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Executive summary 

Scholars agree on the central roles that start-up activities and cognition play with regard to the 

successful launch of a business. Despite their importance, key questions about how behavioral 

differences between nascent entrepreneurs impact the outcomes of their ventures remain 

unanswered. This dissertation attempts to answer some of these fundamental questions by 

providing empirical evidence of the role that cognition plays in the gestation process and by 

evaluating machine learning algorithms to predict a venture’s outcome at an early stage. 

While cognitive and motivational aspects driving start-up activities remain relatively 

underdeveloped in the current literature, the first paper addresses part of this shortcoming by 

showing how self-regulation influences the relationship between nascent entrepreneurial 

exploitation activities, firm birth and firm abandonment. This paper provides evidence of an 

increase in persistence as well as an increase in the likelihood of achieving firm birth due to a 

regulatory fit between exploitation activities and a promotion orientation. 

Next to the conducted start-up activities, the impact of innovation and imitation on a firm’s 

emergence and survival remains theoretically and empirically inconclusive. The second paper 

seeks to shed some light on the impact of the rather under-researched imitative business ideas 

on the likelihood of a firm’s emergence. By drawing on social identity theory, this paper further 

delineates how founder identity types impact the likelihood of imitating and innovating. The 

investigations conducted confirm that imitation can be beneficial in an early stage and that 

certain identity types (i.e., Missionaries) are rather prone to innovate. 

Finally, this research seeks to predict the likelihood of entrepreneurial success. While few 

attempts have been made to provide an early stage venture outcome prediction model, the third 

paper set forth to apply and evaluate a diverse set of machine learning algorithms as well as 

artificial neural networks to predict the likelihood of firm birth and firm abandonment. The 

analyses reveal that neural networks can provide a comparable performance in predicting the 

venture outcome, while especially the XGBoost algorithm provides good performance metrics 

in predicting the likelihood of a firms’ birth. 

In sum, the three papers offer valuable contributions to the extant entrepreneurship literature 

with respect to the impact of cognition on different venture outcomes. By using different 

machine learning techniques in predicting the venture outcome, this dissertation provides 

practitioners with a decision support system to optimize corresponding resource allocation.  
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Zusammenfassung 

Obwohl in der Forschung Einigkeit über die Wesentlichkeit von Gründungsaktivitäten herrscht, 

bleiben zentrale Fragen bezüglich des Einflusses unterschiedlicher Verhaltenskognitionen und 

dem erfolgreichen Gründungsvorhaben ungelöst. Diese Dissertation untersucht den Einfluss 

einiger solcher Verhaltenskognitionen innerhalb des Gründungsprozesses und versucht mittels 

Methoden maschinellen Lernens den Ausgang von Gründungsvorhaben vorherzusagen. 

In der aktuellen Literatur finden sich noch eine Vielzahl an Unzulänglichkeiten, was den 

Einfluss kognitiver sowie motivationaler Aspekte auf Gründeraktivitäten betrifft. Der erste 

Beitrag betrachtet, wie anhand der Regulationsfokustheorie die Beziehung zwischen 

Aktivitäten der Implementierungsphase und dem erfolgreichen sowie erfolgslosen 

Gründungsvorhaben beeinflusst wird. Der Beitrag legt nahe, dass der Promotionsfokus die 

Persistenz sowie den Prozess erfolgreicher Unternehmensgründungen positiv beeinflusst.  

Der Einfluss von Innovation und Imitation auf die erfolgreiche Entstehung eines 

Unternehmens ist sowohl theoretisch als auch empirisch unschlüssig. Der zweite Beitrag 

beleuchtet die Auswirkungen der weniger erforschten imitativen Unternehmenstypen auf 

erfolgreiche Gründungsvorhaben. Anhand der Theorie der sozialen Identität wird ausserdem 

der Einfluss verschiedener Gründeridentitäten auf ein nachahmendes und innovatives Verhalten 

untersucht. Die Untersuchungen zeigen, dass Imitation in einem frühen Stadium von Vorteil 

sein kann und dass bestimmte Identitätstypen eher zu Innovationen als zu Imitation neigen. 

Schließlich ist die Forschung daran interessiert, erfolgreiche Gründungsvorhaben 

vorherzusagen. Während nur wenige Versuche unternommen wurden, um in einem frühen 

Stadium der Unternehmungsgründung Vorhersagemodelle bereitzustellen, wurden im dritten 

Artikel unterschiedliche Methoden des maschinellen Lernens sowie künstliche neuronale Netze 

angewandt, um die Wahrscheinlichkeit erfolgreicher sowie erfolgloser Gründungsvorhaben 

vorherzusagen. Die Resultate zeigen, dass nebst künstlicher neuronaler Netze insbesondere der 

XGBoost Algorithmus zur Vorhersage erfolgreicher Gründungsvorhaben geeignet erscheint. 

Insgesamt leistet diese Dissertation einen wesentlichen theoretischen Beitrag zum 

Verständnis des Einflusses kognitiver Verhaltensmuster innerhalb des Gründungsvorhabens. 

Durch die Verwendung verschiedener Techniken des maschinellen Lernens bei der Vorhersage 

des Gründungsvorhabens bietet diese Dissertation Praktikern ein Entscheidungshilfesystem zur 

Optimierung der entsprechenden Ressourcenallokation.
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1. Introduction 

1.1 Overarching topic and research aim 

The emergence of a new organization forms the core of the entrepreneurial process. Extant 

literature suggests that a higher number of start-up activities lead to a higher likelihood of a 

firm to be born (Brush et al., 2008; N. M. Carter et al., 1996; Manolova et al., 2012; Reynolds, 

2016). These actions are grounded in the individual entrepreneurial behavior (e.g., Fisher, 2012) 

and involve various mediators and moderators (e.g., Baron, 2012; Johnson et al., 2015). As 

such, cognition plays an essential roles in explaining entrepreneurial action and the successful 

creation of a firm (Brockner et al., 2004; Davidsson, 2016; Fauchart & Gruber, 2011; Gatewood 

et al., 1995; Pollack et al., 2015).  

Despite the understanding of the importance of start-up activities and these behavioral 

constructs, only a handful of studies empirically link behavior and characteristics of the nascent 

entrepreneur with the design of the venture gestation process (e.g., Brockner et al., 2004) in 

order to explain the successful birth of a firm. If they did so, they are based either on (a) 

contextual factors (e.g., Giotopoulos et al., 2017; Steffens et al., 2012), (b) specific activities 

such as business planning (e.g., Brinckmann et al., 2010; Chwolka & Raith, 2012; Liao & 

Gartner, 2006); (c) a conceptual approach (e.g., Brockner et al., 2004); or (d) a specific part of 

the gestation process, for example, the opportunity recognition phase (e.g., Tumasjan & Braun, 

2012). This is among others attributable to a lack of data availability providing information on 

simultaneous behavioral and cognitive constructs as well as on start-up activities and firm 

emergence.  

Considering the importance of a multitude of cognitive and other psychological processes 

(Baron, 2007; Forbes, 1999; Grégoire et al., 2015) on the founding of a company, this 

cumulative dissertation seeks to contribute to a more comprehensive understanding of the 

nature and influence of behavioral differences within the gestation process. Each academic 

paper of the dissertation furthers our understanding of the successful firm emergence process 

and addresses specific unresolved research questions and knowledge gaps in this domain. The 

first paper attempts to demonstrate how self-regulation impacts the relationship between the 

number of exploitation activities and the outcome of the venture. Paper two analyzes how the 

type of the business idea - imitative or innovative - influences the likelihood of establishing a 

firm and further delineates, based on the social identity theory, who the imitators and innovators 
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are. Finally, paper three proposes a firm emergence prediction model using more advanced 

machine learning techniques such as artificial neural networks.  

The analyses of the first two papers utilize data from the Swiss Panel of Emerging 

Businesses (SwissPEB), a longitudinal study of Swiss nascent entrepreneurs. This dataset 

consists of 298 Swiss nascent entrepreneurs. The analysis for the third paper draws on the 

dataset of five longitudinal studies that have been harmonized into one dataset, consisting of 

3,537 nascent entrepreneurs from the United States, China, Sweden, and Australia. The 

contributions of this cumulative dissertation are manifold and relevant to the literature on start-

up gestation activities, entrepreneurial cognition and practitioners in particular.  

The organization and comprehensiveness of this dissertation are ensured by the use of 

clearly structured and coordinated chapters. The remainder of Chapter 1 provides further 

information on key theoretical constructs. Chapter 2 offers an overview of the three academic 

papers focusing on the addressed knowledge gaps and research methods. Chapters 3, 4 and 5 

present the three academic papers. Finally, Chapter 6 summarizes the overall implications of 

the study’s findings for theory and practice, outlines their key limitations, and offers 

recommendations for future research before finishing with some concluding remarks.  

1.2 Definition of main theoretical concepts 

1.2.1 The entrepreneurial process, nascent entrepreneur(ship) and the venture 
outcome 

The creation of a new firm is a process rather than an instant event (Davidsson, 2016; Reynolds 

& White, 1997). This process begins when an individual or a team decides to become 

entrepreneurially active; it can be divided into discovery, evaluation, and exploitation phases 

(Shane & Venkataraman, 2000). While being interrelated and dynamic, discovery and 

evaluation refer to the conceptual side of the venture development, and exploitation deals with 

the realization of the business idea (Davidsson, 2016). Figure 1 provides an adapted graphical 

summary of this overlapping process based on Davidsson (2016, p. 29) and Reynolds (2017, p. 

42). 
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Figure 1. Graphical representation of the start-up process 

 

Note. This figure represents the firm creation process and outlines the different stages with the corresponding outcome. 

Adapted from “When is a Firm Born? Alternative Criteria and Consequences“, by P. D. Reynolds, 2017, Business 
Economics, 52(1), p. 42. (https://doi.org/10.1057/s11369-017-0022-8). Copyright 2017 by Springer Nature. Adapted with 

permission.  

The lines in Figure 1 that go back and forth from the discovery and evaluation phase to the 

exploitation phase reflect part of this dynamism. For example, the process possibly starts with 

a business idea, which is evaluated via a diverse set of activities. After the evaluation, the 

entrepreneur attempts to exploit the idea by researching the market and accumulating resources 

from investors, thus transforming the business idea into a reality. The feedback from the market 

can provide the entrepreneur with new information, which may lead to a change in business 

concept, thereby possibly placing him or her back to the discovery and evaluation phase. While 

the process can also evolve differently, it ends in a first step with the nascent entrepreneur either 

having successfully created a new firm, still persisting in the process (defined as “ongoing 

gestation” in this cumulative dissertation), or abandoning the firm. “Firm birth” is defined as 

the presence of monthly profits that cover expenses and owner salaries, “firm abandonment” is 

defined as having quit working on the start-up venture, and “ongoing gestation” relates to 

entrepreneurs who are still in the process, neither having become a profitable new business or 

having abandoned the venture (Reynolds et al., 2016a). In the literature the terms firm birth, 

firm creation, firm emergence, venture emergence, organizational emergence, and emergence 

success are often used interchangeably to describe the process of a business come into being 

(Brush et al., 2008; Davidsson, 2016; Gordon, 2012; Katz & Garnter, 1988; Manolova et al., 

2012; Reynolds, 2017). While “nascent entrepreneurship” relates to the first intent to pursue an 

opportunity and the ongoing effort to create the firm (graphically represented in Figure 1 as the 
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gestation process), “nascent entrepreneurs” are defined as individuals or teams who initiate 

activities and are in the process of establishing a business venture (Dimov, 2010; Reynolds & 

White, 1997). In this dissertation, the entry point - and, thus, the definition of being considered 

a nascent entrepreneur - builds upon the Panel Study of Entrepreneurial Dynamics (PSED) and 

implies that: “i) they consider themselves as involved in the firm creation process, ii) they have 

engaged in some start-up activity in the past 12 months, iii) they expect to own all or part of the 

new firm, and iv) the initiative has not progressed to the point it may be considered an operating 

business” (Reynolds & Curtin, 2007, p. 9). 

1.2.2 Start-up activities and the discovery–exploitation framework 

The definition of the single start-up activities that nascent entrepreneurs conduct during the 

gestation process was in some way or another inspired by the framework of Katz & Gartner 

(1988) and over the past decade has been itemized in a diverse set of start-up activities. Since 

the inclusion of these start-up activities into various datasets - such as CAUSEE, PSED I and 

II, SE-PSED, CH-PSED and SwissPEB1 - researchers have attempted to analyze the 

relationships between single and grouped activities on firm emergence to determine how a 

successful start-up process evolves (Brush et al., 2008; N. M. Carter et al., 1996; Gordon, 2012; 

Manolova et al., 2012). While results regarding the impact and necessity of specific activities 

(e.g., business planning) are inconsistent (Chwolka & Raith, 2012; Daft & Weick, 1984; Delmar 

& Shane, 2003; Honig & Karlsson, 2004; Honig & Samuelsson, 2012; Liao & Gartner, 2007) 

some level of activity is needed. Moving beyond single activities, scholars further began to 

research how dynamics as well as sequences of activities influence the successful firm creation 

process (Gordon, 2012; Lichtenstein et al., 2007). On this note, Gordon (2012) conceptualized 

the single activities into the discovery, evaluation and exploitation framework (Shane & 

Venkataraman, 2000) to further nurture the understanding of the evolvement process. Table 1 

summarizes the different activity types into the discovery and exploitation framework 

(following Gordon, 2012, p. 238). Note that Gordon (2012) combines the discovery and 

evaluation process into one phase. 

   
1 CAUSEE stands for Comprehensive Australian Study of Entrepreneurial Emergence, SE-PSED for Swedish Panel Study 

of Entrepreneurial Dynamics, CH-PSED for Chinese Panel Study of Entrepreneurial Dynamics and SwissPEB for the 

Swiss Panel of Emerging Businesses. 
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Table 1. Discovery-exploitation framework 

DISCOVERY ACTIVITIES EXPLOITATION ACTIVITIES 
 

Started thinking about business 

Began product development 

Developed proprietary technology 

Commenced customer discussions 

Collected competitor information 

Defined market opportunities 

Produced financial projections 

Determined regulatory requirements 

Began developing business plan 

 

Registered business name 

Decided location for business 

Established legal form 

Signed ownership agreement 

Began marketing 

Leased major equipment / facilities 

Purchased liability insurance 

Registered business number (ABN) 

Registered for goods and service tax (GST) 

Registered for payroll tax (PAYG) 

Sought outside funding 

Established supplier credit 

Hired employee 

Opened business bank account 

Invested own money 

Retained an accountant 

Retained a lawyer 

Made business contactable 

Created business website 

Note. This table allocates the different start-up activities into the discovery-exploitation framework. Adapted 

from Dimensions of the venture creation process: Amount, dynamics, and sequences of action in nascent 
entrepreneurship (p. 238), by S. Gordon, 2012, Queensland University of Technology. Copyright 2012 by S. 

Gordon. Adapted with permission. 

There are a few benefits in considering the gestation process in relation to start-up activities 

as such dual process of discovery and exploitation. A dichotomous conceptualization is the least 

intricate but still allows for an in-depth analysis of the internal temporal order of the venture 

creation process. This temporal order relates to the different phases (discovery and exploitation) 

of the entrepreneurial process (Shane and Venkataraman, 2000) and delineates a possible 

sequence in which the process unfolds - that is, the early stage is dominated by discovery 

activities and the later stage is dominated by exploitation activities (Gordon, 2012). Such 
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contemplation allows the study of start-up activities and the venture outcome from a broader 

perspective and permits the incorporation of how cognition impacts the process itself. 

1.2.3 Entrepreneurial behavior and cognition 

 “Behind entrepreneurial action are entrepreneurial intentions, behind entrepreneurial intentions 

are known entrepreneurial attitudes; Behind entrepreneurial attitudes are deep cognitive 

structures; Behind deep cognitive structures are deep beliefs” (Krueger, 2007, p. 124). While 

entrepreneurial behavior is a complex construct with different facets, this dissertation draws on 

the ideas of Krueger (2007) who outlines the importance of integrating cognitive development 

psychology in order to better understand the background of certain entrepreneurial action. 

Against this background, entrepreneurial cognition (EC) research provides answers to questions 

such as, how entrepreneurs think (Mitchell et al., 2007) and why differences in action and 

duration among entrepreneurs exist (Baron, 2004). Additionally, EC research helps not only to 

explain the effects of cognitive variables for entrepreneurial action, “but also to articulate the 

relationships between mind, environment, and entrepreneurial action that influence the 

development, use, and transformation of these variables” (Grégoire et al., 2011, p. 1448). With 

the renewed interest on the individual entrepreneur (Baron, 2004), cognitive theories have 

become a significant way to study the entrepreneurial process (Grégoire et al., 2011; Randolph-

Seng et al., 2015; Sassetti et al., 2018). Within this cognitive and behavioral realm, this 

dissertation focuses on two influential and specific theories: (1) regulatory focus theory and (2) 

social identity theory.  

1.2.3.1 Self-regulation - regulatory focus theory 

Self-regulation is widely seen as a process that enables people to guide their goal-related 

activities over time and across different contexts. An effective self-regulatory process helps 

entrepreneurs select appropriate goals, maintain consistent focus on them, and adjust their 

actions during the start-up process (Karoly, 1993). One of the most influential self-regulation 

theories is the regulatory focus theory (Higgins et al., 2001).  

Regulatory focus theory (RFT) provides a framework toward a fuller explanation of how 

the entrepreneurial mindset is constructed, and how entrepreneurs go about accomplishing their 

tasks and objectives (Brockner et al., 2004). The theory describes two different orientations - a 

promotion focus and a prevention focus. A promotion focus describes preferences towards 

growth, development and advancement needs. A prevention focus refers to preferences towards 

security and safety, especially with regards to tasks such as the avoidance of risks (Higgins et 
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al., 2001). Specifically, RFT draws attention to the motivational and strategic inclinations that 

people employ during pursuit of their goals (Brockner et al., 2004).  

1.2.3.2 Social identity theory 

Identity theory attempts to explain the human “self” and behavior in terms of people’s identities 

(Laird, 2012). In the social identity theory, the definition of one’s self is either related to being 

a member of an in-group that has significantly different attributes from an out-group (Tajfel & 

Turner, 1979). The own comparison of the positive in-group attributes with the perceived 

negative aspects of the out-group can enhance self-efficacy and increase the self-esteem 

(Abrams & Hogg, 1988; Stryker & Burke, 2000). Identity development begins from early 

childhood, is constantly questioned, and grows over the course of a person's life (Fauchart & 

Gruber, 2011). In an entrepreneurial context, these social identities can shape the goals and 

strategies around which the ventures were initially founded (Laird, 2012) and play a central 

aspect in the behavioral process that drives venture creation (Cardon et al., 2009). Fauchart and 

Gruber (2011) proposed a categorization into three social identity types: Darwinian, 

Communitarian and Missionary. Darwinians focus on the financial success, are driven by 

economic self-interest, see their frame of reference in competing firms, and follow an attitude 

of being successful via a “business school” approach (Fauchart & Gruber, 2011). The central 

aspect for Communitarians is the contribution towards a community or group with whom they 

strongly identify. The benefit for and the feedback from the group are essential. Missionaries 

seek to improve the society as a whole and see success as making the world a better place. As 

such they focus on understanding the firm as an agent of change (Fauchart & Gruber, 2011; 

Sieger et al., 2016). These identities can influence entrepreneurial decisions differently 

(Shepherd et al., 2015), thus possibly impacting the successful birth of a firm.  

1.2.4 Supervised learning and artificial neural networks 

Based on the type of learning process, data-mining techniques can be classified either as       

(semi-)supervised or unsupervised learning methods. Simplified, supervised learning 

algorithms learn to estimate an unknown dependency by being trained on input and output data 

(Mehmed, 2011). Similar to being supervised by a teacher who knows the output values, the 

system first learns this knowledge and then applies it to a new, similar problem with the 

corresponding input data. This learning process unfolds via the training dataset and the error 

signals that relate to learning based on differences between the desired response and the actual 

response (Mehmed, 2011). In reducing this error, the system learns to better map the input data 
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to the output data. On the other hand, unsupervised learning models do not build on this teaching 

process via the training data. They are used to identify unknown patterns in the data, with 

clustering techniques often being referred to as typical unsupervised learning (Aggarwal, 2015). 

