
 

 

 

 

 

 

 

 

PRODUCTIZED OS FRAMEWORK: PREDICTING IMMIGRANT  

STARTUP SUCCESS IN CANADA VISA PROGRAM 

 

BY 

 

HOSSEIN TOOTOONCHY, M.Eng. 

 

Supervised by 

 

SAGAR BANSAL, DBA. 

 

 

 

DISSERTATION 

 

Presented to the Swiss School of Business and Management, Geneva 

In Partial Fulfilment of the Requirements for the Degree 

 

DOCTOR OF BUSINESS ADMINISTRATION 

 

 

SWISS SCHOOL OF BUSINESS AND MANAGEMENT GENEVA 

 

AUGUST, 2025 

  



PRODUCTIZED OS FRAMEWORK: PREDICTING IMMIGRANT 

STARTUP SUCCESS IN CANADA VISA PROGRAM 

by 

HOSSEIN TOOTOONCHY, M.Eng. 

Supervised by 

SAGAR BANSAL, DBA. 

APPROVED BY 

__________________________________________ 

Dissertation Chair: Anna Provodnikova, PhD. 

RECEIVED/APPROVED BY: 

Admissions Director 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Dedication 

 

To my beloved wife, Shirin, and my children, Nickan and Neelan 

Your love, patience, and belief in me have been the foundation of this journey. You inspire 

me daily to strive beyond my limits and pursue what once seemed impossible. This work 

is as much yours as it is mine.  



 

 

Acknowledgments 

 

This research would not have been possible without the meticulous guidance and support 

of my research supervisor, Dr. Sagar Bansal. His mentorship not only provided academic 

direction but also shaped the analytical lens through which I approached the complex world 

of startups and innovation ecosystems. His dedication, clarity of thought, and constant 

encouragement helped me remain focused and resilient throughout this journey. I am 

deeply grateful for his belief in the work and in me. 

 

I would also like to thank Mr. Vishwajeet Behera for his editorial assistance. His thoughtful 

suggestions ensured that this thesis communicates clearly and effectively to both academic 

and industry readers. 

 

My sincere gratitude extends to the various startup incubators, accelerators, and founders 

who shared their experiences and insights so generously. Their real-world perspectives 

were invaluable in grounding this research in practical relevance. 

 

I am especially thankful to the Government of Canada for enabling this work through the 

Startup Visa Program. The collaboration offered critical access and context, and allowed 

this research to explore global startup migration and policy with depth and nuance. 

 

Lastly, I am thankful to everyone, friends, colleagues, mentors, and institutions who played 

a role, however small, in supporting this academic journey. This study stands on the 

foundation of your generosity, belief, and trust.  



 

 

I 

ABSTRACT 

 

PRODUCTIZED OS FRAMEWORK: PREDICTING IMMIGRANT  

STARTUP SUCCESS IN CANADA VISA PROGRAM 

 

by 

 

HOSSEIN TOOTOONCHY 

 

AUGUST, 2025 

 

 

Dissertation Chair: Anna Provodnikova, PhD. 

 

This study investigates the critical factors distinguishing successful from unsuccessful 

immigrant-founded startups in Canada, analyzing 100 ventures through a multi-metric lens. 

Building on theories such as signaling, resource-based view, and ecosystem approaches, 

the research identifies key differentiators across financial performance, innovation, team 

dynamics, cultural adaptation, and execution. The analysis reveals that successful startups 

exhibit more integrated and reinforcing performance patterns, while unsuccessful ones 

show fragmented, misaligned strategies. A major contribution of this work is the 

development of the Productized OS Framework, a predictive model for assessing 

immigrant-founded ventures, validated for both theoretical rigor and practical 

applicability. The study provides actionable insights for incubators, investors, immigrant 

founders, and policymakers, especially regarding the refinement of Canada's Startup Visa 

program. It also challenges deficit-based views of immigrant entrepreneurship, 

highlighting resilience and adaptive strengths. While limited by its cross-sectional scope, 

this research lays a strong foundation for future longitudinal studies exploring immigrant 

entrepreneurial success.  
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CHAPTER 1: INTRODUCTION 

1.1 Background and Context 

The entrepreneurial landscape has undergone significant transformation in recent 

decades, with startups emerging as vital engines of innovation, economic growth, and job 

creation across the globe. As the importance of entrepreneurship has grown, so too has the 

ecosystem of support structures designed to nurture and accelerate the development of 

promising ventures. Among these support structures, business incubators and accelerators 

have become increasingly prominent, offering a range of resources, mentorship, networks, 

and expertise to help startups navigate the challenging early stages of development (Aerts, 

Matthyssens and Vandenbempt, 2005). 

