Discussion and Conclusions

5.1 Discussion

Startup businesses are essential to economic prosperity. They generate millions of
new jobs every year. However, the current survival rate of these new businesses in the
United States is alarmingly low. Half of new startups dissolve within five years of
creation. This is largely owing to the failure to secure the required external finances to
fund their existence and growth. This research provides decision makers (entrepreneurs
and investors alike) with early insights into startups’ ability to attract funding. Signals of
startup’s intellectual capital are used to enable these insights. OLS linear regression
technique and a variety of supervised machine learning models were deployed to test the
hypothesis of this praxis.

This research concludes that the educational level of the founders is not correlated
with startups’ ability to attract funding. This finding was evidenced using both linear
regression methodology and via multiple feature-selection algorithms. While this may be
inconsistent with mainstream theoretical and empirical literature, maintaining that
founders’ education is valuable for startups (Franco et al., 2021), it is supported by other
research that found no statistical significance to higher education on a firm’s performance
(Davidsson and Honig, 2003; Honjo et al., 2014; Ratzinger et al., 2018). Therefore,
founders’ educational level was not included as a variable in the ML models produced in
this praxis.

This research’s finding on the relevance of the number of patents owned by a

business startup was inconclusive. While OLS regression methodology suggested that no

74



correlation exists, some feature selection algorithms ranked it high in importance. Given
the uncertainty, the number of patents owned by a business was still used as a variable in
the ML models produced in this praxis.

This research found that the other variable (Namely: the heterogeneity of
founders’ educational level, number of founders, number of published articles referencing
the startup, and the geographic location of the startup) were positively correlated with
startups’ ability to attract funding. This finding was evidenced using both linear
regression methodology and via multiple feature-selection algorithms. These variables
were therefore included in the ML models produced in this praxis.

The location of the startup business was tested, as an independent variable, in two
different ways:

e For the OLS regression analysis, the headquarter state’s GDP was used as
a measure of location significance. Though GDP, being a continuous
variable, does not enable the direct testing of the clustering-effect of
certain businesses within a particular industrial ecosystem, it does enable a
fair assessment of the relationship between the size of the local economy
and a startup’s success potential. GDP is a widely used measure of
economic growth and output (Landefeld et al., 2008; Soleimani et al.,
2016).

e For the ML analysis, the headquarter state was used directly as a
categorical value. Future research may instead test the headquarter state’s

GDP, as the independent variable indicative of a startup’s location.
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Finally, this research found that all machine learning techniques used (decision
trees, bagged decision trees, and boosted decision trees) were able to predict a startup’s
ability to attract a minimum of a million dollars of funding with acceptable
discrimination (>70% AUC), using an independent testing dataset that was not exposed
to model development and training.

5.2 Conclusions

Recent advancements in machine learning methodologies have enabled their
increased use in applied research. Their advanced abilities to handle complex, non-linear
data, positions them as a strong enabler of better strategic decision making. This research
concludes that it is feasible to apply machine learning techniques to the field of business
startups emergence and investment screening. This research further concludes the
following:

e Founders’ educational level is not statistically relevant to startups’ ability
to attract funding.

e The startup’s social capital and diversity of the founding team (as
indicated by the number of founders, and the heterogeneity of their
educational level) seems to be positively correlated to startups’ ability to
attract funding.

e The startup’s relational capital (as indicated by the number of published
articles mentioning the startup and the geographic location of the startup’s
headquarters) seems to be positively correlated to startups’ ability to

attract funding.
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5.3 Contributions to Body of Knowledge

The existing literature fails to address methods of predicting a startup
business’s ability to attract funding. This work represents the first, and
only known, Machine Learning (ML) decision support tool related to
business startups funding perspectives. This research enables the
predictive analysis of funding likelihood for a business startup.
Entrepreneurs may utilize this work to shape their business creation
strategies and increase the probability of securing funding. Investors can
also use this work to aid business investment screening decisions.

The work in this research includes signals that span all branches of a
business startup’s intellectual capital. Most of the previous work was
focused on testing one or a few of these signals, in isolation from other
potentially mediating signals.

Conclusions from previous work varied, and were sometimes
contradictory, relative to the presence and direction of correlation between
signals of a startup’s intellectual capital and the ability to attract funding.
The relatively large database used in this praxis (1,429 different startup
businesses), the relatively recent dataset (2018 to 2022 found businesses),
and the deployment of machine learning methodologies for the first time

enable quality arbitration of these inconsistent literature findings.
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5.4 Recommendations for Future Research

The database used in this research was limited to U.S. based businesses that were
founded between 2018 and 2022. Macro-economic conditions of recent times may have
influenced the data and hence the findings from this research. Future research may
consider the inclusion of a larger timeframe and therefore more datapoints. The data used
in this praxis was limited to businesses that are founded in the United States. Future
research may expand the analysis to include non-U.S. based businesses.

This research assigned an ordinate value score for founders’ educational level
based on the degree level attained. The identity of the institutes that issued these degrees
was not weighed into the score. Future research may introduce a weighting algorithm
based on university ranking. Because investors may be more inclined to fund a Harvard

graduate than a ‘University of Joe’ graduate.

Finally, funding was used as a proxy for survival. This is consistent with existing
literature and is supported by the criticality of funding for startup’s survival. But this
assumption introduces a vulnerability, because increased funding does not always lead to
higher quality products and services (Levesque, 2000). Future research may include
correlation of the actual survival records of present organizations against their historic

early signals of intellectual capital.
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