While different techniques exist for either supervised or unsupervised learning, artificial neural 

networks (ANN) are currently popular and are a common algorithm in supervised learning (e.g., 

Heydari et al., 2012; Sevim et al., 2014; Topuz et al., 2018). Given the research goal (see 

Chapter 1.1), this dissertation focuses on supervised learning methods. 

Artificial neural networks originate from attempts to imitate the information processing 

system of the human brain (Fertsch, 2020) and have been studied for nearly more than five 

decades (Mehmed, 2011). Similar to the neural brain connections, a neural network structure 

consists of a number of nodes connected through directional links, which specify the causal 

relationship between connected nodes. Figure 2 and the explanations in the next paragraph built 

upon Mehmed (2011, p. 201-203) and are used for illustrative reasons to provide a basic 

understanding of the logic behind neural networks. 

Figure 2. Model of an artificial neuron 

Note. This figure illustrates the basic logic of an artificial neural network with an example. Reprinted from Data Mining 
Concepts, Models, Methods, and Algorithms (p. 202), by K. Mehmed, 2011, Hoboken, New Jersey: John Wiley & Sons 

Inc. Copyright 2011 by Institute of Electrical and Electronics Engineers. Reprinted with permission. 

The process begins with the input variables (x1-xm). These variables are multiplied by a 

corresponding weight (wk), with k reflecting the index of a given neuron in an ANN. When the 

network begins to “fire”, the input variables are multiplied and summed, with net being denoted 

as the weighted sum of products xi and wki for i = 1, ..., m. We further add a bias (bk) which, to 

a certain extent, can be compared to the intercept of a normal linear equation and “has the effect 

of increasing or lowering the net input of the activation function, depending on whether it is 
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positive or negative” (Mehmed, 2011, p. 201). Mathematically this process can be described 

the following:  

netk = x1wk1 + x2wk2 + xmwkm + bk 

Based on this calculation, the next step involves the artificial neurons to compute the output 

yk as a certain function of netk value. 

yk = f(netk) 

This function is called activation function and defines the output of that node given the set 

of inputs. Different activation functions exist. For example, for a binary classification problem 

sigmoid functions have often been applied. However, depending on the problem, newer 

functions are developed to increase the model performance (e.g., Ramachandran et al., 2017). 

Translating these elements into a practical example with a sigmoid activation function (Figure 

2), the calculation would be the following: 

net = 0.5 ∗ 0.3 + 0.5 ∗ 0.2 + 0.2 ∗ 0.5 + (-0.2) = 0.15 

yk = !
(!#$!".$%) = 0.54 

This value would equal the first prediction. With this, the learning process begins with the 

system comparing this estimated output with the actual results, produces an error signal (the 

difference between the predicted value and the actual value), and starts to adjust the input 

weights of a neuron to make the output signal yk come closer to the desired response in an 

iterative way. This is done by minimizing the cost function, which is the instantaneous value of 

the error energy. This iterative weight adaption is done using an algorithm called gradient 

decent, while estimating the influence of the individual weight on the error function is 

determined via an error backpropagation algorithm (propagate back from the last layer of the 

network). This process allows neural networks to learn to accurately predict the desired output.  

The outlined highly simplified example illustrated a processing step with three variables 

and a direct link to the output variable. In practice, these networks and the corresponding 

architecture are more complex. As such, a typical neural network consists of an input layer, one 

or more hidden layers and an output layer. The hidden layer identifies features in the patterns 

presented at the input layer. Neural networks with more than one layer are considered to be 

deep neural networks. Figure 3 illustrates an excerpt of a neural network consisting of start-up 

activities with two hidden layers as used within this dissertation.  
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Figure 3. Graphical representation of a neural network using start-up activities 

 

 



Overview of the cumulative dissertation 

 

11 

2. Overview of the cumulative dissertation 

2.1 Knowledge and research gaps 

In each of the academic papers, this cumulative dissertation addresses specific research gaps 

identified in the entrepreneurial literature. Scholars have confirmed the importance of 

entrepreneurial cognition and its impact on entrepreneurial action on firm emergence (e.g., 

Mitchell et al., 2007; Wood et al., 2012). Such insights are particularly relevant to 

entrepreneurship research, as they can contribute to a better understanding of the success or 

failure of an entrepreneur (cf. Hmielseki & Baron, 2008; Malmström et al., 2015), thus further 

nurturing from a theoretical and practical perspective our understanding of successfully creating 

a new firm. While important, scholarly understanding of differences between entrepreneurial 

actions - and how, when, and why relevant cognitive variables exert the influence they do on 

entrepreneurship - remains severely limited to date (cf. Davidsson, 2016; Grégoire et al., 2011).  

For example, extant literature suggests that entrepreneurs who establish a higher number of 

start-up activities are more likely to achieve firm birth (Brush et al., 2008; Carter et al., 1996; 

Reynolds, 2016), with discovery activities typically conducted at an early stage and exploitation 

activities at a later stage (Gordon, 2012). However, recent research by Arenius et al. (2017) and 

Shim and Davidsson (2018) indicate that the gestation duration might be shorter than generally 

expected and that completing a small number of start-up activities may suffice for venture 

emergence. While only a handful of studies have sought to explain such action and performance 

difference based on cognition, for example self-regulation (Brockner et al., 2004), few 

empirical studies exists that relate differences in regulatory focus to the entrepreneurial process 

with the discovery and exploitation phase. Among others, this limited understanding can be 

attributed to a lack of longitudinal data that combines activity as well as cognitive elements. In 

the first academic paper, this research attempts to fill this gap by answering the following 

concomitant research question: How does self-regulation impact the relationship between the 

number of exploitation activities and the venture outcome? 

The second academic paper examines how the type of the business idea, innovative or 

imitative, influences the likelihood of achieving firm birth and further attempts, based on the 

social identity theory, to narrow who the imitators are and who they are not. While various 

studies delineate a positive effect of innovativeness on the firms and their survival rates (e.g., 

Cefis & Marsili, 2005, 2006, 2012; Colombelli et al., 2013; Helmers & Rogers, 2010; Wagner 

& Cockburn, 2010), an emerging empirical strand within the entrepreneurial literature 



Overview of the cumulative dissertation  

 

12 

highlights a context dependency with respect to innovativeness and firm survival (Boyer & 

Blazy, 2013; Buddelmeyer et al., 2009; Reid & Smith, 2000). While reasons for these different 

results are manifold, especially selection and survival bias are considered a major issue in 

related past studies (cf. Hyytinen et al., 2015). Moreover, while there is an abundant number of 

studies related to innovation, those that focus on the not less important imitative business types 

are rather scarce (Casadesus-Masanell & Zhu, 2013; Ethiraj et al., 2008; Fu & Tiez, 2015), and 

the “knowledge about what exactly leads to innovative rather than purely imitative business 

ideas is still quite limited” (Koellinger, 2008, p. 21). While some studies provide evidence of 

the influence of cognitive factors such as self-regulation (Amir, 2015; Cowden & Bendickson, 

2018) or effectuation (Guo, 2019) on the degree of innovativeness, a vast number of unknown 

factors - such as founder identity types - exist, that can influence the innovative propensity of 

nascent entrepreneurs (Koellinger, 2008). Consequently, the second academic paper attempts 

to address some of these shortcomings by answering the following research questions: i) How 

does an imitative business idea impact the likelihood of achieving firm birth and ii) how do 

different founder identity types influence the likelihood of starting an innovative or imitative 

business? 

The third academic paper provides an overview of key success and failure factors within 

the gestation process based on recent empirical results. Additionally, it investigates the 

applicability of a firm emergence prediction model by applying a diverse set of machine 

learning techniques and evaluating the applicability of artificial neural networks. Success or 

failure prediction models have previously been applied in the context of emerged start-ups as 

well as small and medium sized companies (Andrikopoulos & Khorasgani, 2018; R. Carter & 

Auken, 2006; Gupta et al., 2018; Lussier, 1995; Pompe & Bilderbeek, 2005; Y. Wu et al., 2010). 

However, these models demonstrate a variety of limitations. First, they relate to the later stage 

of the start-up process, that is the phase from firm birth to becoming an operating business 

(Reynolds, 2017), and not to the gestation phase. Moreover, most of these studies use data 

collected at a single point in time with no information included about the time, duration and 

event development since the start-up became operational. Since the venture process is 

considered to be a dynamic process (Packard et al., 2017), the usage of a longitudinal dataset, 

as employed in this study, allows a better grasp of impact factors that affect the likelihood of 

firm birth and firm abandonment over time. Finally, logistic regression models are currently the 

most common method used in the entrepreneurial literature to predict respective firm outcome 

in the context of an operating business (e.g., Baidoun et al., 2018; Lussier, 1995) as well as in 

the nascent entrepreneurial gestation literature. Despite the popularity of such classical 
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statistical methods, with recent developments in technology, newer models such as artificial 

neural networks appear to outperform classical models in different ways. Various scholars, for 

example, provide evidence of a higher prediction accuracy (Alharthi, 2019; Loureiro et al., 

2018; Moro et al., 2014; Ravisankar et al., 2011; Sadat-Hashemi et al., 2005; Williams, 2017) 

of such models as well as outline the benefit of recognizing the appearance of non-linearity and 

interactions in input data (Gerasimovic & Bugaric, 2018). On this note, the third academic paper 

attempts to address the following research question: How do artificial neural networks, 

compared to other machine learning techniques, perform in predicting the likelihood of firm 

birth and firm abandonment? 

2.2 Procedure and research methodology 

The empirical analyses of the first two papers are built on the same random sample of n = 298 

nascent entrepreneurs from Switzerland, drawn in 2015 through a professional business-to-

business market research panel (LINK research institute) and interviewed over a period of three 

years. After data cleansing, the first paper consists of n = 181 cases, while for the second paper 

the sample consists of n = 180 cases. The third paper uses the publicly available harmonized 

PSED dataset (cf. Reynolds et al., 2016a, 2016b) and consists of n = 1,452 samples after data 

cleansing. 

The first paper of this cumulative dissertation examines how the regulatory focus moderates 

the relationship between the effect of exploitation activities on firm birth and firm abandonment. 

The scale used to capture the regulatory focus in an entrepreneurial setting was developed by 

von Grone et al. (2016). This scale is adapted from Higgins's et al. (2001) original measurement. 

The scale consists of five items for measuring regulatory focus (four prevention and five 

promotion items). Maximum likelihood estimation procedure was used to examine the 

applicability of all scales in a confirmatory factor analysis. Moderated binary logistic regression 

is employed with regulatory focus as an interaction term to test the hypotheses. The authors 

controlled for common method bias, and statistical tests reveal that the data did not suffer from 

multicollinearity (Hair et al., 2010). Furthermore, control variables on the individual level, 

venture level, and market level are used to further scrutinize the data.  

In the second paper, the authors analyze differences in the likelihood of successful firm 

birth based on the perceived innovativeness and imitativeness of the business ideas. The degree 

of innovativeness and imitativeness is measured via five items that have also been used in past 

studies and within the Global Entrepreneurship Monitor (Koellinger, 2008; Reynolds et al., 



Overview of the cumulative dissertation  

 

14 

2005). Furthermore, the paper attempts to identify, based on the social identity theory, 

entrepreneurs who consider imitative rather than innovative business ideas. The scale to 

measure the identity type is based on the theory of Fauchart and Gruber (2011) as well as an 

early adaption of the developed items based on the paper of Sieger et al. (2016) and consists of 

nine items (three per identity type) with acceptable model fit statistics using confirmatory factor 

analysis (CFA). Binary logistic regression is employed to test the hypotheses. The authors 

controlled for common method bias, and statistical tests reveal that multicollinearity is not an 

issue in the data (cf. Hair et al., 2010). Furthermore, control variables on the individual level, 

venture level, and market level are used to further scrutinize the data.  

The third paper attempts to predict the venture outcome (i.e., firm birth and firm 

abandonment) by applying different machine learning techniques and testing the use of artificial 

neural networks. The methodological process included mainly three steps: first, a data 

preprocessing; second, optimization; and third, an evaluation step. After the data preprocessing, 

the initial dataset was split into a training and validation set, which included 75% of the 

observation (n = 1,089), while 25% of the dataset was used as a test and hold-out set (n = 363) 

to validate the performance of the models. Seven different models (logistic regression, k-nearest 

neighbors, decision tree, random forest, XGBoost, support vector machine, and artificial neural 

networks) were employed and evaluated using standard performance metrics (Topuz et al., 

2018; Veganzones & Séverin, 2018). Common techniques (Mehmed, 2011) within the machine 

learning literature (e.g., cross-validation, feature selection, over- and under-sampling, and 

hyperparameter tuning via RandomSearchCV and GridSearchCV) were applied to test and 

derive the optimized prediction models. 

2.3 Structure and main characteristics of the three papers 

The structure of this cumulative dissertation is illustrated in Figure 4. It outlines how various 

cognitive theories impact different elements (i.e., exploitation activities, type of business idea) 

of the gestation process. Table 2 compares and summarizes the three papers according to 

common criteria such as applied methods, main contributions and the publication status.
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Figure 4. Structure of the dissertation 
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Table 2. Main characteristics of the three papers 
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3. The impact of founder’s regulatory focus on firm birth 
and firm abandonment 

3.1 Abstract 

The purpose of this paper is to show how self-regulation influences the relationship between 
nascent entrepreneurial exploitation activities, firm birth, and firm abandonment. This study 
draws from a unique longitudinal dataset of 181 nascent entrepreneurs from Switzerland who 
have been interviewed by phone in 2015 and 2016. It uses moderated binary logistic regression 
to test the hypotheses. This study provides evidence that discrepancies in promotion orientation 
can explain the different ways exploitation can lead to an increased likelihood of firm birth and 
a decreased likelihood of firm abandonment, while respectively increasing persistence. 
Findings suggest that this is attributed to the regulatory fit between a promotion orientation and 
exploitation activities. For scholars, our findings provide insights into the reasons for 
entrepreneurial persistence, as well as how firm birth can be achieved with different levels of 
exploitation activities. This study provides entrepreneurs with information on how to increase 
their persistence as well as the likelihood of firm birth while considering their regulatory focus. 
Based on regulatory focus theory, this paper highlights different paths to firm birth with varying 
quantity of exploitation activities. We contribute to a greater understanding of firm emergence 
by accounting for the impact of regulatory foci. 

3.2 Introduction 

What are the steps leading to a successful business launch and how do entrepreneurs steer 
themselves towards this goal? This question is at the center of the gestation process in 
entrepreneurship. A large stream of literature in gestation has examined the start-up activities 
leading to business launch (Delmar & Shane, 2003, 2004; Lichtenstein et al., 2006, 2007; 
Manolova et al., 2012). Most of the empirical studies in this field draw on longitudinal studies 
such as the Panel Studies of Entrepreneurial Dynamics (PSED), which examine the actions of 
entrepreneurs at the time they are starting their business (Gartner & Liao, 2012; Reynolds & 
Curtin, 2009). Extant literature suggests that entrepreneurs who conduct a higher number of 
start-up activities are more likely to achieve firm birth (Brush et al., 2008; Carter et al., 1996; 
Reynolds, 2016), with discovery activities typically conducted at an early stage and exploitation 
activities at a later stage (Gordon, 2012). However, recent research from Arenius et al. (2017) 
and Shim and Davidsson (2018) indicate that the gestation duration might be shorter than 
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generally expected and that completing a small number of start-up activities may suffice for 
venture emergence. Nevertheless, the literature on gestation activities has largely ignored how 
entrepreneurs go about trying to accomplish their tasks and objectives. The cognitive and 
motivational aspects driving start-up activities remain relatively underdeveloped (Gartner & 
Shaver, 2012). In this context, self-regulation, which is widely seen as a process that enables 
people to guide their goal-related activities over time, is a fitting theoretical anchor to shed some 
light on the entrepreneurs’ actions during start-up. Self-regulation implies “modulation of 
thought, affect, behavior, or attention via deliberate or automated use of specific mechanisms 
and skills” (Karoly, 1993, p. 25). To navigate successfully through the challenges of the start-
up process, entrepreneurs need to adjust their goals and actions to the specific circumstances 
they face (Kröper et al., 2011). In so doing, they primarily rely on the enactment of their own 
cognitive resources and motivation. 

Amongst self-regulation theories, regulatory focus theory (RFT) (Higgins, 1998) is 
particularly relevant for entrepreneurship because it draws attention to the motivational and 
strategic inclinations that entrepreneurs employ during business launch (Brockner et al., 2004). 
In a nutshell, the theory posits that in their efforts to pursue particular goals, people self-regulate 
the energy, means, and strategies they deploy in ways that maximizes the “fit” with their goal-
pursuit values and beliefs, or in Higgins’ terminology, their regulatory focus orientations. In 
recent years, a growing number of scholars have drawn on RFT processes and principles to 
investigate various aspects of entrepreneurs’ effort and behavior, including opportunity 
recognition and exploitation (Tumasjan & Braun, 2012), effort in entrepreneurial task 
(Trevelyan, 2011), innovativeness (Cowden & Bendickson, 2018; Spanjol et al., 2011), and 
time allocation (Burmeister-Lamp et al., 2012). 

In this study, we analyze how differences in the entrepreneurial regulatory foci influence 
the relationship between conducted start-up activities and the outcome of the entrepreneurial 
process over time. Specifically, we address the following research question: How does self-
regulation impact the relationship between the number of exploitation activities and the venture 
outcome? We use moderated binary logistic regression to analyze the effect of regulatory focus 
on the relationship between exploitation activities and the possible outcomes of the gestation 
process: firm birth, ongoing gestation and firm abandonment. Following the Panel Study of 
Entrepreneurial Dynamics (PSED) design, we draw on a longitudinal dataset of nascent 
entrepreneurs in Switzerland (n=181).
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We contribute to the developing literature on self-regulation within the gestation process in 
several ways. Firstly, we closely align RFT with the discovery and exploitation framework.By 
doing so, we provide further insight into the emergence of new organizations (Davidsson, 
2016). Specifically, we contribute to the field of regulatory focus studies and examine the role 
of regulatory focus in the initial entrepreneurial action phase (Johnson et al., 2015). Secondly, 
we contribute to the literature on highly persistent entrepreneurs by aligning regulatory focus 
with the persistence decision (e.g., Baum & Locke, 2004; DeTienne et al., 2008). Finally, we 
provide a possible explanation for why a small number of activities may lead to the birth of a 
new firm (Arenius et al., 2017).  

The remainder of the article is organized as follows. First, we conduct a review of the 
literature about discovery and exploitation activities during the start-up process and we theorize 
how the relationship between exploitation and firm birth as well as firm abandonment may 
differ in light of differences in regulatory focus. Next, we provide a description of the data and 
methodology. After that, we detail the results, including descriptive statistics, the results of the 
moderated binary logistic regression, and an analysis of the hypotheses. Finally, we provide a 
discussion and outline the contribution and limitations of the study. 

3.3 Theory and hypotheses development 

3.3.1 Discovery and exploitation framework and the venture outcome 

The firm creation process is often characterized by two distinct, yet sometimes overlapping 
phases: the discovery and the exploitation of a business idea (Davidsson, 2016; Gordon, 2012; 
Shane & Venkataraman, 2000). Discovery refers to the conceptual aspect of the venture 
development and encompasses a series of activities from ideation to business concept 
development. Specifically, these actions deal with planning and projecting future information, 
as well as engaging with and gathering information from potential customers or competitors. 
On the other hand, exploitation reflects the attempt to execute the business idea via activities 
such as resource procurement and market entry (Davidsson, 2016). Wiklund et al., (2018) 
describes the exploitation phase “as the process of engaging in concrete actions (e.g., 
developing products, assembling resources, talking to potential customers, registering the new 
business) to bring a new business into existence (p. 388).” Similarly, Kuckertz et al., (2017) 
conceptualize exploitative behavior with activities such as acquiring funds, putting together an 
entrepreneurial team, and setting up an organization. 
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Next to the conceptualization of different start-up activities within the discovery and 
exploitation framework, Gordon (2012) analyzed the sequence in which firm birth and firm 
abandonment occurs. While being distinct, discovery and exploitation often comprise of an 
implied temporal order which delineates the sequence in which the process enfolds, that is a 
dominance of discovery activities in an early stage and a prevalence of exploitation activities 
in a later stage. Furthermore, Gordon (2012) suggests that discovery activities do not guarantee 
successful exploitation and that business ideas cannot be exploited if they have not first been 
discovered. Once the business idea is discovered and formulated, the entrepreneurship process 
outcome (birth, ongoing gestation, or abandonment) depends primarily on exploitation 
activities, which are at the core of our interest in this study. 