In response to the growing recognition of the economic value of entrepreneurship, 

many countries have developed specialized immigration pathways to attract innovative 

entrepreneurs. Canada's Startup Visa Program, launched in 2013 as a pilot and made 

permanent in 2018, represents one of the most comprehensive approaches to attracting and 

supporting international entrepreneurial talent. This program targets immigrant 

entrepreneurs with the skills and potential to build businesses in Canada that are innovative, 

can create jobs for Canadians, and can compete on a global scale (Diab, 2025). 

At the heart of the Canadian Startup Visa Program lies a critical decision point: the 

selection of which entrepreneurial ventures to support through designated organizations, 

including business incubators, angel investor groups, and venture capital funds. This 

selection process represents a pivotal gateway that determines which international 

entrepreneurs receive valuable support resources and pathways to permanent residency in 

Canada. The decisions made at this juncture have far-reaching implications not only for 

the entrepreneurs themselves but also for the Canadian innovation ecosystem, economic 

development, and immigration policy objectives (Cukier et al., 2021). 
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The selection of startups under the Canadian Startup Visa Program occurs within a 

context of extreme uncertainty and information asymmetry. Early-stage ventures typically 

lack extensive track records, validated business models, or established market positions, 

making their potential difficult to assess with confidence. Designated organizations must 

make high-stakes decisions based on limited information, often relying on a combination 

of explicit criteria, tacit knowledge, and various decision-making frameworks to identify 

promising ventures (Ahmad, 2020). 

The complexity of this selection process is further amplified by the diversity of 

designated organization types, missions, and contexts within the Canadian ecosystem. 

Business incubators, angel investor groups, and venture capital funds each operate with 

distinct objectives, stakeholder expectations, and resource constraints that shape their 

approach to startup selection. Geographic, cultural, economic, and industry-specific factors 

add additional layers of complexity, creating significant variations in selection practices 

across different regions of Canada and types of designated organizations (Diab, 2025). 

Despite the critical importance of startup selection in the Canadian entrepreneurial 

support and immigration ecosystem, research on this topic has been relatively fragmented 

and lacks comprehensive theoretical integration. While numerous studies have examined 

specific aspects of incubator selection criteria or processes, there remains a need for more 

holistic understanding of how designated organizations in Canada make these pivotal 

decisions, what factors influence their selection approaches, and how these decisions 

impact outcomes for both international entrepreneurs and the Canadian innovation 

ecosystem. 

1.2 Research Problem and Rationale 

The selection of startups by designated organizations under Canada's Startup Visa 

Program represents a complex decision-making process with significant implications for 
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entrepreneurial development, immigration policy, and innovation ecosystems. However, 

several key challenges and gaps in our understanding of this process persist, creating both 

theoretical and practical problems that this research aims to address. 

First, there is a notable disconnect between the theoretical foundations that could 

inform startup selection and the practical approaches employed by designated 

organizations in Canada. While theories such as signaling theory, resource-based view, 

ecosystem approaches, and behavioral decision theory offer valuable insights into different 

aspects of the selection process, these theoretical perspectives have not been fully 

integrated into a cohesive framework that captures the multifaceted nature of selection 

decisions within the Canadian context (Beyhan, Akçomak and Çetindamar, 2021). This 

theoretical fragmentation limits our ability to develop a comprehensive understanding of 

the selection process and its underlying dynamics in the unique Canadian policy 

environment. 

Second, significant variations exist in selection criteria and processes across 

different types of designated organizations and geographic contexts within Canada. 

Business incubators, angel investor groups, and venture capital funds each employ distinct 

approaches to startup evaluation, reflecting their diverse missions, resources, and 

stakeholder expectations (Diab, 2025). Similarly, selection practices vary considerably 

across different regions of Canada, influenced by provincial economic priorities, local 

innovation ecosystems, and regional development objectives. These variations create 

challenges for developing generalizable knowledge about effective selection practices and 

for translating insights across different contexts within the Canadian Startup Visa Program. 

Third, there is a tension between rational, systematic approaches to startup selection 

and more intuitive, heuristic methods employed by designated organizations. While 

structured evaluation frameworks offer benefits in terms of consistency, transparency, and 
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alignment with strategic objectives, they may struggle to capture the complex, 

multidimensional nature of startup potential. Conversely, intuitive approaches leverage 

experiential judgment and pattern recognition but may be subject to biases and 

inconsistencies (Ahmad, 2020). Understanding how designated organizations in Canada 

navigate this tension and develop effective hybrid approaches represents an important area 

for research. 