Building upon these arguments, we posit that entrepreneurs who are conducting exploitation 
activities are more likely to become cash positive and less likely to terminate their venturing 
effort (Gordon, 2012). This proposition is in line with the extant literature, which suggests that 
entrepreneurs with a higher number of start-up activities are more likely to achieve firm birth 
and less likely to pull out during gestation (e.g., Brush et al., 2008; Carter et al., 1996; Manolova 
et al., 2012; Reynolds, 2016). Thus, our baseline hypotheses are the following:  

H1a: The number of conducted exploitation activities has a positive effect on firm birth. 
H1b: The number of conducted exploitation activities has a negative effect on firm aban-

donment. 

3.3.2 Regulatory focus, exploitation activities and its relation to firm birth 

In the past decade, an increasing number of scholars have suggested that entrepreneurs' 
regulatory focus plays a decisive role in understanding the underlying cognitive mechanisms of 
the entrepreneurial process (Baron et al., 2016; Brockner et al., 2004; Markovits, 2012). 
Regulatory focus theory “delineates how people engage in self-regulation, the process of 
bringing oneself into alignment with one’s standards and goals” (Brockner et al., 2004, p. 203). 

Two different foci exist to engage in self-regulation: a promotion and a prevention focus. 
A promotion focus describes preferences towards growth, development and advancement 
needs. It is often associated with an eagerness strategy by focusing on ensuring and maximizing 
“hits” (Crowe & Higgins, 1997). This eagerness strategy relates to the enthusiasm to attain 
advancements, as well as gains and emphasizes speed and achieving maximal levels of 
performance (Förster et al., 2003). In contrast, a prevention focus refers to preferences towards 
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security and safety (Higgins et al., 2001). It is associated with a vigilance strategy and its 
strategic means is focused on avoiding errors by ensuring “correct rejections” (Crowe & 
Higgins, 1997), thus being vigilant. If the adopted approach fits the respective regulatory 
orientation of the individual, an increase in motivation as well as performance has been shown 
(Higgins, 2000). This fit can alter different relationships, such as the impact of feedback signs 
(positive or negative) on motivation (Van-Dijk & Kluger, 2004, 2011). 

Differences in self-regulation can influence the conduct of start-up activities and venture 
success (Brockner et al., 2004). For example, a promotion orientation might be beneficial for 
certain activities during the rollout process, such as motivating people to work for the venture. 
On the other hand, a prevention orientation focus might be relatively more advantageous for 
activities that entail assessing the feasibility of the venture, such as screening the idea. As such, 
a possible fit between the individual’s orientation and the conducted task may positively impact 
motivation and performance (Shah et al., 1998). Drawing on this fit perspective, we argue that 
not only single activities, but in all probability the exploitation phase as a whole is affected by 
the regulatory focus. This assumption is supported by Fischer et al. (2018), who outline that 
during the rollout process, entrepreneurs increasingly engage in a promotion-focused self-
regulatory process. This suggests that the rollout during the exploitation stage may be prone to 
a promotion orientation. Accordingly, entrepreneurs with high levels in promotion orientation 
may feel more comfortable with activities in the exploitation phase. This, in turn, is likely to 
affect the outcome of firm gestation and the birth of a firm. Therefore, we argue that, based on 
the fit between exploitation activities and the promotion orientation, entrepreneurs with a 
promotion focus may conduct exploitation activities differently from those with a prevention 
orientation. Such fit not only positively increases the enjoyment the actions provide (Freitas & 
Higgins, 2002) but also the engagement as well as the effort in respective tasks (Trevelyan, 
2011). Given this difference in action intensity in relation to the proposed fit, promotion-
oriented individuals may differ in how they conduct exploitation activities to achieve firm birth. 

Moreover, there is evidence that entrepreneurs with a strong promotion focus tend to 
allocate more of their time to exploitation activities (e.g., hiring employees, register business, 
rent office places etc.) which encompass higher risk and cost compared to conceptual, discovery 
activities (e.g., conducting competitive analysis, writing a business plan) (Burmeister-Lamp et 
al., 2012). Therefore, aligning this proposed fit of the exploitation phase and the entrepreneur’s 
orientation could alter the relationship between the number of exploitation activities and firm 
birth. In other words, if two entrepreneurs conduct the same number of exploitation activities 
but differ in their regulatory focus, the entrepreneur with a strong promotion orientation might 
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have a higher likelihood of firm birth because he or she conducts exploitation activities with 
more enthusiasm and a higher intensity. Hence, we hypothesize: 

H2a: A high level in promotion focus strengthens the positive relationship between the number 
of conducted exploitation activities and firm birth. 

Prevention-focused individuals are vigilant and cautious about exploiting potential business 
ideas and obtaining resources to exploit them (Gamache et al., 2015). They plan carefully and 
prefer formalized activities (Brockner et al., 2004). Such an approach fits with activities related 
to the discovery phase rather than the exploitation phase. Entrepreneurs with a prevention 
orientation, therefore, may be less inclined to show the same effort, enjoyment and engagement 
intensity to exploit the business idea in order to achieve firm birth compared with promotion-
oriented entrepreneurs. 

Moreover, if each additional hour allocated to the venture yields additional risks, 
prevention-focused entrepreneurs appear to allocate fewer hours to the venture than 
entrepreneurs with a weaker prevention focus (Burmeister-Lamp et al., 2012). Presuming that 
the exploitation phase is riskier than the discovery phase, this could further alter the positive 
relationship between the number of exploitation activities and firm birth. A high prevention 
orientation can induce the entrepreneur to be less motivated and over-cautious in translating 
respective activities into the creation of a firm. Hence, the relationship between the number of 
exploitative activities and firm birth weakens under the condition of high levels of prevention 
focus. The entrepreneur feels less enjoyment, allocates fewer hours into respective risky 
activities at a time where probably more effort is necessary, and lacks the persistence needed to 
launch the firm. Therefore, we formulate the following hypothesis: 

H2b: A high level in prevention focus attenuates the positive relationship between the number 
of conducted exploitation activities and firm birth. 

3.3.3 Regulatory focus, exploitation activities and its relation to firm abandonment  

As outlined in hypothesis H1b, the numbers of start-up activities, especially exploitation 
activities, is associated with a decrease in venture abandonment (Gordon, 2012; Reynolds, 
2016). Building on this argumentation, we believe that this relationship is also altered by 
differences in regulatory focus. High levels in promotion focus can drive entrepreneurs to 
persevere in face of difficulties and setbacks and help them remain committed to their tasks 
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(Crowe & Higgins, 1997). Promotion-oriented individuals show higher persistence on tasks that 
are framed in line with their regulatory orientation (Shah et al., 1998). 

In relation to the proposed fit between the exploitation phase and the entrepreneurial 
orientation, promotion-oriented entrepreneurs may persevere in the face of adversity after 
having conducted a certain number of exploitative activities. Hence, the outcome of the 
gestation process (i.e., to persist rather than to abandon) for a given number of conducted 
exploitation activities is likely to differ between promotion-oriented and prevention-oriented 
entrepreneurs. Thus, we hypothesize: 

H3a: A high level in promotion focus attenuates the negative relationship between the number 
of conducted exploitation activities and firm abandonment. 

Conversely, we argue that high levels in prevention orientation alter the relationship 
between exploitation activities and firm abandonment in a way that a high number of 
exploitation activities increases the likelihood of firm abandonment. Given the assumed missing 
fit between high levels in prevention orientation and the exploitation phase, the positive effect 
on the persistence level (Shah et al., 1998) may be less pronounced. Moreover, prevention-
oriented individuals are susceptible to become “over-cautious” and evoke a pessimistic view in 
light of information relevant to failure, leaning towards worst-case scenario planning (Higgins 
& Tykocinski, 1992; McMullen & Kier, 2016). Based on their attitude of ensuring correct 
rejections, they aim to avoid making mistake, which might lead them to “pull the plug” sooner 
rather than later. This vigilance approach may, in a difficult situation, motivate entrepreneurs 
to pull out in order to avoid committing an error (Crowe & Higgins, 1997). 

Highly prevention-oriented individuals may therefore abandon their venture project rather 
than to persist after having conducted a certain number of exploitation activities without having 
achieved the desired goal. In other words, comparing two entrepreneurs with an equal number 
of conducted exploitation activities, a highly prevention-oriented entrepreneur is more likely to 
quit rather than to push forward. Thus, the negative relationship between the number of 
conducted exploitation activities and firm abandonment becomes stronger. Therefore, we 
hypothesize: 

H3b: A high level in prevention focus strengthens the negative relationship between the number 
of conducted exploitation activities and firm abandonment. 
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The proposed model of this study is presented in Figure 5. 
 

Figure 5. Hypothesized model 

 

3.4 Research methodology 

3.4.1 Data and sampling procedure 

To test our hypotheses, we utilized data from the Swiss Panel of Emerging Businesses 
(SwissPEB), a longitudinal study of Swiss nascent entrepreneurs which follows the research 
design of the Panel Study of Entrepreneurial Dynamics (PSED) (Reynolds et al., 2016a). 
Nascent entrepreneurs were defined and identified as individuals who are currently actively 
trying to start a new business, and which is still in the pre-profit stage. In 2015, a total of 28,599 
individuals in Switzerland were screened in a telephone survey by a market and social research 
firm. During this screening, a total of 680 nascent entrepreneurs were identified, of which 298 
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participated in the first detailed phone interview (wave 1). After twelve months, 292 of these 
nascent entrepreneurs were contacted again, and 67 did not participate, leaving a sample of 225 
in the second wave. The rate of attrition of 23% in the Swiss sample is similar to previous 
longitudinal studies of nascent entrepreneurs (e.g., Brush et al., 2008; Manolova et al., 2012). 
Due to missing values, the analysis of this paper is based on a subsample of 181 observations. 

The questionnaire draws on the protocol of the Panel Study of Entrepreneurial Dynamics 
(PSED) (Reynolds et al., 2016a) which increases validity and comparability with other PSED 
studies. The questionnaire included questions on nascent entrepreneurs’ characteristics, firm 
characteristics, and discovery, as well as exploitation activities conducted thus far. This study 
used moderated binary logistic regression to analyze the effect of the regulatory focus on the 
relationship between exploitation activities on firm birth and firm abandonment. 

3.4.2 Common method bias 

A variety of steps was taken in order to mitigate the potential effects of common method bias. 
Firstly, we measured our dependent and independent variables one year apart, in different waves 
of our survey and used different response formats (Podsakoff et al., 2003). Secondly, strict 
confidentiality as well as the protection of the respondent anonymity was assured in order to 
decrease respondents' motivation to answer the survey in a socially desirable way (Podsakoff 
et al., 2003). Thirdly, the questions related to the constructs were embedded in a more 
comprehensive survey making it improbable the respondents could draw any conclusions about 
the research goal. All these measures ensure that common method bias was minimized in our 
study. 

3.5 Measures 

3.5.1 Dependent variables 

Firm birth and firm abandonment were measured by a self-reported categorical variable as 
either being still nascent (“ongoing gestation”), having abandoned the venture, or having 
achieved initial profits. Following previous PSED studies (Reynolds et al., 2016a), achieving 
initial profits was used as proxy for firm birth. Of all the 181 people who had been nascent 
entrepreneurs in wave 1, after a period of 12 months (wave 2), 27 were profitable, 122 were 
still actively trying (ongoing gestation) and 32 abandoned the venture. The outcome and as such 
the two dependent variables, firm birth (0=ongoing gestation; 1=firm birth; abandoned ventures 
were excluded from the analysis) and abandonment (0=ongoing gestation, 1=firm 
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abandonment; profitable ventures were excluded from the analysis) were coded in a binary 
fashion. For the two models, ongoing gestation (n=122) is the reference variable, and it is 
compared to firm birth for the first model (n=27) and firm abandonment for the second model 
(n=32); thus the sample size is 149 in the first model and 154 in the second model. While the 
dependent variable was measured in the second wave of the data collection, all the other 
variables are taken from the first wave. 

3.5.2 Independent variable 

Exploitation activities related to the behaviors taken to establish the venture were measured 
using an eleven item questionnaire following the categorization of Gordon (2012). Specifically, 
the entrepreneurs were asked if they had already conducted either of the following activities: 
Sought outside funding; Applied for IP protection; Hired employees; Created business website; 
Began marketing; Established legal form; Invested own money; Initial sales; Acquired or 
leased facility; Acquired or leased equipment; Participated in a support program. For each 
activity, the answers were coded as binary variable (1=yes, 0=no). We computed the sum of all 
conducted exploitation activities as our main independent variable.  

3.5.3 Moderator variable  

Regulatory focus was measured using a scale of nine items. This scale was developed by von 
Grone et al. (2016) to capture regulatory focus in an entrepreneurial setting and it was adapted 
from Higgins's et al. (2001) original measurement. Promotion focus included four items: “If you 
are facing a challenge in the start-up phase of your company, how important is it for you...        
a) ...to apply creative solutions to difficult situations? b) ...to focus on what you could gain? c) 
...to make quick progress? d) ...to achieve great things?” Prevention focus included five items: 
“If you are facing a challenge in the start-up phase of your company, how important is it for 
you... a) ...to weigh the risks before taking a decision? b) ...to consider the long-term 
consequences of your actions? c) ...to weigh up the pros and cons? d) ...to go into detail? e) 
...to protect yourself/the company from possible hazards?”. The items were measured using a 
Likert-type scale (1 = strongly disagree, 10 = strongly agree). Maximum likelihood estimation 
procedure was used to examine all scales in confirmatory factor analysis. CFA measures, based 
on Satorra-Bentler Scaled Chi-Squared Test due to non-normality of the items (Satorra & 
Bentler, 1994), suggest a good-model fit (SB_RMSEA=0.020, CFI=0.990, TLI=0.986). 
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3.5.4 Control variables 

We controlled for several variables of the individual (gender, age, education, start-up 
experience), organizational (venture age, i.e., time since first conducted gestation activity, 
venture team, hi-tech, number of conducted discovery activities) and contextual level (industry 
type, perceived competitive environment) that previous studies associated with firm birth, firm 
abandonment, start-up activities, as well as self-regulation (e.g., Lichtenstein et al., 2007; 
Manolova et al., 2012, Reynolds, 2016). We note here that controlling for the number of 
discovery activities is particularly important as it is a proxy for the development stage of the 
venture. Entrepreneurs may realize that their venture is not feasible during the discovery phase 
and therefore may not even delve into an exploitation phase and abandon at an early stage. 

3.6 Analysis and results 

3.6.1 Descriptive statistics and correlations 

Table 3 shows the mean, standard deviation, and correlation of the used variables. With regards 
to the variables under research, the table reveals three findings. Firstly, exploitation activities 
and firm abandonment are negatively correlated (R =-0.39, p < 0.01). Secondly, as anticipated, 
promotion focus and exploitation activities are positively correlated (R=0,17, p < 0.05). Thirdly, 
even though not significant, exploitation activities appear to negatively correlate with firm birth 
(R=-0.15, p=n.s.). Moreover, we note that the venture age correlates with exploitation activities 
(R= 0,29, p <0.01), as well as firm birth (R= -0,30 p <0.01), which is in line with insights from 
Gordon (2012). 

3.6.2 Hypotheses testing results 

Table 4 presents the results of the logistic regressions. For the hypothesis tests, analyses were 
conducted in three steps for both dependent variables (firm birth and firm abandonment). In the 
first step, the control variables only are used (Models 1a, 2a) for both dependent variables. In 
the second step, exploitation activities as well as promotion and prevention focus were entered 
(Models 1b, 2b). Finally, the moderating effect of each regulatory focus and exploitation 
activities on both dependent variables was tested (Model 1c, 1d, 2c, 2d). Given the relatively 
small sample size and to account for possible variance in the distribution assumption we further 
applied bootstrapping (B=1000). The results of this re-sampling procedure did not differ, thus 
underlining the reliability of the reported statistical values. Our data did not suffer from 
multicollinearity, as all variance inflation factors (VIFs) were below 2, and hence, were below 
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the threshold of 10 (Hair et al., 2010). The -2 log likelihood ratio as well as the Nagelkerke R2 
are measures of how well the model fits the data. 

This study provided some interesting insights regarding the tested hypotheses. First of all, 
our findings did not support H1a, but did support H1b: a high number of conducted exploitation 
activities appears to stave off firm abandonment but does not positively correlate with firm 
birth. 
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Table 3. Descriptive statistics and correlations 
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However, by including the moderation effect of the regulatory focus, more specifically the 
promotion focus, the relationship between the number of conducted exploitation activities on 
firm birth changes. This indicates that the relationship between exploitation activities and firm 
birth may be more complex. Figure 6 shows the interaction effect in graphic form: under low 
levels of promotion focus the relationship between exploitation activities and firm birth is in 
line with the hypothesis H1a and the results of Gordon (2012). Under a high level of promotion 
focus, the effect of exploitation activities on firm birth turns negative, indicating that highly 
promotion-oriented entrepreneurs have a higher likelihood of achieving firm birth with few 
exploitation activities. Hence, our results suggest that a promotion focus influences the direction 
of the relationship between the number of conducted exploitation activities and firm birth, thus 
partially supporting hypothesis H2a. Our results also suggest that under a high level of 
promotion orientation and a high number of conducted exploitation activities the likelihood of 
firm birth decreases. This unexpected finding indicates that a high level in promotion orientation 
in combination with a high number of conducted exploitation activities is not necessarily as 
positive as we hypothesized in H2a. We discuss possible reasons for this finding below.  

In relation to the prevention focus, we did not find any support for H2b. A prevention focus 
does not significantly influence the relationship between the number of exploitation activities 
and firm birth. 

In the context of firm abandonment, the negative relationship between the number of 
exploitation activities and firm abandonment is altered by high levels in promotion focus, thus 
supporting hypothesis H3a. The interaction plot is shown in figure 7. Hence, the results from 
Gordon (2012) are supported insofar as the entrepreneur shows high levels in promotion focus. 
However, this effect changes with low levels in promotion focus and an increased number of 
conducted exploitation activities does not reduce the likelihood of firm abandonment. No 
significant relationship was identified for prevention focus. Thus, we did not find any support 
for H3b. 

In summary, both full models containing all predictors were significant at the p<0.001 level, 
with Nagelkerke R2 of 0.41. The two-way interaction is statistically significant at the p<0.05 
level and the b coefficients are -0.33 for the Model 1c and -0.33 for the Model 2c.
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Table 4. Results logistic regression 
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Figure 6. Interaction effect on firm birth (compared to ongoing gestation) 

 
 

Figure 7. Interaction effect on firm abandonment (compared to ongoing gestation) 

 
  



Dissertation | Paper 1 

 

33 

3.7 Discussion and contribution 

One important aspect of the research on firm gestation is understanding differences in the 

actions entrepreneurs take in the lead up to a successful venture launch (Autio et al., 2013). The 

extant literature suggests that entrepreneurs who conduct a higher number of start-up activities 

are more likely to achieve firm birth and less likely to abandon the gestation process (Brush et 

al., 2008; Carter et al., 1996; Reynolds, 2016). Drawing on regulatory focus theory, we provide 

a somewhat different view on this relationship. In line with recent studies (Arenius et al., 2017; 

Shim & Davidsson, 2018), our results indicate that this relationship is more complex. Indeed, 

the completion of a small number of start-up activities may suffice for venture emergence. Our 

study provides an explanation for this phenomenon and thus contributes to a better 

understanding of the gestation process. 

We find that the impact of the number of exploitation activities on firm birth is altered by 

the level of promotion orientation of the entrepreneur. In general, the number of start-up 

activities positively relates to firm emergence (Reynolds, 2016). However, a higher level in 

promotion orientation increases the likelihood of a firm to become profitable after the 

entrepreneur has conducted a small number of start-up activities. We explain this effect based 

on the fit between exploitation activities and a promotion orientation. Such fit is suggested to 

increase the decision makers’ confidence, effort and engagement (Avnet & Higgins, 2006). By 

highlighting such a possible fit between individuals regulatory focus orientation and task 

demands (Spiegel et al., 2004), we contribute to research on the phenomenon of regulatory fit 

in a specific context, the gestation process. Further, we highlight that a promotion focus may 

not only influence a single task but potentially the entire exploitation phase in the 

entrepreneurship process. In showing the positive effect of the fit between the exploitation phase 

and the promotion orientation, we enlarge our understanding of how regulatory focus may 

influence the entrepreneurship process. Specifically, we show that for the same low number of 

exploitation activities, entrepreneurs with a high level in promotion orientation are more likely 

to achieve firm birth. 

In context of a higher number of conducted exploitation activities, this effect is however 

less pronounced as illustrated in the downward slope within the moderation plot. An 

explanation for this effect could be the choice of the firm and/or the industry type. Entrepreneurs 

with high levels of promotion orientation may not choose venture ideas that allow for quick 

wins with a small number of exploitations activities but instead may opt for more ambitious 

projects that need several years of development and higher investments. These aspects may be 
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more prevalent for hi-tech ventures and/or in industries requiring significant investment to 

launch the venture (e.g., manufacturing). By including an industry (manufacturing and service 

industry) and a technology related control variable (hi-tech vs. low tech venture), we show that 

the effect of achieving firm birth despite a high number of start-up activities under a high level 

of promotion orientation is even more pronounced. Thus, the underlying level of technology 

(hi-tech firm) can explain to a certain extent the downwards slope. Further, it would reflect the 

effect that entrepreneurs with a higher promotion focus tend to pursue more innovative new 

ventures (Cowden & Bendickson, 2018). 

In relation to firm abandonment, this study revealed that for a high number of exploitation 

activities, entrepreneurs with high levels of promotion orientation are less likely to abandon the 

firm, whereas entrepreneurs with low levels of promotion orientation are more likely to abandon 

the venture. A possible explanation for this result could be the susceptibility of high promotion-

oriented individuals towards escalation of commitment (Kier et al., 2014). In light of an increase 

in time investment during the risky exploitation phase (Burmeister-Lamp et al., 2012), as well 

as the delineated perseverance of highly promotion-oriented individuals, there might be a 

tendency towards escalation of commitment. This suggestion aligns with the empirical results 

from Barsky and Zyphur (2016), who show that high promotion focus exacerbates escalation 

behavior as a project nears completion. These results provide an interesting insight by 

suggesting that this decision-making process (i.e., to abandon or not) might be influenced by 

different levels of promotion focus. We note that this persistence per se may be deemed neither 

positive or negative, however the persistence decision itself is an important part of the 

entrepreneurial process (Holland & Shepherd, 2013). Next to contributing to a better 

understanding of highly persistent entrepreneurs, these findings extend previous 

entrepreneurship studies in the context of firm abandonment, and provide evidence of another 

factor mitigating the impact of preventing nascent entrepreneurs from disengaging (Khan et al., 

2014). 

Finally, we did not find any moderating effect of the prevention focus. One explanation 

could be the association between high levels of prevention focus with formalization activities, 

like for example writing a business plan, collect competitor information or make financial 

projections. One might propose that entrepreneurs with high levels of prevention orientation 

stay longer within the discovery phase completing more formalized activities. Then, delving 

into the exploitation phase, they need longer to either achieve firm birth or decide to abandon 

the venture. Another explanation is that the application of regulatory focus theory in 

entrepreneurship tends to be unidimensional as most empirical studies analyze regulatory focus-
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outcome relationships that are more inclined to reveal the positive effects of promotion and the 

negative effects of prevention (McMullen & Kier, 2016). Intuitively, this makes sense as 

entrepreneurs launching are likely to see their goals as creating paths to gains or advancement 

and concentrate on the rewards that will accrue when they achieve those. 

In summary, our findings go beyond prior research by broadening the focus onto the 

influence of self-regulation on the gestation phase, as we show how firm birth as well as 

ongoing gestation can be fostered through a promotion focus. This extension is important, as 

nascent entrepreneurs often face various challenges during their journey and understanding the 

impact of motivation and mindset may help in overcoming various hurdles. Thus, by including 

regulatory focus within the discovery-exploitation framework, we provide evidence of the 

relationship between activities and motivational theory, via regulatory focus, and further 

contribute to a theory on the micro-foundations of entrepreneurial action (Shepherd, 2015). 

3.7.1 Practical implications 

Our study has several practical implications for nascent entrepreneurs with different levels of 

promotion orientation. First, this study shows that high levels in promotion orientation may 

increase the likelihood of achieving firm birth with few exploitation activities. However, 

entrepreneurs with high levels of promotion orientation who already have conducted a high 

number of exploitation activities without having achieved firm birth may reconsider their 

business idea, particularly in light of a possible escalation of commitment trap. Following the 

argumentation of McMullen and Kier (2016), an implication for nascent entrepreneurs to pursue 

their ideas with a pinch of skepticism and, after having conducted a vast number of exploitation 

activities without having achieved firm birth, they should reassess the feasibility and 

profitability of their business idea. 

Moreover, in order to avoid falling into an escalation of commitment trap, entrepreneurs 

could adopt a stage gate approach with the option to pull out at predetermined different stages 

of the venture development, with an affordable loss. These tactics would allow revisiting and 

challenging the status quo and learning from past behavior, including already experienced 

negative emotions related to such trap. As Ku (2008) remarked, the imagination of such post-

escalation regrets would already allow for de-escalation. Thus, for highly promotion-oriented 

entrepreneurs who have already conducted a high number of exploitation activities without 

having achieved firm birth, raising the awareness and identifying exit strategies would allow 

for a decrease in costs that arise with an escalation towards a commitment. This is a valuable 
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insight for incubators and support programs as it outlines the need for an early feedback round 

with a possible pivot of the idea. In doing so, the knowledge of the entrepreneurial regulatory 

focus can further guide an optimal framing of the feedback. For example, for promotion-

oriented individuals this feedback may be verbally labeled towards gains to foster the 

motivation (Jarzebowski & Palermo, 2012). 

3.7.2 Limitations and future research 

This study has a number of limitations which also offer further avenues for research. Firstly, 

despite the validity and goodness of fit of the statistics used to capture regulatory focus in an 

entrepreneurial setting, this study is still of an exploratory nature. Further research applying the 

scale in the entrepreneurial context would be fruitful in order to account for differences outlined 

by von Grone et al. (2016). Moreover, even though the regulatory focus theory provided 

valuable insights regarding the venture process, other cognitive parameters may also influence 

the relationship between exploitation activities, firm birth and firm abandonment. For example, 

social identity theory has recently attracted the interest of the entrepreneurial research 

community and appears to play a central aspect in the behavioral process that drives venture 

creation (Murnieks et al., 2014; Powell & Baker, 2017; Shepherd et al., 2015). Thus, further 

analyses combining other cognitive theories might provide additional insights into how a 

gestation process progresses toward a successful outcome. 

Secondly, even though the conceptualization of the entrepreneurial process as a dualistic 

discovery and exploitation phase is well established and related to specific activities (e.g., 

Kuckertz et al., 2017; Shane, 2012; Shane & Venkataraman, 2000), the classification of 

activities within each phase is still open to interpretation. The creation of a business plan for 

example might occur in a later stage in combination with acquiring funding where a firm is 

already established. Therefore, for future studies that research the effect of the regulatory focus 

on a specific activity, we recommend a further breakdown of the exact type of tasks as well as 

the purpose for such activities. 

Furthermore, one can argue that the entrepreneurship process does not follow a sequential 

order, moving from discovery to exploitation, and that the exploitation of an idea can occur 

before or even without conducting discovery activities (Davidsson, 2003). In this context, the 

results of Gordon (2012, p. 197), suggest that the general flow of the venture creation process 

is a directional sequence from discovery toward exploitation and that “a majority of individual 

events are a symbiosis of discovery and exploitation action” where the entrepreneurial process 
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“begins and ends with distinct discovery and distinct exploitation”. However, half-way through 

the venture creation these processes may overlap. This is the case when simultaneous discovery 

and exploitation actions are pursued (Gordon, 2012). In order to account for the effect of such 

simultaneous activities, we controlled for the respective number of conducted discovery 

activities and conceptualized the sequences underpinning the gestation process. Nevertheless, 

further research combining regulatory focus with complexity dynamics (Lichtenstein et al., 

2007) could provide interesting insights. 

Moreover, business creation can be seen as an idiosyncratic process (Newbert, 2005), and 

depending on the type of business created, not all exploitation activities may be relevant to 

enable firm birth. Some business ideas may be rather easy to implement while others need 

longer development periods as well as more exploitation activities. Thus, future research could 

look into differences of industry specific activities that influence the venture outcome.  

3.8 Conclusion 

With a growing relevance of start-up activities in our economy, it becomes important to better 

understand how cognition drives the entrepreneurial process and, subsequently, the successful 

birth of a firm. This study extends the knowledge of regulatory focus and its moderating effect 

on start-up activities and firm birth, as well as firm abandonment. Our findings confirm the 

impact different levels of promotion orientation can have on the gestation process leading to 

firm birth as well as firm abandonment. 
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4. Imitate to emerge – who is not imitating? 

4.1 Abstract 

The impact of innovativeness on a firm’s emergence and survival remains theoretically as well 

as empirically inconclusive. In this paper, we seek to shed some light on the impact of imitative 

business ideas on the likelihood of a firm’s birth and try to understand who the imitators and 

innovators are. Drawing on social identity theory, this study further delineates how different 

types of founder identities impact the likelihood of pursuing an imitative or innovative business 

idea. Using a unique longitudinal dataset of Swiss nascent entrepreneurs, our results show that 

nascent entrepreneurs who imitate existing business ideas are during the gestation process more 

likely to achieve firm birth compared to more innovative entrepreneurs. Moreover, based on 

social identity theory, our results suggest that “Missionaries” are less likely to imitate and more 

likely to create new, truly innovative products and services. Thus, our results suggest that from 

a policy perspective in order to foster innovation and social change it is worthwhile considering 

different social identity types. 

4.2 Introduction 

“It is better to fail in originality than to succeed in imitation.” 

(Herman Melville, 1850) 

There is a wide agreement in the entrepreneurship literature that for new firms the degree of 

innovation amongst new business ventures varies greatly (Abernathy & Clark, 1985; Aldrich & 

Ruef, 2006; Cliff et al., 2006; Shepherd et al., 2000). In the past decade, a vast amount of 

research focused on understanding antecedents and outcomes of such innovations (e.g., 

Adomako, 2017; Amir, 2015; Schott & Sedaghat, 2014). However, the impact of innovation on 

firm emergence as well as the survival rate of a firm remains theoretically as well as empirically 

inconclusive. 

Innovativeness was found to be related to positive outcomes such as competitive advantages 

(Porter, 1980), production cost reduction (Cohen & Klepper, 1996) or enhanced firm market 

power (Schumpeter, 1934). Such traits are underpinned by a variety of empirical analyses which 

delineate the positive effect of innovativeness on the firms survival rate (e.g., Cefis & Marsili, 

2005, 2006, 2012; Colombelli et al., 2013; Helmers and Rogers, 2010; Wagner & Cockburn, 

2010). However, innovative ventures may face a greater liability of novelty (Amason et al., 
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2006), longer and uncertain payback times (Boyer & Blazy, 2013) and a more risky and 

complicated start-up process (Samuelsson & Davidsson, 2009). These outcomes in turn have 

been negatively associated with the subsequent survival rate (Hyytinen et al., 2015). Such 

insights are underlined by an emerging empirical strand that highlights a context-dependency 

in respect of innovativeness and firm survival (Boyer & Blazy, 2013; Buddelmeyer et al., 2009; 

Hyytinen et al., 2015; Reid & Smith, 2000). 

Conversely, the imitation of an established product or successful business model can 

provide initial legitimacy for new ventures (Aldrich & Fiol, 1994; Dimaggio & Powell, 1983; 

Fu & Tiez, 2015, 2017), as underlined by numerous prominent examples: when it comes to 

specific smartphones (e.g., Mi phones), China’s Xiaomi is often the target of some people who 

believe it is good at copying Apple; entrepreneurs considering crowdfunding find it hard to 

distinguish the innovativeness of Kickstarter (launched in 2009) compared to Indiegogo 

(launched in 2007); and, Rocket Internet, Europe's most notorious incubator, makes millions of 

dollars from ruthlessly copying Silicon Valley start-ups. Despite the number of such imitative 

business, our knowledge of their gestation process remains limited (Koellinger, 2008). Is it truly 

better to fail in originality than to succeed in imitation as outlined in the initial quote? 

Essentially, we argue that it is context dependent. It may be true in the long term, but we outline 

that in the early venture process imitation, in contrast to innovation, may foster the emergence 

of a new firm and may even be the first step towards originality later on. 

Given the importance of different entrepreneurial attributes on innovativeness (Dyer et al., 

2008), we further aim to identify who at the early venture stage the imitators are, and who they 

are not. Drawing on social identity theory, we delineate the likelihood of pursuing an imitative 

rather than an innovative business idea. Social identity proved to offer valuable insights in 

answering questions such as why difference in behavior, action and performance among 

entrepreneurs exists (Bryant, 2007; Farmer et al., 2011; Fauchart & Gruber, 2011; Pollack et 

al., 2015; Powell & Baker, 2017; Tumasjan & Braun, 2012). These identities influence 

entrepreneurial decisions differently (Shepherd et al., 2015) and have recently attracted the 

attention within the entrepreneurial field (e.g., Brändle et al., 2018; Murnieks et al., 2014; 

Powell & Baker, 2014, 2017; Sieger et al., 2016; Xu, 2014). Thus, we suggest that different 

identity types influence the likelihood of pursuing an imitative vs. innovative business idea. 

Building upon a longitudinal dataset of n=180 Swiss nascent entrepreneurs, our results 

suggest that nascent entrepreneurs who imitate are more likely to achieve the successful birth 

of a firm compared to innovative entrepreneurs. Moreover, drawing on social identity theory, 
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our results indicate that Missionaries are less likely to imitate and more likely to create new, 

innovative product and services. 

This article contributes to the literature on nascent entrepreneurship (e.g., Davidsson, 2016; 

Davidsson & Gordon, 2012), entrepreneurial innovation (e.g., Audretsch et al., 2008; 

Koellinger, 2008; Shane & Venkataraman, 2000), and social identity theory (e.g., Brändle et 

al., 2018; Powell & Baker, 2014). Specifically, we extend the literature on nascent 

entrepreneurship by providing empirical evidence about the positive relationship between 

imitation and firm birth. By measuring imitation, respectively innovation ex ante, we follow 

Hyytinen et al. (2015) in their call to tackle selection and survival bias which have plagued past 

studies. We further contribute to the emerging strand of entrepreneurial innovation that suggests 

a context-dependent analysis of innovation. In the context of the nascent start-up phase, we shed 

new light on the theoretical tension outlined above and propose, based on possible liabilities of 

new firms (Stinchcombe, 1965), a positive relationship between imitation and firm birth. Thus, 

we contribute to the emerging, though not less important, research stream; that is the benefits 

that imitative business ideas may bear during the early entrepreneurial process. Lastly, we 

contribute to the growing literature on social identity theory by advancing research linking 

identity types with imitative and innovative ventures (Brändle et al., 2018; Fauchart & Gruber, 

2011; Hoang & Gimeno, 2010). We show that founder identity types, especially the Missionary 

identity, influence the likelihood of an emergence of an innovative business venture. 

The remainder of the paper is organized as follows. Section 2 outlines how imitation 

compared to innovation can increase the likelihood of firm birth. Then, we draw on social 

identity theory in order to further narrow down the profile of imitators and innovators. In section 

3, we describe the database used in this study and present the statistical procedures that are used 

to test the hypotheses. In section 4, we present our empirical results, and, in the last section, we 

discuss the implications for research and practice before concluding with limitations and 

directions for future research. 

4.3 Theoretical background and hypotheses development 

4.3.1 Innovation and imitation in the firm creation process 

The transition from merely a progressing nascent venture towards the establishment of a firm 

is considered one of the most important research topics for entrepreneurship (Davidsson, 2016). 

A crucial factor influencing this venture creation process is the business idea and with it the 
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possible innovation that may provide the entrepreneur with a competitive advantage (Cefis & 

Marsili, 2012; Dahlqvist & Wiklund, 2012; Schumpeter, 1934). However, this business idea 

does not always have to be innovative in order to drive the entrepreneurial process (Davidsson, 

2016). Various practical examples (Indiegogo vs. Kickstarter, Alando vs. Ebay) show the 

success and impact imitative businesses can have on the founder, the firm and the wider 

economy.  

Building on Koellinger (2008, p. 23), we define imitative nascent entrepreneurs “as 

individuals trying to start a business in an established population whose routines, competencies, 

and offers vary only minimally, if at all, from those of existing organizations.” In contrast to 

innovative entrepreneurs, their venture ideas only differ marginally from those of existing 

ventures (Aldrich & Martinez, 2001; Samuelsson & Davidsson, 2009) and do not reflect any 

innovativeness on a technological, market or customer level (Koellinger, 2008). The impact of 

such imitative businesses is manifold, making them an essential part of the entrepreneurship 

concept. Next to economic and employment related aspects, these businesses provide not only 

consumers with additional choices but may alter also competitive behaviors of incumbent firms, 

thus fostering further innovation (Davidsson, 2016).  

In the context of nascent entrepreneurship, we know that the process of new venture creation 

differs between innovative and imitative ventures (Koellinger, 2008; Samuelsson & Davidsson, 

2009). However, the performance effects of imitation are much less studied (Ethiraj & Zhu, 

2008) and in a nascent entrepreneurial context few attempts have been made to distinguish 

between innovative and imitative venture ideas (Dahlqvist, 2007; Samuelsson & Davidsson, 

2009). In an organizational context, the prevailing view in the empirical literature outlines a 

positive association between innovativeness and firm performance as well as venture survival 

rate (Hyytinen et al., 2015). However, recent research also indicates that innovativeness appears 

to be very much context dependent (Boyer & Blazy, 2013; Hyytinen et al., 2015; Rosenbusch 

et al., 2011) and that factors such as firm size, firm age, innovation type and cultural difference 

impact the innovation-performance relationship (Rosenbusch et al., 2011). In the context of 

micro companies, innovative firms may even face a lower survival rate compared to non-

innovative firms because of a variety of factors such as professional experience or higher 

uncertainty about the entrepreneur's perception of his survival propensity (Boyer & Blazy, 

2013). This negative effect of innovation on startups may be explained through liability of 

newness (Stinchcombe, 1965), liability of smallness (Freeman et al., 1983) or/and the risk 

attitude of an entrepreneur (Hyytinen et al., 2015). Liability of newness refers to the lower 

survival probability of a new market participant due to less experience and less legitimacy in 
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the eyes of potential financiers. Liability of smallness refers to problem of the size of the 

company and thus of not being able to attract human capital or other types of resources. 

Innovative ventures appear to follow a less linear start-up process and are in need of more efforts 

to legitimize the emerging venture (Samuelsson & Davidsson, 2009). They must contend with 

being both new and different (Amason et al., 2006) and face a customer reaction that is highly 

uncertain (Utterback, 1996). Therefore, they face harder market conditions, making the venture 

creation, especially in an early stage, more difficult. Moreover, innovativeness impacts the risk 

profile of the venture in such a way, that revenue streams are more variable and skewed in 

distribution (Scherer & Harhoff, 2000) and are frequently associated with long and uncertain 

paybacks, which may complicate the emergence of a new firm.  

These liabilities and risks are less acute for imitative business ventures. Compared to 

innovation, imitation builds on an established market with a known demand for specific 

products (Koellinger, 2008). Imitators can observe the performance of competitors and the 

behavior of the customers and can strive faster through this knowledge. Imitative entrepreneurs 

face especially in the early stage lower financial risks given the lower investment needs in 

research and development and therefore making the possible outcome less uncertain. Thus, we 

hypothesize: 

H1: Nascent entrepreneurs with an imitative approach are more likely to achieve firm birth. 

Despite the outlined positive aspects, we underline that imitation itself may indeed not be 

as simple as described. Imitation follows a different creation process (Samuelsson & Davidsson, 

2009) that may require a different set of skills. Imitative entrepreneurs face different degrees of 

financial and technological risk (Koellinger, 2008). For example, once entered the market, 

competitors may react on the imitator, influencing their respective performance. The key 

distinction we want to make here is that especially in an early stage, until the birth of a firm, 

imitative business ideas may face less risks compared to novel and innovative ideas. 