Fourth, the relationship between selection decisions and outcomes for both 

international entrepreneurs and the Canadian innovation ecosystem remains 

underexplored. While selection is presumed to be a critical determinant of success for the 

Startup Visa Program, the specific links between selection criteria, processes, and 

subsequent outcomes require further investigation. This gap limits our ability to identify 

and disseminate evidence-based practices for effective startup selection within the 

Canadian context (Cukier et al., 2021). 

Finally, emerging trends in entrepreneurship, technology, and immigration policy 

are creating new challenges and opportunities for startup selection under the Canadian 

Startup Visa Program. The rise of digital incubation, the increasing use of data analytics 

and artificial intelligence in evaluation, and the growing emphasis on diversity and 

inclusion in entrepreneurship support all have implications for how designated 

organizations approach the selection process. Understanding these emerging dynamics is 

essential for developing forward-looking insights into effective selection practices within 

the Canadian context. 

Addressing these challenges and gaps is important for several reasons. From a 

theoretical perspective, developing a more integrated understanding of startup selection 

within the Canadian Startup Visa Program can enhance our knowledge of entrepreneurial 

evaluation, decision-making under uncertainty, and the role of intermediaries in innovation 
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ecosystems. From a practical standpoint, improving selection processes can enhance the 

effectiveness of the Startup Visa Program, optimize the allocation of support resources, 

and ultimately contribute to higher success rates for international entrepreneurs in Canada. 

From a policy perspective, better understanding of selection practices can inform the design 

and implementation of immigration pathways that effectively attract and retain 

entrepreneurial talent while advancing Canada's economic and innovation objectives. 

 

1.3 Research Objectives and Questions 

This research aims to develop a comprehensive understanding of startup selection 

by designated organizations under Canada's Startup Visa Program, examining the criteria, 

processes, contextual influences, and outcomes associated with these pivotal decisions. 

Specifically, the study pursues the following objectives: 

• To examine the selection criteria utilized by various types of designated 

organizations and analyze how these criteria align with established theoretical 

frameworks of entrepreneurial potential and success. 

• To investigate the relationship between selection criteria and startup performance 

by conducting a comparative analysis of successful and unsuccessful immigrant-

founded startups within incubation and acceleration programs. 

• To develop and validate a predictive evaluation model, based on empirically 

derived success factors, with the goal of informing future startup selection and 

support strategies within the Canadian Startup Visa ecosystem. 

 

To achieve these objectives, the research addresses the following key questions: 

• What theoretical perspectives best explain the complex process of startup 

selection by designated organizations under Canada's Startup Visa Program, 
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and how can these perspectives be integrated into a more comprehensive 

framework? 

• How do contextual factors, including geographic, cultural, organizational, 

and economic influences, selection criteria, processes, and outcomes within 

the Canadian Startup Visa Program? 

• What evaluation methods and tools are most effective in identifying 

promising international entrepreneurs, and how are these methods evolving 

with technological advancements and policy developments in Canada? 

• What emerging trends and future directions are shaping startup selection 

within the Canadian Startup Visa Program, and what implications do these 

trends have for designated organizations, international entrepreneurs, and 

policymakers? 

By addressing these questions, this research aims to contribute to both theoretical 

understanding and practical improvement of startup selection processes within the 

Canadian Startup Visa Program, ultimately enhancing the effectiveness of this important 

pathway for entrepreneurial immigration and innovation development. 

 

1.4 Theoretical Framework 

This research is guided by a multifaceted theoretical framework that integrates 

several complementary perspectives on startup selection within the context of Canada's 

Startup Visa Program. Rather than relying on a single theoretical lens, the study draws on 

multiple theories that collectively illuminate different aspects of the complex selection 

process. This integrated approach recognizes that startup selection involves information 

asymmetry, resource considerations, ecosystem dynamics, and cognitive processes, all of 

which can be better understood through different theoretical lenses. 
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Signaling theory provides a foundation for understanding how designated 

organizations navigate the information asymmetry inherent in evaluating international 

entrepreneurs. Originally developed to explain market behaviors under conditions of 

asymmetric information (Spence, 1973), signaling theory illuminates how entrepreneurs 

send observable signals, through their business plans, prototypes, team composition, prior 

achievements, and pitch presentations, that designated organizations interpret to assess 

unobservable qualities such as potential, capability, and commitment. This theoretical 

perspective helps explain why certain criteria, such as team characteristics and prior 

traction, feature prominently in selection decisions within the Canadian Startup Visa 

Program, as they serve as observable signals of underlying venture quality (Beyhan, 

Akçomak and Çetindamar, 2021). 