4.3.2 Social identity theory and imitation / innovation 

Besides the research on personality traits (Rauch & Frese, 2007) or social networks (e.g., Muller 

& Peres, 2018; Schott & Sedaghat, 2014), in recent years, scholars have started to focus on 

cognition theories in order to explain variations in entrepreneurial behavior and action 

(Grégoire et al., 2011; Randolph-Seng et al., 2015; Sassetti et al., 2018). Thorgren and Wincent 

(2015) found that serial entrepreneurs experience a higher level of passion for entrepreneurial 



Dissertation | Paper 2 

 

43 

activities. In a similar vein, Murnieks et al. (2014) examined the impact social identity has on 

entrepreneurial behavior, outlining the role of passion. Overall, social identity provides valuable 

insights in answering questions such as why differences in action, duration and performance 

among entrepreneurs exist (Bryant, 2007; Farmer et al., 2011; Fauchart & Gruber, 2011; Pollack 

et al., 2015; Powell & Baker, 2017; Tumasjan & Braun, 2012). To add to this stream of research, 

we relate social identity theory to the innovative or imitative approach of nascent entrepreneurs.  

Identity theory aims to explain the human “self” and behavior in terms of peoples’ identities 

(Powell & Baker, 2017). Founder identities shape the goals and strategies around which the 

firms were initially founded and play a central aspect in the behavioral process that drives 

venture creation (Cardon et al., 2009). Fauchart and Gruber (2011) proposed a categorization 

into three founder identity types: “Darwinian” (focus on the financial success), 

“Communitarian” (contribution to a community as central aspect) and “Missionary” (focus on 

understanding the firm as an agent of change). We propose that these identity types have a 

significant influence on the likelihood of following an innovative or imitative business idea. 

Consider Darwinians and the example of the Samwer brothers and their company Rocket 

Internet, a leading European incubator that builds start-ups and is often considered a copycat 

factory (Rest, 2013). This approach emphasizes a generic perspective of firm creation. In an 

published online interview (Heeg et al., 2016), Oliver Samwer, one of the co-founders, stated: 

“We are not the Einstein of the internet. But at the end of the day no one asks who invented 

something, only who is the market leader.” This quote exemplifies the fact that these 

entrepreneurs see their reference point in the competitive environment and the financial benefits 

of being market leader rather than adopting an innovative behavior. Such competitive driven 

behavior fits the Darwinian profile and as shown by the Samwer brothers and Rocket Internet, 

may increase the likelihood to start an imitative venture by identifying a well-established 

market. Furthermore, Rocket Internet and their founders, have often attracted negative publicity 

because of their harsh work environment (Hüsing, 2011). Such behavior towards employees 

may also be linked to the attitude of Darwinians, who often feel responsible only for themselves 

and experience less likely negative emotions (Sieger et al., 2016). This trait may further 

influence the attitude in feeling less guilt when it comes to imitating a competitor as long as the 

financial return is acceptable. Hence, we posit that Darwinians are less likely to invent. Instead, 

they build upon existing solutions and try to generate a profit by tweaking existing product and 

business models to common needs, thus rather implementing imitative business ideas. 

Therefore, we hypothesize: 
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H2: An entrepreneur with a Darwinian identity type is more likely to follow an imitative venture 
approach.  

Conversely, Communitarians employ their prior knowledge to solve a problem they 

identified within their community. As an example, consider Airbnb. The idea came up as the 

founders Brian Chesky and Joe Gebbia saw that for a conference in San Francisco, participants 

could not find a place to stay as all hotels were booked out. As at that time they could not afford 

the rent for their loft, they put an air mattress in their living room to start generating extra 

revenue by turning their apartment into a bed and breakfast. Building upon the problem for the 

“conference community” of finding a place to stay, as well as their own issue of basically 

“surviving” financially, they started to build an innovative platform which could offer this 

service to a wider community (McCann & Chris, 2018). The Airbnb founders reflect to a certain 

extent typical attributes of a Communitarian type. Communitarians appear to relate to 

innovation-related problem solving (von Hippel, 1994) and improve the quality of the 

community they serve and to whom they feel responsible (Fauchart & Gruber, 2011). To a large 

extent, this captures the attitude of the Airbnb founders who, besides their own financial 

dilemma, considered the community of conference attendees. As exemplified by Airbnb, 

Communitarians produce first for themselves and then realize the existence of a market, after 

demand from their community gains momentum (Fauchart & Gruber, 2011). By solving such 

problem for themselves, they primarily seek a creative way of solving a wider problem at hand. 

They may rely on existing solutions, like the concept of “bed and breakfast” in the Airbnb 

example, however, they apply them in a different context, innovate from the community 

perspective and create an entire new industry. Hence, we hypothesize:  

H3: An entrepreneur with a Communitarian identity type is less likely to follow an imitative 
venture approach.  

Missionary entrepreneurs are driven by the desire to improve the world and the well-being 

of the society as a whole (Fauchart & Gruber, 2011). The goals Missionaries want to achieve 

are of a much larger scale than the other types of entrepreneurs and they require a considerable 

amount of effort in overcoming the challenges ahead. Consider Ethan Brown, founder of 

Beyond Meat, as a possible example of this identity type. Beyond Meat produces a variety of 

protein-based food products with the goal to move away from animal meat (Beyond Meat Inc., 

n.d.). In an interview, Ethan Brown mentioned four main reasons for building the company: 

first, there is a global problem with the supply of livestock; second, there are health issues with 
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eating red and processed meat; third, there is the climate effect due to resource demand and 

fourth, there is the animal welfare issue (Park, 2019). Solving these huge problems resemble 

the attitude of a Missionary, who as outlined above considers the firm as an agent of change. 

Moreover, such visions are often linked to changes in the consumption pattern of consumers 

(Fauchart & Gruber, 2011) and thus may involve a new and innovative perspective in solving 

an identified problem or addressing a new opportunity. This reflects in our opinion well the 

way, how Beyond Meat tries to disrupt the market, enticing consumers to move away from 

animal meat. Missionaries provide solutions used for “better practices” that have an 

inspirational and highly impactful character (Fauchart & Gruber, 2011). These traits are largely 

congruent with the concept of innovation, following the aspirations towards newness from a 

customer, market and technological perspective (Koellinger, 2008). Ethan Brown tries precisely 

to innovate on all these areas with his “meatless” burger. For customers, Beyond Meat changes 

consumption patterns towards a positive future, within the market it alters the way competitors 

think about their products, and from a technological level, this entrepreneur introduces a new 

and innovative product that may improve society as a whole. Thus, we hypothesize:  

H4: An entrepreneur with a Missionary identity type is less likely to follow an imitative venture 
approach.  

4.4 Methodology 

4.4.1 Sample and data collection 

We draw on data from the Swiss Panel of Emerging Businesses (SwissPEB), a longitudinal 

study of Swiss nascent entrepreneurs which follows the research design of the Panel Study of 

Entrepreneurial Dynamics (PSED) (Reynolds, 2016). The study covers three waves of 

interviews. The wave 1 interview was conducted in 2015, wave 2 in 2016, and wave 3 in 2017. 

Nascent entrepreneurs were defined and identified as individuals who are currently actively 

trying to start a new business, which they will own or co-own and which is still in the pre-profit 

stage. In 2015, a total of 28,599 individuals in Switzerland were screened in a telephone 

interview by a professional market and social research firm. Of the 28,599 people screened, 

only 680 qualified as nascent entrepreneurs (2.4%), of which 298 participated in the first 

detailed phone interview. After twelve months, 292 of these nascent entrepreneurs were 

contacted again. 67 did not participate in the second round, leaving a sample of 225 in wave 2. 

The rate of attrition of roughly 23% in the Swiss sample is similar to previous longitudinal 
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studies of nascent entrepreneurs (e.g., Brush et al., 2008; Manolova et al., 2012). Due to missing 

values, the analysis of this paper is based on the insights from the outcome of a subsample of 

180 observations for wave 2 and 158 for wave 3. The data that support the findings of this study 

are available from the corresponding author upon reasonable request. This study uses a series 

of binary logistic regressions to analyze on the one hand the effect of imitation on firm birth 

and on the other hand the effect of different founder identities types on the likelihood of 

pursuing an imitative or innovative business idea.  

4.4.2 Common method bias 

Following Hyytinen et al. (2015) our results use an ex post measure for imitation/innovation. 

As imitativeness is measured as a binary variable (1 = imitative and 0 = innovative), our model 

defines imitation as being neither novel from a technological nor from a customer perspective, 

while there are a few or many competitors already providing the same service or product. Given 

the longitudinal design of the study, we could track the outcome of the nascent entrepreneurs 

over a period of 2 years. We additionally tested the impact of the imitative variable on the 

outcome of year two and derive at the same results (OR=2.78, p<0.05). Henceforth, we believe 

that common method bias with regards to the outcome variable firm birth is very unlikely to be 

a problem in our study, most important, because we measure our dependent and independent 

variable at different points in time.  

Looking at the relationship between imitation and the different identity types a variety of 

ex-ante steps as well as ex-post analysis were taken. First, given that in self-report survey 

research, social desirability bias is always a potential concern, strict confidentiality as well as 

the protection of the respondent anonymity was assured in order to decrease respondents' 

motivation to answer the survey in a socially desirable way (Podsakoff et al., 2003). Second, 

the question related to the constructs were embedded in a more comprehensive survey making 

it impossible for the respondent to draw any conclusions about the research goal. Third, we 

conducted a SEM (CFA) for our social identity variables (see Chapter 4.5.3) which provided 

acceptable goodness of fit statistics. 

4.5 Measures 

4.5.1 Firm birth 

We measured the birth of a firm as taking place over a period of two years by a self-reported 

categorical variable as either being at the time of the follow-up interviews still nascent 
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(“ongoing gestation”), having abandoned the venture or having achieved initial profits. 

Following the PSED design, achieving initials profits is used as proxy for firm birth (Reynolds, 

2017). In order to identify the impact on firm birth we used initial profits as the reference 

variable and followed Gartner and Liao (2012) coding it binary for 1 having achieved initial 

profits and 0 otherwise (either abandon or ongoing gestation). We measured the outcome in the 

second and third interview round, while the independent and control variables were measured 

in the first interview round. Table 5 summarizes the outcome for each wave. 

Table 5. Start-up status   
 t12 t24 

Profitable (firm birth) 27 39 

Ongoing gestation or abandoned 153 119 

4.5.2 Imitation / innovation 

The degree of imitativeness and innovativeness is based on five items that have also been used 

within the Global Entrepreneurship Monitor (Koellinger, 2008; Reynolds et al., 2005). Table 6 

details the questions and possible answers. We consider in our analysis the cases with the 

perception of few as well as many business competitors, no customer newness, low 

technological newness, no R&D focus and not being considered as a hi-tech firm as imitators. 

This conceptualization is mainly based on Koellinger (2008) with the exception of also having 

considered imitation within a market with few competitors as imitators. The variable was coded 

binary, 1 for being an imitator and 0 otherwise. In total, we categorized 42 ventures as pure 

imitators and 138 ventures as otherwise, thus being to a certain extant innovative from either a 

market, customer or technological perspective.  
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Table 6. SwissPEB survey questions on innovation and imitation 
Survey question Answer categories 

C - "Is the product or service for all, some, 

or none of your potential customers a real 

innovation?" 

C1 - All 

C2 - Some 

C3 - None 

M - "Right now, are there many, few, or 

no other businesses offering the same 

products or service to your potential 

customers?" 

M1 - Many business competitors   

M2 - Few business competitors 

M3 - No business competitors 

TY - "Were the technologies or procedures 

required for the products or services of 

your company generally available for less 

than a year, between one and five years or 

more than five years ago?" 

TY1 - Less than a year 

TY2 - From one to five years 

TY3 - More than five years 

TH - "Would you consider to be a hi-tech 

company?" 

TH1 - Yes 

TH2 - No 

TRD - "Will spending on research and 

development be a major priority for your 

company?" 

TRD1 - Yes 

TRD2 - No 

  

Imitation / innovation measurement  

Pure imitation C3, M1, M2, TY2, TY3, TH2, TRD2 

Innovation (any kind) Every other combination 

4.5.3 Social identity theory 

For each founder identity type we used three items based on the theory of Fauchart and Gruber 

(2011) and build on an early adaption of the developed items based of the paper of Sieger et al. 

(2016). To derive at the identity types the mean of the three types was calculated. The 

evaluations were captured through a Likert-type scale ranging from 1 to 5 points (where 1 = 

Strongly disagree and 5 = Strongly agree). We conducted a confirmatory factor analysis. 

Goodness of fit statistics (Hooper et al. 2008) for the constructs provide an acceptable model 

fit (RMSEA= 0.058, CFI= 0.966, TLI= 0.944, GFI=0.979). The list of items is provided in 

Table 7. 
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Table 7. Founder identity scale 

For the following questions, please reply on a scale of 1 to 5. 1 means that the 

statement does not apply at all and 5 means that it fully applies. 

Darwinian 

a) I am creating my firm in order to make money and become rich. 

b) As a firm founder, it is very important to me to operate my firm on the basis of solid 

management practices.  

c) When managing my firm, it will be very important to me to perform better than the 

competitors.  

Communitarian 

a) I am creating my firm in order to solve a special problem of a group of people that I 

strongly identify with.  

b) As a firm founder, it is very important to me to provide a product/service that is 

useful to a group of people that I strongly identify with.  

c) When managing my firm, it will be very important to me to have a strong focus on 

the group of people that I strongly identify with. 

Missionary 
a) I am creating my firm in order to play a proactive role in changing how the world 

operates. 

b) As a firm founder, it is very important to me to contribute to make the world a 

"better place". 

c) When managing my firm, it will be very important to me to focus on what the firm 

is able to achieve for society-at-large. 

4.5.4 Control variables 

Personal and market related aspects influence the imitativeness vs. innovativeness of a start-up 

(Koellinger, 2008). We controlled for a variety of variables at the individual level (gender, age, 

education, full-time or part-time employed, and previous work as well as start-up experience), 

venture (venture age, venture team, service and manufacturing industry) and market level 

(perceived competitive environment). 
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4.6 Analysis and results 

4.6.1 Descriptive statistics 

Table 8 shows the mean, standard deviation, and correlation of the variables under research. 

The correlations indicate that imitation is positively correlated to firm birth over both periods 

(t12 and t24). Moreover, there is a negative relationship between venture age and imitation which 

may indicate that the longer the gestation process, the lower the likelihood of perusing an 

imitative business idea. Looking at the identity types, there exists a significant positive 

correlation between Darwinians and the venture team as well as the gender, outlining a positive 

relationship between males and Darwinian and a positive relationship between females and 

Missionaries. Finally, there exists a significant negative correlation between Communitarians 

and Missionaries on imitativeness. Our data did not suffer from multicollinearity, as all variance 

inflation factors (VIFs) were below 3.2. This was well below the acceptable threshold of 10 

(Hair et al., 2010). 

4.6.2 Hypothesis testing 

We tested the hypotheses using a series of binary logistic regression models (Table 9). Model 

1 shows the model including the control variables only for H1. Model 2 shows the full model 

including the main effect of imitativeness on the likelihood of firm birth (relating to H1). Model 

3 shows the model including control variables only while using imitativeness as dependent 

variable. Model 4 uses the full model including the three different social identities (for testing 

H2-H4).  

The -2 log likelihood ratio as well as the Nagelkerke R2 provide an indication of how well 

the model fits the data. Imitativeness is able to increase the model fit (p<0.01) as well as the 

models’ explanatory character (Nagelkerke R2 increase of roughly 4%). The Hosmer–

Lemeshow test is a statistical test for goodness of fit for logistic regression models. It shows a 

p>0.05 in all models and thus does accurately predict the likelihood of firm birth or imitation. 

Moreover, we report the odds ratios (OR) rather than the coefficients b as they are more 

intuitively interpretable in terms of the increase/decrease in the odds of achieving firm birth or 

not and pursuing an imitative idea or not. The results are presented in Table 9. 
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Table 8. Descriptive statistics and correlations 
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Model 2 confirms hypothesis 1 that nascent entrepreneurs with an imitative strategy achieve 
firm birth with a higher likelihood compared to entrepreneurs pursuing innovative ideas (OR = 
3.06, p<0.05). The probability (3.06/(1+3.06)) indicates that imitative entrepreneurs are 75.3% 
more likely to achieve firm birth. Model 4 tested hypotheses 2, 3 and 4. We did not find a 
significant association between Darwinian (OR = 1.12; p=0.67), respectively Communitarian 
(OR = 0.75; p=0.12) on the likelihood of an imitative strategy. Hence, we could not find any 
support for H2 and H3. Even though not significant, it should be noted the OR for Darwinians 
is above one, which suggests an increased likelihood of being involved with an imitative 
business idea while for Communitarians the OR is below one, which suggests a decreased 
likelihood of being involved with an imitative business idea.  

We find support for H4 that Missionaries are less likely to pursue an imitative venture 
(OR=0.63; p<0.05). This indicates that an increase in a Missionary identity type decreases the 
odds of imitating a business by 39%. 

Finally, with regards to the H2-H4, we ran the models for each single identity type as well 
as the combination of just two identity types. The results for the Missionary and Darwinian type 
did not change, neither at the single nor at the joint level. Yet, including only the 
Communitarians, the results show a significant value (OR = 0.64; p<0.05), thus confirming to 
a certain extent H3. However, it appears that the correlation between Communitarian and 
Missionary renders this relationship insignificant in the full model. A possible explanation is 
that identity types can also occur in a mixed form (Fauchart & Gruber, 2011). Nevertheless, the 
coefficients are negative for both the Communitarians and the Missionaries in the full as well 
as the single models, indicating a relationship as proposed in H3 and H4. 
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Table 9. Results binary logistic regression 
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4.7 Discussion and conclusion 

4.7.1 Summary and discussion 

Innovation and imitation are two strategic positioning opposites, impacting the performance as 
well as the survival rate of a firm (Buddelmeyer et al., 2009; Cefis & Marsili, 2006). Even 
though innovation is an essential part for a firm and an economy to thrive, the possible positive 
effect appear to be context-dependent and may even turn negative (Boyer & Blazy, 2013; 
Hyytinen et al., 2015). Building up on this context dependency, this paper outlines that in a 
nascent phase an imitative behavior tends to increase the likelihood of firm emergence. 
Imitative ventures may be less laden with liabilities of newness and smallness. They face less 
uncertainty given the already established market and demand for their products and services, 
thereby increasing the possibility of achieving profits and firm birth. 

Our results are in line with previous studies who look at possible drawbacks of 
entrepreneurial innovation. This strand of literature identified that firms exploiting new market 
knowledge are less likely to attain substantial growth compared to firms exploiting existing 
market knowledge (Saemundsson & Dahlstrand, 2005). It adds to the evidence of an increased 
survival rate, especially at the earliest venture stage, of non-innovative young firms (Boyer & 
Blazy, 2014; Hyytinen et al., 2015). 

A second major insight of this study is a characterization of the impact of an entrepreneur’s 
social identity, more specifically a Missionary identity type, on the likelihood of innovating, 
respectively not imitating a business idea. Our results indicate that Missionaries are less likely 
to purely imitate and thus are more likely to innovate on either a customer, market or 
technological level. We explain this by the problems Missionaries try to tackle. Their urge to 
change current consumption behaviors and to “make the world a better place” (Brändle et al., 
2018, p. 19) drives them towards the exploration of innovative solutions. This motivation 
towards the implementation of new social practices (Fauchart & Gruber, 2011) does not fit an 
imitative strategy and thus possibly rather drives such entrepreneurs towards an innovative 
behavior. In a similar vein, looking at the Communitarians detached from the other two identity 
types, they rather innovate to create value for a certain community than purely 
imitate. Darwinians on the other hand appear not to relate to an imitative/innovative behavior. 
This non-finding could be possibly explained by their strong pursue of private self-interest 
(Sieger et al., 2016) that could, given different situations and venture types, either drive them 
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towards innovating or imitating. We suggest further research to empirically assesses this 
relationship. 

4.7.2 Theoretical and practical implications 

Our study makes several theoretical and practical contributions. From a theoretical point of 
view, we contribute to the emerging strand of innovation literature (Boyer & Blazy, 2013; 
Buddelmeyer et al., 2009; Hyytinen et al., 2015; Reid & Smith, 2000) that calls for a more 
context dependent analysis. We provide evidence that in a nascent phase, imitative business 
ideas are possibly more likely to lead to firm birth than the innovative ones. Our results 
contribute to this literature stream by showing how ex ante measured imitativeness influences 
the outcome of a venture over time, thus rendering the survivorship bias of ideas very small. In 
addition, while recent studies outlined the impact of innovation/imitation on the survival of a 
venture, our study examines the impact of innovation/imitation on firm birth, an essential first 
step in achieving business profitability and growth (Reynolds, 2016). Moreover, by laying the 
focus on imitation, we further take into account the importance that not only innovation but also 
imitation (Koellinger, 2008) plays within the venture creation process.  

Furthermore, we contribute to the growing strand of social identity theory within the 
entrepreneurial literature. For example, Hoang and Gimeno (2010) delineate that a founder’s 
identity influences the transition from exiting the current job into undertaking founding 
activities. Pan et al. (2019), Wry and York (2017) or York et al. (2016) outline how a ‘pro-
social identity’ as consistent with the “Missionaries” increases the engagement in social 
entrepreneurial ventures such as environmental entrepreneurship. Thus, by linking the 
Missionaries to innovative behavior, we empirically tested another attribute that further 
explains differences in entrepreneurial behavior. 

From a practical perspective our results suggest that entrepreneurs following an imitative 
strategy in an early stage may increase their likelihood of firm birth. We want to note here that 
even though an imitative strategy may appear beneficial, innovative behavior still may be in a 
later stage of the entrepreneurial endeavor valuable in order to overcome the competitive market 
forces, thus call for the benefits of innovations (Cefis & Marsili, 2005, 2006, 2012; Helmers & 
Rogers, 2010; Wagner & Cockburn, 2010). Nevertheless, our aim was to illustrate that it is 
important to consider not only the role of innovative but also imitative entrepreneurs, who can 
make a significant contribution towards economic growth. Moreover, our findings have 
implications from a wider public policy perspective. Given the public goal to support and 
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subsidize startups' innovativeness, an inclusion of social identity types could be used as an 
additional selection criterion in directing respective investments. Specifically, Missionaries 
appear to be drivers of innovation (e.g., market, consumer or technological level) and thus may 
foster desired societal change, a widespread policy goal. Finally, public support may sometimes 
be driven by the notion that innovative firms are more likely to survive and to create stable jobs 
(Hyytinen et al., 2015). Our analysis casts some doubt on this premise, indicating that, in the 
early start-up stage, innovative ventures are probably more in need of support in mastering the 
first milestone, that is the birth of the firm. 

4.7.3 Limitations and future research 

The particular strength of the data is its longitudinal character as well as the focus on 
entrepreneurs in a nascent phase. We measured imitation/innovation ex ante allowing for a 
clearer analysis of the outcome of firm birth. However, the outcome variable as well as the 
measurements used for imitation/innovation are based on the judgments of individuals. Thus, 
we believe that further research drawing on a more objective and unifying measure for either 
imitation or innovation is desirable. 

Moreover, even though we controlled for service and manufacturing industry types and 
included in our measurement variable market as well as technological facets, we are limited 
regarding differences of imitativeness and innovativeness related to further industry and venture 
characteristics. As such one can argue that a consulting firm or even a hairdresser is way faster 
in achieving firm birth compared to an agricultural venture type. Both may be considered 
imitators, however given the higher resource intensity, the former may be faster in achieving 
firm birth. Thus, further analyses of imitative approaches with firm birth as an outcome within 
different industry and venture types could be insightful. Furthermore, the sample of imitative 
entrepreneurs is relatively small compared to the innovative ones, thus a bigger sample size also 
covering a longer research period may provide additional insights. 

Finally, even though our measurements for the different social identity types show 
acceptable goodness of fit statistics, the scale is still of exploratory character. Therefore, further 
empirical analyses of the social identity based on a clear and uniform scale (cf. Sieger et al., 
2016) is eligible. Given the impact different social identity types can have on the venture 
process (Brändle et al., 2018), we believe further research would be fruitful in order to nurture 
a better understanding of the entrepreneurial behavior and action.  
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5. Predicting the venture gestation outcome with machine 
learning methods and artificial neural networks  

5.1 Abstract 

In light that most ventures do not get past the earliest stage of the firm creation process within 
the first six years, the related costs for all involved parties are enormous. This study explores a 
diverse set of machine learning methods, as well as the applicability of neural networks to 
forecast the likelihood of firm birth as well as firm abandonment after five years in a sequential 
order. The aim of this study is to provide at the early stage of the venture creation process, 
where uncertainty prevails, a decision support system that allows involved parties such as 
investors, advisors and support programs to identify entrepreneurs who are successful in 
achieving firm birth and less likely to abandon the venture. Thus, the proposed systems allow 
for optimization of resource allocation in start-ups. In doing so, this study further compares the 
predictability of artificial neural networks with other approaches such as logistic regression, k-
nearest neighbors, decision tree, random forest, XGBoost and support vector machines. The 
results show that for the applied dataset neural networks can provide a comparable performance 
in predicting the likelihood of firm birth and firm abandonment. 

5.2 Introduction 

Launching a new business venture requires a lot of time and effort. According to one estimate, 
the amount of money invested by angel investors into start-ups in the US equaled more than 
$26 billion in 2018 (WBAF, 2020) and the time entrepreneurs devote to starting new firms 
amounted to around 2.7 percent of total paid work in 2005 (Reynolds & Curtin, 2007). The 
related sunk costs for the stakeholders in start-ups and for the economy appear to be 
correspondingly high considering that within the first six years of a new business creation the 
majority of entrepreneurs give up their business idea (Reynolds & Curtin, 2009). Business 
angels, venture capitalists and incubator managers continuously face the decision to put extra 
time, money and effort into entrepreneurs and their fledgling business ventures, but how do 
they know whether entrepreneurs are likely to launch a profitable business venture, abandon 
their business project, or possibly spent years pottering about a business idea that will never 
come true?  

A possible misallocation of resources does not only impact the direct loss of the related 
party but also the loss of opportunity of further supporting ventures who for example directly 
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contribute via job creation to economic growth. As agency theory and resulting information 
asymmetry suggest, stakeholders in entrepreneurship face particularly informational risk and 
should be cautious about how they allocate their resources (Epure & Guasch, 2020). As they 
operate at an early stage of the entrepreneurial process, they have to deal with uncertainty (L. 
Huang & Pearce, 2015) and where a prediction could possibly support and optimize the resource 
allocation process. Thus, predicting the likelihood of firm birth and firm abandonment of a 
nascent entrepreneur, the person undertaking activities to create a business, during different 
times of the gestation – conception to birth – process (Reynolds & Miller, 1992) benefits a 
variety of involved parties, including investors, advisors as well as private and public support 
programs. 

Albeit such relevance, predicting at the earliest stage of the entrepreneurial journey the 
outcome of a venture is an extremely complex topic given the missing financial information 
and the breath of influencing factors on a market, industry, venture and individual (e.g., 
cognitive and motivational) level. Over and above, the entrepreneurial journey itself is a 
complex and dynamic process (Lichtenstein et al., 2007) which evolves over time, while 
peaking at a first stage (Reynolds, 2017) in one of three possible outcomes, that is firm birth, 
firm abandonment and ongoing gestation. Given the relationship of a variety of factors between 
the birth of a firm, the persistence to stick with the venture (termed in this paper as ongoing 
gestation) or to abandon the firm, an overall understanding of the influencing parameters is 
essential. 

Taking into account these aspects, this paper provides in the context of the gestation process 
an overview of empirically up-to-date identified influence factors and tries to predict the 
likelihood that a nascent entrepreneur achieves firm birth or abandons the venture. Such 
prediction can support and guide the decision-making process as well as reduce future arising 
costs for the involved parties during various stages of the gestation phase. Thus, the main 
contributions of this work are: 

• Summarize and provide an overview of key success and failure factors within the 
gestation process based on recent empirical results related to the venture outcome; 

• provide a decision support system via predicting the likelihood of firm birth and firm 
abandonment after a period of 5 years, while taking into account a diverse number of 
variables measured in a yearly sequential order. In the literature, the proposed existing 
models dealing with this prediction problem usually either account for one period, only 
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include a limited number of factors that influence the profitability of a venture or are 
mainly applied on established businesses; 

• evaluate the performance of artificial neural networks to predict the likelihood of firm 
birth and firm abandonment and compare artificial neural networks to statistical models 
such as the logistic regression (LR) and five other data mining techniques (KNN, DT, RF, 
XGBoost, SVM) to evaluate the performance of more advanced methods in an 
entrepreneurial context; 

• evaluate the feature importance of the firm birth and firm abandonment prediction models 
over the different sequences. 

The remainder of the paper is organized as follows. The next session provides a review of 
i) previously identified success and failure factors; ii) used data analysis techniques for 
predicting the venture outcome. Section 2 describes the dataset, applied methodologies with the 
conceptual framework and the evaluation methods. Section 3 presents and discusses the results, 
while the last sections 4 and 5 outline the implications as well as limitations for research and 
practice before concluding with directions for future research. 

5.3 Related work 

5.3.1 Meta-analysis of the empirical literature on factors influencing the venture 
outcome during the gestation phase 

What factors exist and can be used to predict the venture outcome? This is one of the key 
questions that entrepreneurial research tries to solve (Davidsson & Honig, 2003; Pompe & 
Bilderbeek, 2005; van Gelderen et al., 2005; Westhead et al., 2001). Given that in the early 
stage of the start-up process financial information and ratios are scarce and are, in light of the 
focus on the individual level, not well suited to predict the venture outcome, the entrepreneurial 
literature focused rather on non-financial elements within the early stage of the gestation 
process (Chrisman, 1999; Reynolds, 2016). In light of the venture outcome, firm birth, ongoing 
gestation and firm abandonment share directly or inversely a lot of common traits. Thus, in 
order to derive at a firm birth and firm abandonment prediction model, it is important to 
understand the factors that possibly influence corresponding outcomes.  

The empirical research within the gestation phase largely focused on the US Panel Study of 
Entrepreneurial Dynamics (US PSED I and II) and related studies such as the Comprehensive 
Australian Study of Entrepreneurial Emergence (CAUSEE 2007–2013), the Swedish Panel 
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Study of Entrepreneurial Dynamics, the Norwegian PSED study and the Chinese Panel Study 
of Entrepreneurial Dynamics. As representative surveys of entrepreneurial activities, these 
studies portray individuals during their business creation process over 72 months.  

The studies that build upon these surveys analyzed a variety of elements such as human and 
social capital, types (e.g., business planning, marketing activities etc.) as well as occurrence and 
sequence of gestation activities that impact the likelihood of firm birth and firm abandonment. 
Table 11 in the Appendix provides an overview of articles published in peer reviewed journals 
that deal in one way or another with the gestation phase, one of its three outcome variables and 
uses among others one of the in the previous paragraph described datasets (as at 08.10.2019). 
Even though the results regarding the factors that impact the venture outcome are not yet 
completely conclusive, following aspects can be summarized. 

The type as well as the amount of gestation activities appear to impact the venture outcome 
(Newbert, 2005; Tornikoski & Newbert, 2007; Tornikoski & Puhakka, 2009). Next to specific 
activity types, three factors (time, rate and concentration) have been studied that look at the 
dynamics of the gestation process (Lichtenstein et al., 2007). On the one hand, results show that 
the timing, quantified whether the bulk of the organizing activities is accomplished earlier or 
later during the start-up process, has a positive impact on firm emergence. On the other hand, 
the rate, defined as the total number of start-up activities undertaken by the particular nascent 
entrepreneur divided by the duration of the gestation process of the new business, as well as the 
concentration, quantified as how closely entrepreneurial activities are undertaken in relationship 
to other start-up activities, on firm emergence remains inconclusive (Hopp & Sonderegger, 
2015; Lichtenstein et al., 2007) and thus are possibly in need of further research. 

Next to the previously described three complexity dynamics, this paper proposes that the 
effort the nascent entrepreneur puts into the venture can further indicate the likelihood of firm 
birth and firm abandonment. This hypothesis originates, among others, from the educational 
sciences, where the notion of the positive effect of study effort on college success is supported 
by decades of research (Pu et al., 2020). Transferring the effort effect into an entrepreneurial 
context, it is proposed that effort can play a crucial role in predicting the likelihood of firm birth 
and firm abandonment. 

Moreover, results regarding the impact of specific activities (e.g., business planning) are 
inconsistent (Chwolka & Raith, 2012; Daft & Weick, 1984; Delmar & Shane, 2003; Honig & 
Karlsson, 2004; Honig & Samuelsson, 2012; Liao & Gartner, 2007) and even though some level 
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of activity is needed, apparently, no particular gestation activities are necessary to achieve firm 
birth (Arenius et al., 2017; Shim & Davidsson, 2018).  

Taking a closer look at single start-up activities, business planning and funding have been 
closely related to the likelihood of firm birth. Despite the inconclusive empirical evidence 
(Davidsson, 2015; Delmar, 2015; Delmar & Shane, 2003; Honig & Samuelsson, 2012, 2014) 
business planning appears to play, if not directly, a role in relation to the venture outcome 
(Honig & Karlsson, 2004; Liao & Gartner, 2006, 2007) 

When it comes to start-up capital (van Gelderen et al., 2005) and funding, external equity 
as well as the development of the percentage of ownership shares (Hechavarria et al., 2012) 
influence the firm outcome. For example, it appears that financial capital significantly decreases 
the odds of discontinuance (Liao et al., 2009). Furthermore, networks and activities that connect 
the nascent entrepreneur with others appear to positively impact firm birth (Diochon et al., 
2005a; Newbert et al., 2013; Newbert & Tornikoski, 2012).  

Personal backgrounds (e.g., socio-demographic, work, and career backgrounds) appear not 
to have an impact on firm emergence (Diochon et al., 2005a). However, they may impact 
another firm outcome that is entrepreneurial persistence (Freeland & Keister, 2016). 
Furthermore, individual aspects such as opportunity confidence, industry experience (Dimov, 
2010; Hopp, 2012), wealth levels (Frid et al., 2016), age (Liao et al., 2009), household income 
(Nuñez, 2015a), personal investments (Frid et al., 2015), entrepreneurial experience (Rotefoss 
& Kolvereid, 2005; van Gelderen et al., 2005) and intentions affect the conducted start-up 
activities and the respective progress (Hopp & Sonderegger, 2015). Thus influencing the firm 
outcome, such as by staving off firm abandonment (Delmar & Shane, 2004). Moreover, 
motivational antecedents such as self-efficacy appear to influence the firm outcome, especially 
firm abandonment (Hechavarria et al., 2012; Khan et al., 2014) 

With regards to the team, initial team size (Chandler et al., 2005), team resource 
heterogeneity (Muñoz-Bullon et al., 2015) as well as balanced founding team experience 
(Delmar & Shane, 2006; Thiess et al., 2016) especially with regards to the long term impact 
(Steffens et al., 2012) positively influence the firm outcome (Nuñez, 2015b). In the context of 
homogenous teams, also with regards to homogenous start-up experience, there exists a 
negative relationship towards firm performance in the long term (Steffens et al., 2012). Even 
though certain controversial results subsist (Tornikoski, 2008) a possible impact of the team on 
the venture outcome thus may exist. 
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Additionally, the industry in which the venture acts appears to have an impact on the firm 
outcome. For example, ventures within the service or manufacturing industry (Steffens et al., 
2012; van Gelderen et al., 2005) are likely to outperform ventures started in other industries in 
terms of being operational or profitable (Steffens et al., 2012).  

Finally, the entrepreneurial journey is also influenced by macro-economic factors. Crises 
appear to have a corresponding impact on the activity as well as the performance, for example 
through a drastic drop in demand for goods and services (Giotopoulos et al., 2017; Vegetti & 
Adăscăliţei, 2017). 

5.3.2 Literature review of empirical entrepreneurial success and failure prediction 
models 

Predicting the success or failure of a start-up is nothing new. However, even though prediction 
models in the context of entrepreneurship exist and certain factors appear to allow for a 
prediction of firm success and failure across different countries (Baidoun et al., 2018; Cooper 
et al., 1991; Hyder & Lussier, 2016; Lussier, 1995; Lussier & Halabi, 2010; Marom & Lussier, 
2014; Reynolds, 1987), these models show a variety of limitations. First, they relate to the later 
stage of the start-up process, that is the phase from firm birth to becoming an operating business 
(Reynolds, 2017), and not on the gestation phase, the topic under research within this paper. 
These studies build up on a firms level with a questionnaire sent out to owners of already 
established as well as liquidated, Chapter 11 companies (Lussier, 1995)2. In that context, 
different variables (see Chapter 5.3.1) may play a role in the gestation phase compared to either 
an already liquidated or successfully operating company.  

Second, most of these studies use data collected at a single point in time with no information 
included about the time, duration and event development since the businesses became 
operational. As the venture process is considered to be a dynamic process (Packard et al., 2017) 
the application of a longitudinal dataset, as used within this study, better allows to grasp impact 
factors that affect the likelihood of firm birth and firm abandonment. As such, it could be that 
based on current success and failure models (e.g., Lussier & Halabi, 2010) a company is deemed 
successful in one year whereas after 3 years that company may have had to apply for chapter 
11, thus impacting the originally identified success factor.  

   
2 Note that this model (Lussier, 1995) describes success that “the business must make at least industry-average profits. A 
young firm is defined as being between 0 to 10 years old. (p. 9)” Moreover, failure is defined as “being involved in court 
proceedings or voluntary action which result in loss to creditors (p. 9)”, as such delineating rather an already emerged 
firm. 
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Third, around half of the used variables of the above-mentioned prediction models are based 
on subjective measures and given the ex-post analysis of the business owners, their answers - 
considering for the possibility of a hindsight bias - could turn out different, thus altering 
corresponding results. Moreover, as outlined in the literature review, despite the impact of a 
variety of other factors, only a few prediction models (e.g., Baidoun et al., 2018) include control 
variables to account for the impact of the venture age or industry differences.  

Finally, regarding the methodology, the most common method used in the entrepreneurial 
literature to predict respective firm outcome in the context of an operating business (e.g., 
Baidoun et al., 2018; Lussier, 1995) as well as the nascent entrepreneurial gestation literature 
(see Table 11 in the Appendix) are logistic regression models. Despite the popularity of such 
statistical methods, with recent development in technology, researchers in various fields have 
started to use machine learning techniques to predict firm performance (J. Chen et al., 2012; 
Galbraith et al., 2007; Lee et al., 2017; Loureiro et al., 2018; Moro et al., 2014; Ribeiro & Lopes, 
2011). Even though the predictive power, especially with classification systems, seems to relate 
to the data characteristics (Kiang, 2003), such recent technological models appear to outperform 
classical models (e.g., logistic or linear regression models) in different ways. Various scholars 
provide for example evidence of a higher prediction accuracy (Alharthi, 2019; Loureiro et al., 
2018; Moro et al., 2014; Ravisankar et al., 2011; Sadat-Hashemi et al., 2005; Williams, 2017) 
as well as outline the benefit of recognizing the appearance of non-linearity and interactions in 
input data (Gerasimovic & Bugaric, 2018).  

More recently, new technologies, namely artificial and deep neural networks, have provided 
even higher levels of prediction accuracy (Lecun et al., 2015) and thus have been successfully 
applied in various contexts such as speech recognition (Dahl et al., 2012), image classification 
(Chaudhuri & Bose, 2020; Hu et al., 2018) as well as demand (W. Huang et al., 2014), fraud 
(Bian et al., 2018), sales (Loureiro et al., 2018) and performance forecasting (Lee et al., 2017). 
Despite these benefits, studies that involve artificial neural networks within an entrepreneurial 
context are incipient (Chuang & Chao, 2013; Kim et al., 2020).  

To foster our knowledge in the field of entrepreneurship, this study combines recent insights 
of early stage venture outcome factors and applies a diverse set of machine learning methods 
and specifically, artificial neural networks to forecast the likelihood of firm birth and firm 
abandonment in the gestation process. Henceforth, this work intends to contribute to the 
entrepreneurial literature by evaluating the efficiency of machine learning techniques and 
artificial neural networks to predict the likelihood of firm birth and firm abandonment on the 
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venture process. Moreover, considering simultaneously aspects of different natures, namely: 
start-up activities and their evolvement over time, firm specific attributes such as industry types, 
technological level etc. and founder attributes such as motivation and human capital. 

5.4 Data and methodology 

This section outlines the dataset as well as the methodology and variables used to predict the 
venture outcome. Furthermore, this section provides a brief description of the applied models. 

5.4.1 Dataset and variables 

This study draws on a dataset of five longitudinal studies of four different countries: the US 
Panel Study of Entrepreneurial Dynamics (US PSED I with data from 1998-2004, N= 779; US 
PSED II with data from 2005-2008, N = 1071), the Swedish Panel Study of Entrepreneurial 
Dynamics (1998–2000, N = 577), the Comprehensive Australian Study of Entrepreneurial 
Emergence (CAUSEE study conducted in 2007–2013, N = 605) and the Chinese Panel Study 
of Entrepreneurial Dynamics (N = 505). These datasets have been harmonized into one dataset 
(Reynolds et al., 2016b), consisting of 3,537 active nascent entrepreneurs (for more details see 
Reynolds et al., 2016a). After data cleansing, the final dataset consisted of n= 1,452 cases that 
have been tracked over a period of 72 months. Characteristics of the venture, the nascent 
entrepreneurs and the conducted start-up activities were tracked. This paper looks at a period 
of 60 months for two reasons. First, this period appears to be especially crucial since half of 
start-ups discontinue their operation in their first five years of existence (SBA, 2012). Second, 
in the 72-month period a lot of missing cases exist, thus, using 60 months allows for the 
inclusion of more cases. The definition of the venture outcome (firm birth, firm abandonment 
and ongoing gestation) builds upon the PSED. Firm birth is defined as the presence of monthly 
profits that cover expenses and owner salaries, firm abandonment is defined based on having 
quit or stopped working on the start-up venture, and ongoing gestation relates to the 
entrepreneurs who are still in the process and have neither become a profitable new firm nor 
quit the venture (Reynolds et al., 2016a). 

The definition of being considered as a nascent entrepreneur, thus being defined as entry 
point, is based on a variety of aspects, such as the amount of conducted start-up activities within 
a 12-month period (for more information see Reynolds et al., 2016a). Based on this entry point 
date, the nascent entrepreneurs provided a variety of information such as the outcome of the 
venture (i.e., firm birth, firm abandonment and ongoing gestation) in a three-month interval, 
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after different time periods. A summary of the development of the venture outcomes is 
graphically represented in figure 8. 

 
Figure 8. Outcome status by month  

 
 

Besides the two dependent variables firm birth and firm abandonment, a variety of other 
variables were measured which are summarized in Table 10. The dataset consists of numerical 
(i.e., team size, rate, concentration, timing and effort of the conducted start-up activities) as well 
as categorical (e.g., education, motivation etc.) variables. The measured start-up activities (e.g., 
writing a business plan) are coded binary (0=not conducted; 1=conducted). Moreover, this 
research looks also at firm abandonment and given that the research period of a part of the data 
covers a pre- as well as a post-dotcom and financial crises sequence (i.e., PSED I from 1998-
2004; CAUSEE started from 2007-2013), a binary variable for such crises years is included. 
Pre-crises covers a period of three years prior to the outbreak date (this date and threshold is 
defined by various events such as the Lehman Brothers collapse, bailout programs etc.) and a 
two year crises period after the outbreak date (Giotopoulos et al., 2017). For example, for the 
financial crises this non-crisis period included the years 2005–2008, while the crisis period 
covers the years 2009–2011. For the dotcom crises the years 1998-1999 are considered non-
crises years, while 2000-2002 are considered as crises years. 
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Table 10. List of predictor variables 

Variables Type of variable Type of variable 

Gender PC Categorical 
Age PC Categorical 
Education PC Categorical 
Born in the country PC Categorical 
Start-up experience PC Categorical 
Industry experience PC Categorical 
Management experience PC Categorical 
Motivation to start a business ME Categorical 
Growth preference ME Categorical 
Team size VC Numerical 
Ownership (minority, equal, majority) VC Categorical 
Industry type (manufacturing, 
professional services, information 
technology, construction, transportation 
and agriculture)  

VC Categorical 

Hi-tech venture VC Categorical 
Availability of technology 5 years ago VC Categorical 
R&D focus of the venture VC Categorical 
A phone listing for the business 
acquired 

SA Categorical 

Outside funding from institutions or 
external people received 

SA Categorical 

Financial institutions or other people 
asked for funding 

SA Categorical 

Credit from suppliers established SA Categorical 
Own money has been invested into the 
business 

SA Categorical 

Patent, trademark or copyright applied SA Categorical 
Employees or managers hired SA Categorical 
Major items, equipment, facilities or 
property purchased, leased or rented 

SA Categorical 

Material, supplies, inventory purchased SA Categorical 
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New firm registered SA Categorical 
Devoted full time to business SA Categorical 
Marketing or promotion activities 
started 

SA Categorical 

Effort made to define the market 
opportunity 

SA Categorical 

Startup team organized SA Categorical 
Financial projections prepared SA Categorical 
A business plan prepared SA Categorical 
Worked on a model or prototype for 
delivery of the product or service 

SA Categorical 

Reporting first sales SA Categorical 
Sum of conducted activities for each 
period (t1-t4) 

SA Numerical 

Rate CM Numerical 
Concentration CM Numerical 
Timing CM Numerical 
Effort CM Numerical 
Crises MA Categorical 
Notes. PC = personal characteristics, ME = motivational elements, VC = venture related 
characteristics, SA = start-up activities, CM = complexity measure, MA = market related measure   
Finally, to complement the short summary of each variable presented in Table 10, the 

following four variables are further explained: rate, concentration, timing, and effort. 
Subsequent elaboration of the rate, concentration and the timing follows previous research 
(Hopp & Sonderegger, 2015; Lichtenstein et al., 2007), while the calculation of the effort is 
new and builds upon the hypothesized relationship outlined in Chapter 5.3.1. 

Rate is defined as “the total number of start-up activities undertaken by the nascent 
entrepreneur divided by the duration of the gestation process of the new business” (Hopp & 
Sonderegger, 2015, p. 1084). An example would be, if the nascent entrepreneur has conducted 
in the following months (1, 3, 6, 6, 12) organizing activities. This sequence would equal five 
activities conducted within a time span of 12 months, resulting in a rate of 0.42 and reflecting 
the average pace of organizing activities across the gestation process.  
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Concentration reflects “how closely entrepreneurial activities are undertaken in relation to 
other start-up activities” (Hopp & Sonderegger, 2015, p. 1085). It is operationalized in terms of 
the variance of monthly activity times. High values reflect a high dispersion of organized 
activities whereas low values indicate that more of the start-up activities are bunched together 
(e.g., variance of zero if all activities are conducted in one month). For example, cases with the 
event histories of {1, 1, 1, 1} and {1, 3, 6, 6} have a concentration of 0 and 6 respectively. 

Timing indicates “whether the bulk of start-up activities is accomplished earlier or later 
during the start-up process” (Hopp & Sonderegger, 2015, p. 1085). It is measured by taking the 
average event time divided by the duration of the gestation process. For example, the average 
event time related to the start-up activities {1, 3, 3, 6, 12, 12} with a duration of 12 months is 
6.12. This figure is divided by the duration of 12 months, resulting in a timing of 0.51. Values 
close to one indicate that start-up activities occurred rather at the end of the gestation process 
whereas values close to 0 mean that organizing activities rather occurred in the first month of 
the gestation process. 

Effort describes the development of the start-up activities over the period. It is calculated 
by first looking at the difference between the total amount of conducted activities of two 
different periods. For example, if the entrepreneur conducted 2 activities at t1, which is the 
minimum number of activities to be considered nascent, and 5 activities twelve months later at 
t2, the effort invested over this period is calculated by subtracting (t2 -t1) the amount of activities 
divided by the duration, that is 12 months. The higher the value, the higher the effort in the time 
period. 

5.4.2 General analytical approach 

The goal of this paper is to predict, based on independent variables after 12, 24, 36 and 48 
months (t1-t4), the likelihood of firm birth and firm abandonment after 60 months, while aiming 
to use different data mining techniques and explore the potential of artificial neural networks in 
the context of a smaller dataset. Building upon previous research (Delmar & Shane, 2004; 
Gartner & Liao, 2012) the dependent variable was coded for the analysis on firm birth as 1=firm 
birth and 0=otherwise, while for firm abandonment the coding was 1=firm abandonment and 
0=otherwise. Data of different levels (see Table 12) of the gestation process are employed as 
independent variables to predict the respective venture outcome. The independent variables are 
measured in a yearly period. For example, in order to predict the outcome after 60 months, the 
recorded independent variables after 12, 24, 36 and 48 months are tested.  
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Overall, the methodological process includes three steps: first data preprocessing, second 
an optimization step, third an evaluation step. The optimization phase included selecting the 
optimal set of independent variables as well as conducting hyperparameter tuning for each 
applied technique using either a grid search (GridSearchCV) or a random search 
(RandomSearchCV) approach with k-fold cross-validation (k=10). Both approaches are 
common techniques to optimize the models hyperparameters and to derive at an optimized 
model (Bergstra & Bengio, 2012; Ching et al., 2018; Vo et al., 2019). The choice of the 
approach related to the needed computational power (i.c. random search for k-nearest 
neighbors, decision tree, random forest, XGBoost, SVM, ANN and grid search for the logistic 
regression). The final and third step included the testing process with the model comparison. 
The methodology followed in this study is outlined in Figure 9 and is presented in the next 
paragraphs. 
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Figure 9. Schematic outline of the analytical approach  

 

After the data preprocessing, the initial step was to split the data into a training, validation, 
and testing datasets. Training and validation included 75% of the observation (n=1,089) while 
25% of the dataset are used as a test and hold-out set (n=363) to validate the performance of the 
models. Given the imbalanced dataset (see figure 8), the data split included stratification based 
on the outcome variable.  

To further optimize the models, different variable combinations are tested which lead to 
better performing models. This feature selection procedure was done by applying eight different 
techniques, including pearson correlation coefficient, chi-2, random forest, decision tree, 
XGBoost and recursive feature elimination (RFE) using three different classifiers (logistic 
regression, k-nearest neighbors, support vector machine). RFE can shortly be described as 
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follows: it starts with the full training dataset and selects features by recursively considering 
smaller and smaller sets of features. Based on these results, the feature identified the most within 
each approach is chosen for training and validating the model.  

A feature was considered important if it was selected in seven out of the nine applied 
techniques. As one of the goals in this study is to analyze the differences in feature importance 
between the single sequences (t1-t4), this procedure was repeated four times for each set of 
independent variables.  

After this feature selection, the train and validation procedure builds on a k-fold cross-
validation step (k=10) to calculate the highest F1-score for each model and sequence. This 
cross-validation procedure ensures that any sampling biases can be eliminated from the training 
process (Topuz et al., 2018). To provide reassurance that the selected features improve the 
model performance, a comparison of the mean values from each k-fold of the full as well as the 
feature selected model was conducted. 

Moreover, as already outlined, the dataset consists of fewer firm birth and firm 
abandonment cases. From a decision maker perspective, the aim is to identify entrepreneurs 
who are likely to either achieve firm birth or abandon the venture. Hence, the minority classes 
of firm birth and firm abandonment need to be accurate. Thus, during the training process of 
the models, various class balancing techniques were applied in order to put more weight on the 
firm birth and abandonment predictions. Different over- and under- sampling techniques exist 
and their effect on the model performance varies (Burnaev et al., 2015). In the literature, next 
to classical random over-sampling and random under-sampling, synthetic minority 
oversampling technique (SMOTE) or its extension, the adaptive synthetic sampling 
(ADASYN), are popular oversampling methods (Blagus & Lusa, 2013) that performed well in 
various other areas (Han et al., 2005). Next to these techniques, this study further tested other, 
though less applied, sampling approaches such as the Neighborhood Cleaning Rule (Laurikkala, 
2002) and the Edited Nearest Neighbour (Raniszewski, 2010). Depending on the model, the 
technique that increased the F1-score and provided reasonable metrics for the area under the 
receiver operating curve (ROC AUC) and accuracy, while keeping the recall or precision 
metrics on a relative acceptable level, was applied. Recall refers to the percentage of total 
relevant results correctly classified by the applied model, while precision provides information 
about the fraction of correctly classified cases out of all the positive classified cases. The F1-
score is then defined as the harmonic mean of precision and recall. The ROC AUC shows the 
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performance of the model and can take a maximum value of one. The closer the value to one, 
the better the model. 

The over- and under-sampling procedure was performed inside the cross-validation loop 
for each k-fold. This procedure was applied after the feature selection (Blagus & Lusa, 2013). 
In the last step and as outlined above, a k-fold cross-validation (k=10) with either random search 
(using thirty iterations) or grid search was applied for tuning the hyperparameters.  

In order to evaluate the models, three widely used evaluation categories were applied 
(Topuz et al., 2018; Veganzones & Séverin, 2018): (i) accuracy for the probability of correct 
classifications, (ii) precision as well as recall while using a confusion matrix for  recognizing 
the nascent entrepreneur of a certain group (i.e., firm birth or firm abandonment), and (iii) ROC 
AUC and F1-score for evaluating the overall performance. These measures are calculated for 
each k-fold (k=10), averaged and evaluated for each of the data mining techniques and 
sequences to obtain an overall estimate of the performance measures for the learning algorithms. 
Finally, all the trained models were evaluated on the hold-out, test dataset. 

5.5 Classification methods 

This paper tackles a typical classification problem using an imbalanced dataset. A variety of 
classification methods exist and accordingly, besides classical statistical methods such as 
logistic regression, six data mining techniques (k-nearest neighbors, decision trees, random 
forest, XGBoost, support vector machine, artificial neural network) are applied to predict the 
likelihood of firm birth and firm abandonment. In the following, these methods are shortly 
described.  

5.5.1 K-nearest neighbors algorithm 

Popular in pattern recognition and to solve classification problems, the KNN algorithm is 
considered as an efficient and a relative simple low-computation complexity method (Wang et 
al., 2013). The algorithm is based on the concept that data points of the same class should be 
closer in the feature space. The distance can be defined via the number of samples closest in 
distance to the new, prediction point (k-nearest neighbor learning). Due to its simplicity and 
effectiveness, this algorithm has been applied in variety of settings and provided good results 
(J. Li & Wang, 2015). 

Using RandomSearchCV, configuration included the number of neighbors ranging from 
2-70 in steps of two, four different algorithm types (auto, ball tree, k-d tree and brute force), 
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leaf size in steps of 5 ranging from 10-40, as well as weights (uniform or distance) and a 
power parameter (1 or 2). 

5.5.2 Decision tree 

Decision trees are a powerful and efficient non-parametric method for classifications. Decision 
trees consist of nodes where attributes are tested and where greedy search methods, which 
involve growing and pruning decision tree structures, are typically employed to explore the 
exponential space of possible models (Mehmed, 2011). Even though the performance of 
decision tree models appears to be lower compared to other methods, decision trees are, among 
other reasons, popular because of their ease of use and interpretability. This study applies the 
CART (classification and regression trees) algorithm in Python which is similar to the C4.5 
algorithm that has been applied in other studies as well (L. Li et al., 2014). 

Nodes, split leaf, depth and features of the tree were tuned. For the depth, values ranging 
from 2 to 30 are tuned, while the values for the split and leaf ranged from 1-20 in steps of 1. 

5.5.3 Random forest 

This technique consists of an ensemble of decision trees and allows for the ability to overcome 
certain weaknesses of simple decision trees, such as high sensitivity to small variations in data 
(Loureiro et al., 2018). Each tree is grown by using a random subset of the input variables and 
at each split a random sample of predictors is examined. The tree is then allowed to grow fully. 
Thus, no pruning techniques are required. Random forest models have proven to provide good 
performance (Veganzones & Séverin, 2018). 

The number of trees to grow are tested for the values 10, 50, 100, 150, 200, 250, 500, 1000, 
1500, 2000. Values of depth ranged from 2-50 in steps of 2, while the splits ranged from 10-
200 in steps of 25. 

5.5.4 XGBoost 

Standing for extreme gradient boosting framework, this technique builds on previous ideas in 
gradient boosting (Friedman, 2001). Simplified, while boosting refers to modifying weak 
learners (e.g., decision trees) to strong learners, the objective of gradient boosting is to minimize 
weaknesses based on a gradient decent approach. XGBoost is an improved and more efficient 
model that introduces a regularized model formalization, thus reducing overfitting and 
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increasing the predictive performance. Among others, XGBoost has for example been applied 
to anticipate failure or success of banks (Climent et al., 2019). 

A variety of parameters are tuned. A “gbtree” booster is applied and the parameter tuned to 
include the number of trees (500, 1000), depth (3,5,7,9), the learning rate (0.01,0.1,0.2,0.3), 
gamma (0-0.4) and subsampling with values ranging from 0.5 to 0.9 with steps of 0.1. 

5.5.5 Support vector machine 

Support Vector Machine (SVM) is a traditional machine learning technique (Kraus & 
Feuerriegel, 2017) that has been widely applied in different research fields - including the 
entrepreneurship literature (Blanco-Oliver et al., 2014; Tu et al., 2019; Zekić-Sušac et al., 2015) 
- to predict a variety of outcomes such as credit rating (Z. Huang et al., 2004), time series (Lu 
et al., 2009), fraud detection (Ravisankar et al., 2011) as well as financial distress (Blanco-
Oliver et al., 2014). Support vector machines can also be used for smaller sample sizes, provided 
good predictive results (Tu et al., 2019) and appear to outperform other classical statistical 
models (Chaudhuri & Bose, 2020), thus building an essential model for comparison reason. For 
more details towards the SVM algorithm see Mehmed (2011). 

Using RandomSearchCV, the influence of two different kernel types (linear, rbf) as well as 
the cost and gamma parameters required for each kernel were studied. For the parameter cost, 
values ranging from 0.1-2 with a step of 0.1 were considered, for gamma next to auto and scale, 
the boundary test values ranged from 0.5-5 with steps of 0.5. 

5.5.6 Artificial neural networks 

Artificial Neural Networks (ANN) are an abstract computational model of the human brain. 
ANN consists of a massive parallel distributed processor, made up of simple processing units 
(neurons) that are connected with each other and where the ability to learn experiential 
knowledge is expressed through the interunit connection strength (Mehmed, 2011). In other 
words, the neuros in these networks are organized in layers where the neurons receive first an 
input and then provide as an output a nonlinear weighted sum to the next connected layer. This 
weighted connection can be described as the learning process of the model to understand the 
relationships between variables. A simple ANN consists of an input, a hidden as well as an 
output layer with a corresponding activation function. In this study, a multilayer perceptron 
(MLP) model with two hidden layers was applied using backpropagation learning methods. 
Backpropagation refers to the train and learning process of a neural network and is currently 
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one of the most widely used neural network algorithms (Z. Huang et al., 2004; LeCun et al., 
2015; Lee et al., 2017). In general, ANN have been previously applied in similar contexts such 
as bankruptcy prediction models (Veganzones & Séverin, 2018) and offer several useful 
properties and capabilities such as nonlinearity, learning from examples, adaptivity and fault 
tolerance (Mehmed, 2011).  

For the MLP model, the configuration of the parameters was based on a random search k-
fold (k=10) approach. Configuration included, the number of hidden neurons ranging between 
25 and 200 with a step of 25 for each hidden layer, different activation functions (relu, tanh, 
sigmoid, hard sigmoid, swish), different solvers (sgd, adam, nadam, adagrad, adadelta, rmsprop 
and lfbgs), iterations ranging from 25-300 with steps of 25, batch sizes ranging from 10-150 
with steps of 10 and three different learning rates (constant, adaptive and in-scaling). 

5.6 Results and discussion 

Table 10 summarizes the results of each of the applied techniques for each sequence (t1-t4) on 
the testing dataset. The results show that most of the proposed models performed better than 
chance to predict firm birth as well as firm abandonment for each sequence under observation. 
Even though none of the considered techniques extremely outperformed another, certain 
distinctions can be made. 

It appears that the XGBoost model performed the best in predicting firm birth in the 
sequences t1-t4. Taking for example the predictors after 36 months, the model achieved an 
accuracy of 78.79% while having an F1-score of 62.44%. The ANN achieved for the same 
sequence an accuracy of 72.45% with an F1-Score of 57.63%. While being around 6% worse, 
the neural network model performed better than the decision tree, random forest or k-nearest 
neighbors model.  

For predicting the likelihood of firm abandonment, different models performed better for 
different sequences. Taking for example the sequence after 12 months, XGBoost achieved an 
accuracy of 52% with an F1-score of 55%. After 24 months, KNN provided, given the problem 
under research, reasonably acceptable results with an accuracy of 60.06% and a F1-score of 
55.11%, while the support vector machine achieved an accuracy of 57.30% and a F1-Score of 
57.06% for the predictors after 36 months. Finally, the logistic regression model achieved with 
the predictors of month 48 a comparably good predictability with an accuracy of 71% and an 
F1-score of 62%. The performance of the ANN model for predicting firm abandonment was in 
the mid-range compared to the other models over the different sequences.  
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Translating these numbers into a practical context, different aspects need to be considered. 
This study aimed for balanced precision and recall metrics, thus tuning the models in order to 
increase the overall F1-score. Thus, the evaluation of the models is based on a reasonable 
balance between F1-score, accuracy and ROC AUC, which is a measure that is completely 
independent from any misclassification costs (du Jardin, 2018). However, from a practical 
perspective, this tuning decision could vary in a sense that a higher precision score for firm birth 
and a higher recall score to identify firm abandonment may be preferred.  
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Table 11. Performance evaluation of classification models on test dataset 
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Table 11. (Continued) 
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Table 11. (Continued)  
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Table 11. (Continued)  



Dissertation | Paper 3 

 

81 
 
Table 11. (Continued)  
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Table 11. (Continued)  
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Table 11. (Continued) 
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Taking for example firm birth: on the one hand, if the model accidentally predicts that an 
investment into a profitable venture is bad (false negative), we miss the chance to invest. This 
would involve opportunity costs but otherwise no effective monetary loss. If the model predicts 
that the entrepreneur achieves firm birth, but actually he does not (false positive) and abandons 
the venture, the costs will directly relate to the monetary and non-monetary investment size. 
Thus, in the case of identifying a successful nascent entrepreneur, the model with the higher 
precision should be preferred.  

Looking for example at the XGBoost model with a precision of 53,33% based on the 
predictors of month 36, the model identified 120 entrepreneurs as profitable. Out of these 120 
profitable entrepreneurs, 64 entrepreneurs are correctly identified as profitable while 56 
entrepreneurs are wrongly classified as profitable, thus they have either abandoned or are still 
in the gestation process after 60 months. At the same time, the neural network achieved a 
precision of 45.03% and identified 151 entrepreneurs as profitable, out of which 68 
entrepreneurs are identified correctly and 83 entrepreneurs are wrongly classified as profitable. 
While more profitable cases are identified in the neural network model, the amount of wrongly 
classified entrepreneurs is higher. Thus, the XGBoost was able to achieve a better precision 
score. It is important to note that the models can be optimized for precision, however one must 
be aware that this optimization will be at the expense of lower recall values. Nevertheless, the 
reported values can already be considered an improvement compared to randomly guessing, 
especially considering that two third of nascent entrepreneurs do not achieve firm birth after a 
period of 5 years (Reynolds & Curtin, 2009). 

On the other hand, the model with the higher recall should be preferred if the goal is to 
identify entrepreneurs who do not abandon the venture. That means, it is acceptable to have 
more false positives (i.e., nascent entrepreneurs who are not abandoning are considered to have 
abandoned the venture) than false negatives (i.e., nascent entrepreneurs who abandon the 
venture are not identified as such). Taking again for example the results of the XGBoost with 
the predictors after 12 months: the model predicted that 104 entrepreneurs did not abandon the 
venture after 60 months. Out of this number, 81 entrepreneurs are correctly identified as such 
while 23 are wrongly classified as abandoning the venture. This equals a recall value of 82.31%. 
In other words, if an investor invests in these 104 cases, “only” 17.69% of the resources invested 
are allocate to entrepreneurs who abandon the venture after a period of five years, thus are 
definitely lost. The neural network model achieved a recall value of 81.54% and identified 89 
entrepreneurs who did not abandon the venture. Out of these 89 cases, 65 are correctly classified 
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and 24 entrepreneurs are wrongly classified. Less cases are identified as not having abandoned 
the venture and thus, the XGBoost is able to achieve a better recall score. 

Overall, comparing the XGBoost and the ANN, such performance difference may be based 
on various reasons. One relates to the dataset, which consists of a rather small and structured 
data set, where XGBoost often achieves state-of-the-art results and outperforms artificial neural 
networks (T. Chen & Guestrin, 2016; Climent et al., 2019; Joharestani et al., 2019). Second, 
neural networks include a complex set of hyperparameters that can be tuned and given the 
applied random search approach, additional optimization to achieve even better results cannot 
be ruled out. Third, neural networks often achieve better results if trained on larger data sets 
and further optimization could be done using deeper network structures (D’souza et al., 2020). 
Even though the neural network performed worse than the XGBoost model, the results are still 
promising given that at such an early stage of the start-up process (e.g., 12 month) most of the 
identified cases that do not abandon the venture are correctly classified as such. 

In summary, the combination of all the proposed firm birth and firm abandonment 
prediction models could provide a valuable system to foster an optimal allocation of resources 
in successful entrepreneurs, while reducing respective resource misallocation in entrepreneurs 
who abandon the venture. 

Furthermore, as outlined in Chapter 5.4.2, different feature selection methods have been 
applied to identify for each sequence the most important prediction factors. Figure 10 and 11 
summarize the ten most important features for predicting firm birth and firm abandonment. 
Even though a variety of feature selection methods have been applied (see Chapter 5.4.2), the 
reflected feature importance in the figures is based on the results of the random forest model as 
the random forest (RF) method to select the key features in comparable problems has proven to 
be very effective (Bahl et al., 2019; Yue Wu et al., 2019). 

For firm birth, the number of conducted start-up activities, the complexity dynamics, and a 
set of specific activities are crucial in predicting firm birth. Comparing the different sequences, 
it appears that for example financial projections, hiring employees or having formed a start-up 
team play at an early stage a bigger role in predicting firm birth, while financial aspects (i.e., 
asked for supplier credit) are at a later stage (i.e., 36 and 48 months) more important in order to 
predict firm birth. Moreover, among the complexity dynamic variables, the hypothesized and 
newly introduced effort variable appears to be an additional crucial factor in predicting firm 
birth. This result underpins, in an entrepreneurial context, the importance of the impact of 
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different level efforts on the successful firm creation process. Henceforth, scholars as well as 
practitioners are encouraged to include such dynamic variable in corresponding models. 

For firm abandonment, activities related to the implementation of the venture (e.g., money 
invested, initiated phone lines, having achieved sales, revenues or income), the educational 
level, experience, industry type and the total number of conducted start-up activities are 
important indicators for predicting firm abandonment. Referring to the sequence, having 
achieved (or not) sales, revenues, incomes or having implemented a phone line are more 
important predictors during the later gestation process (i.e., 36 and 48 month). Otherwise, the 
distribution of the importance of the features to predict the likelihood of firm abandonment over 
the sequences appears overall quite stable. 
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Figure 10. Feature importance firm birth  

 
 
Figure 11. Feature importance firm abandonment  
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5.7 Practical implications and limitations 

In light of the complexity of predicting the venture outcome, most of the proposed models 
achieve a better performance than simply guessing. Thus, they provide a valid possibility to 
predict the likelihood of firm birth as well as firm abandonment. The models can be used as an 
initial step to identify at an early stage, possible successful entrepreneurs as well as 
entrepreneurs who are likely to abandon the venture during the gestation process. In relation to 
firm birth, the involved parties such as investors, advisors and support programs can profit from 
such models by optimally allocating their monetary and non-monetary resources towards 
promising individuals and ventures, thus supporting them in their investment decision process. 

On the other hand, the identification of entrepreneurs who possibly abandon the venture 
could also help for example support programs to seek exchange with the entrepreneurs before 
respective disengagement decision arises. This would allow in an early stage to point at crucial 
factors, may that be based on motivational matters or other concerns. Moreover, a combination 
of both models would allow for the ability to narrow down entrepreneurs who are possibly 
successful while at the same time identify entrepreneurs, whom may possibly abandon the 
venture after a period of 5 years. Even though these implications are worthwhile, a few 
particularities associated with the use of these models exist. 

First, the variables used are self-reported and thus should not be applied as a sole predictor 
for success or venture disengagement. The models provide a possibility to improve decision 
making but the role of the expert remains extremely important in order to provide among other 
aspects, well-founded advises. Taking for example investors, their knowledge and sensitivity 
of an entrepreneurial character as well as the customer and the market related changes, remains 
extremely valuable in providing guidance. Following this line of argumentation, the firm 
emergence process itself is extremely complex and thus further variables may play an essential 
role. In that context, given the focus on the entrepreneur in such an early stage, cognition 
appears to have a profound effect on the likelihood of succeeding (Higgins & Spiegel, 2004; 
Hmielseki & Baron, 2008). Therefore, future research is encouraged to include such variables 
into the proposed models. Moreover, as outlined within the sequential analysis, the involved 
parties using such models must be aware of the changes over time. Henceforth, the models need 
to be retrained at least on a yearly basis in order to provide the necessary information.  

Finally, the involved parties should be aware of the complexities associated with the 
different models, also with regard to a possible implementation. As data-mining techniques 
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such as neural networks and support vector machines are often considered a black box for 
themselves (Cortez & Embrechts, 2013), models with better visualization possibilities such as 
decision trees and to a certain extent random forest models, may provide a more cost-effective 
alternative.   

5.8 Conclusions and future work 

Predicting the likelihood of firm birth and firm abandonment is a complex problem. In light that 
only one third of the entrepreneurs appear to successfully navigate to the earliest stages of the 
firm creation process, the time and monetary costs are high for all involved parties. More 
accurate forecasting tools can serve as a support and an early alert system that can guide the 
involved parties to identify promising and successful entrepreneurs, while at the same time 
provide them over the gestation process with information to address critical situations before 
their occurrence. 

Besides providing a literature review on nascent entrepreneurial success and failure factors, 
the goal of this paper was to develop such systems and establish as well as evaluate forecasting 
models to estimate the likelihood of firm birth and firm abandonment after 5 years in a 
sequential manner. Using the publicly available harmonized PSED dataset, this paper further 
applied a neural network learning model to assess its possible applicability. The results showed 
that the application of a neural network as well as other data mining techniques for predicting 
the likelihood of firm birth and firm abandonment is very promising. In that sense, the proposed 
models provide the involved parties such as investors, advisors and support programs with a 
valuable decision support tool to optimally allocate investment resources into entrepreneurs and 
their ventures. While XGBoost is very promising, neural networks also provide reasonable 
performance metrics, thus undergird their applicability not only for big data but also for smaller 
datasets, as used within this study. Even though their applicability is more complex, compared 
to other models such as decision trees or random forest, they can provide additional 
performance validity. 

Moreover, a variety of over- and under-sampling techniques were applied to derive at the 
optimal predictions. In doing so, the results underline previous insights (Burnaev et al., 2015) 
who showed that there is no method that would always outperform the others, also in relation 
to the different sequences. 

Finally, by identifying key features to predict firm birth and firm abandonment, valuable 
insights into the relationship between different attributes within the sequence could be 



Dissertation | Paper 3 

 

90 

generated. Especially the sales activity and complexity dynamics such as the rate, time, 
concentration and the effort are key elements in predicting the venture outcome. Moreover, 
looking at the whole process, a variety of parameters are more significant at an early stage (e.g., 
forming a start-up team), while others are more important at a later stage of the gestation process 
(e.g., ask for supplier credits). This dynamism underpins the complexity of the gestation process 
and thus further underlines the need of an in-depth knowledge of the external parties about the 
entrepreneur, their progress and the market environment.  

To improve the predictability of the proposed models, future research would profit from 
including further predictive variables such as cognitive factors, competitor data, further start-
up activities, information related to the business idea or perceived product market-fit. Other 
possibilities of model improvements may be achieved by including additional layers in the 
neural network model. Lastly, combining text mining models of business plans, who have 
already been applied in an initial coin offering (ICO) context (Bian et al., 2018), with the 
proposed models could possibly further increase the predictive power. 
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5.9 Appendix 

Table 12. Previous empirical research on venture outcome 
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Table 12. (Continued) 
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Table 12. (Continued) 
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Table 12. (Continued) 
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Table 12. (Continued) 

  



Dissertation | Paper 3 

 

96 
 
Table 12. (Continued) 
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Table 12. (Continued) 
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6. Concluding chapter 

6.1 Contributions 

The following chapter summarizes the main contributions made by this cumulative dissertation 
from theoretical and practical perspectives. A more detailed discussion about the contribution 
can be found in the corresponding chapters of the papers. 

The first academic paper contributes to two streams in the entrepreneurial literature. First, 
it contributes to the literature on gestation activities by demonstrating how entrepreneurs 
attempt to accomplish their tasks and objectives via self-regulation. A possible explanation 
based on proposed regulatory fit is presented for why a small number of activities may lead to 
the birth of a new firm (Arenius et al., 2017). By doing so, further insight is provided into the 
emergence of new organizations (Davidsson, 2016). Second, the paper contributes to the 
literature stream on regulatory focus theory and examines the role of regulatory focus in the 
initial entrepreneurial action phase (Johnson et al., 2015). The authors highlight that a 
promotion focus may not only influence a single task but potentially the entire exploitation 
phase of the gestation process. 

The main benefit for practitioners builds upon the understanding of the effect of different 
regulatory foci, especially the promotion focus, on the venture outcome. Entrepreneurs with 
elevated levels of promotion orientation who already have conducted a high number of 
exploitation activities without having achieved firm birth may be prone toward an escalation of 
commitment trap. To avoid such a trap, various techniques are proposed. For example, 
entrepreneurs could adopt a stage gate approach with the option to pull out at predetermined 
different stages of the venture development, with an affordable loss. Revisiting and challenging 
the status quo and learning from past behavior would further allow for de-escalation. Raising 
such awareness could also be beneficial for incubators and support programs, as they can 
identify and better guide the entrepreneur in early feedback rounds. Moreover, knowing the 
regulatory focus of the entrepreneur can further guide an optimal framing of the feedback and 
foster the motivation to achieve a desired outcome (Jarzebowski & Palermo, 2012; Van-Dijk & 
Kluger, 2004). 

Paper two contributes to the emerging strand of entrepreneurial innovation that suggests a 
context-dependent analysis of innovation (Boyer & Blazy, 2013; Buddelmeyer et al., 2009; 
Hyytinen et al., 2015; Reid & Smith, 2000). More pointedly, the authors highlight possible 
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benefits that imitative business ideas may bear during the early entrepreneurial process. In doing 
so, the authors not only nurture further research in the field of imitative business ideas but also 
contribute to this literature stream by demonstrating how ex-ante measured imitativeness 
influences the outcome of a venture over time, thus rendering possible survivorship bias very 
small. Furthermore, the paper extends academic knowledge on the impact of different founder 
identity types, especially the Missionary types, on the likelihood of pursuing an innovative 
business idea. The findings are of considerable importance to scholarly understanding and 
advance the knowledge of who the innovators in society might be (Lawrence et al., 2012).  

From a practical perspective, the results suggest that entrepreneurs following an imitative 
strategy in an early stage may increase their likelihood of firm birth as they avoid possible 
liabilities of new firms (Stinchcombe, 1965). Moreover, the results provide private and public 
start-up support programs with an additional possibility to steer monetary and non-monetary 
investments toward innovative entrepreneurs by further including founder identity type scales, 
especially the Missionary identity type, as additional selection criteria. Allocation of resources 
to such entrepreneurs could further nurture the possibility of a desired societal change, a 
widespread policy goal. 

The third paper of this thesis contributes to two distinct streams of literature. The first 
stream relates to the literature on success and failure factors within the gestation process by 
summarizing insights about the question of what factors impact the venture outcome (Brouder 
& Eriksson, 2013; Omri & Boujelbene, 2018). Second, the paper contributes to the 
methodological literature within the field of entrepreneurship. The paper contrasts different 
machine learning techniques with artificial neural networks and thereby provides insights on 
the applicability of newer data analysis techniques.  

Practitioners such as investors, advisers, and support programs can benefit significantly 
from these results. The proposed prediction models provide these parties with a decision support 
system to conduct a first analysis of possible successful entrepreneurs and entrepreneurs who 
are likely to abandon the venture. Therefore, the proposed systems provide the mentioned 
parties with a first possibility to save costs by optimally allocating monetary and non-monetary 
resources in supporting promising and successful nascent entrepreneurs, while at the same time 
providing them with an alert system to identify entrepreneurs who may be at the brink of 
abandoning the venture. As a result, interventions are accomplished in a timely and effective 
manner. 
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6.2 Limitations and future research 

Despite providing valuable insights into the firm emergence process, the three papers are subject 
to limitations. While detailed specifications of the limitations can be found in the corresponding 
chapters, in the following, the main limitations of each paper are summarized, while research 
areas of great promise that academics could address in future studies are highlighted. 

The scale in paper one that captures regulatory focus in an entrepreneurial setting is of an 
exploratory nature, and given the many valid instruments to measure individual self-regulation 
(Haws et al., 2010), the results of the study may deviate when different measures are employed. 
Thus, further research applying the scale in the entrepreneurial context would be fruitful. 
Moreover, the classification of activities within the discovery and exploitation phase is still 
open to interpretation. Building upon the activities, business creation can be seen as an 
idiosyncratic process (Newbert, 2005), and depending on the type of business created, not all 
activities may be relevant to enable firm birth. Therefore, an extension of the proposed 
relationship within different industries could provide further insights into better understanding 
the successful emergence process. Additionally, given that not only activities but specific tasks 
are influenced by the regulatory focus (Brockner et al., 2004), a further breakdown of the exact 
type of tasks could prove valuable to delineate the evolvement of the gestation process. 

For paper two, the measures for imitation and innovation are based on the judgments of 
individuals and thus could confound objective innovativeness with perceptual biases of the 
entrepreneurs (Hyytinen et al., 2015; Koellinger, 2008). Consequently, an objective ex-ante 
measurement for the innovativeness of a venture could prove extremely valuable for academia 
and industry. Moreover, the scale used for measuring various social identity types is still of an 
exploratory character. Thus, future research could apply recently developed scales (cf. Sieger 
et al., 2016) in a same setting to further scrutinize the results. Finally, the investigations in the 
first and second papers utilized data sourced from Switzerland. While offering a high level of 
generalizability through the longitudinal investigations, the insights and results yielded are 
mostly representative of the Swiss ecosystem and culture. While cognitive differences exist 
among countries (Meisenberg & Woodley, 2013), future avenues in the form of comparative 
studies in other countries could prove valuable. 

While for paper three a diverse set of variables are included, the results indicate that the list 
is not conclusive. Therefore, future research is encouraged to examine additional emergence 
impact factors, thus possibly providing additional predictive power. Moreover, even though the 
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harmonized PSED dataset provides a significant pool of information, with its size and its 
longitudinal character, further data could not only improve the training process of the machine 
learning model but also increase the applicability of artificial or deep neural networks. 
Additionally, even though the applied methodologies are optimized via commonly accepted 
techniques, the parameters could be further tuned by using higher computational power, thus 
increasing the model performance even more. Consequently, the results of this paper build the 
fundament for applying innovative data mining methodologies for future research in the 
entrepreneurial field.  

6.3 Conclusion 

This cumulative dissertation reveals that a successful firm emergence process is influenced not 
only by the type of business idea (i.e., perceived innovative and imitative ideas) and activities 
(i.e., discovery and exploitation activities) but also by the entrepreneurial cognition (i.e., 
regulatory focus, social identity theory). The cumulative dissertation makes a significant 
contribution to the academic understanding of the firm emergence process by highlighting the 
role of specific cognitive factors and by evaluating the applicability of machine learning 
techniques and artificial neural networks to predict the early-stage venture outcome. The 
generated insights provide not only practical implications for the entrepreneur but also for the 
involved parties who provide guidance as well as financial support. The findings of the three 
papers and the applied machine learning models enable scholars and practitioners to thoroughly 
study and analyze the likelihood of the successful birth of a firm as well as the likelihood of 
firm abandonment. In this regard, practitioners are encouraged to apply predictive models to 
reduce possible costs related to the entrepreneurial process. For scholars, this dissertation 
encourages the expansion of research into the impact of cognitive factors on the venture 
outcome as well as the potential of up-to-date research methodologies to derive new insights in 
the study of the successful gestation process. 
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