The resource-based view (RBV) offers insights into how designated organizations 

evaluate international entrepreneurs based on their resource endowments and potential for 

resource development within the Canadian context. This perspective conceptualizes 

organizations as bundles of resources and capabilities that, when valuable, rare, inimitable, 

and non-substitutable, can provide sustainable competitive advantage (Barney, 1991). In 

the context of the Startup Visa Program, the RBV helps explain how evaluators assess 

entrepreneurs' existing resources (human capital, intellectual property, technological 

capabilities) and their potential to develop and combine resources in ways that create value 

within the Canadian economy. The concept of strategic fit extends this perspective by 

emphasizing the alignment between an entrepreneur's resources and capabilities and the 

designated organization's strategic objectives and service offerings (Adomako et al., 2021). 

The ecosystem approach situates selection decisions within broader networks of 

actors, resources, and institutions in the Canadian innovation landscape. This perspective 

recognizes that designated organizations do not operate in isolation but are embedded 
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within entrepreneurial ecosystems that shape their selection criteria, processes, and 

outcomes. The ecosystem approach helps explain how designated organizations evaluate 

international entrepreneurs based on their potential to leverage and contribute to networks 

of mentors, investors, corporate partners, and other startups within the Canadian context 

(Spigel, 2017). It also illuminates how selection decisions are influenced by the 

competitive landscape of designated organizations within regional ecosystems, as 

programs seek to differentiate themselves or focus on underserved niches. 

Behavioral decision theory provides insights into the cognitive processes that 

underlie selection decisions by designated organizations, particularly in contexts 

characterized by uncertainty, complexity, and time constraints. This perspective recognizes 

that decision-makers face cognitive limitations and often rely on heuristics, or mental 

shortcuts, when making complex decisions under uncertainty (Tversky and Kahneman, 

1974). Behavioral decision theory helps explain the use of intuitive judgments, 

stereotyping, and attribute substitution in startup selection within the Canadian Startup 

Visa Program, as well as the development of specialized heuristics such as the 

"entrepreneurial readiness" framework identified in previous research (Ahmad, 2020). 

Policy implementation theory offers additional insights specific to the Canadian 

Startup Visa Program, examining how immigration policy objectives are translated into 

operational selection practices by designated organizations. This perspective recognizes 

that designated organizations serve as policy implementers, interpreting and applying 

government directives while balancing their own organizational objectives and constraints 

(Cukier et al., 2021). Policy implementation theory helps explain variations in selection 

approaches across different designated organizations and regions, as well as the evolution 

of selection practices in response to policy changes and program evaluations. 
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Together, these theoretical perspectives offer a multifaceted framework for 

understanding the various dimensions of startup selection decisions within the Canadian 

Startup Visa Program, from the structural challenges of information asymmetry to the 

cognitive processes that guide evaluator judgments, and from the resource considerations 

that shape assessment to the policy context that frames the entire selection process. By 

integrating these complementary theories, this research aims to develop a more 

comprehensive understanding of startup selection that captures its complex, 

multidimensional nature within the unique Canadian context. 

 

1.5 Methodology Overview 

This research employs a comparative case study approach to investigate startup 

selection by designated organizations under Canada's Startup Visa Program, combining 

qualitative and quantitative methods to develop a comprehensive understanding of this 

complex phenomenon. The methodological design is guided by the research objectives and 

questions, with different methods selected to address specific aspects of the inquiry within 

the Canadian context. 

The qualitative component of the research includes in-depth interviews with 

representatives from designated organizations, including business incubators, angel 

investor groups, and venture capital funds across different regions of Canada. These 

interviews explore the criteria, processes, and contextual factors that selection decisions, 

providing rich insights into how evaluators approach the challenging task of identifying 

promising international entrepreneurs. The interviews are complemented by case studies 

of specific designated organizations, which examine selection practices in their 

organizational and ecosystem contexts. 
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The quantitative component includes a survey of designated organizations across 

different regions of Canada, collecting data on selection criteria, processes, and outcomes. 

This survey enables the identification of patterns and variations in selection practices 

across different contexts, as well as the exploration of relationships between selection 

approaches and outcomes for international entrepreneurs. The survey data is analyzed 

using statistical methods to identify factors associated with effective selection practices 

within the Canadian Startup Visa Program. 

Document analysis is employed to examine selection materials, evaluation forms, 

and other artifacts used in the selection process by designated organizations. This analysis 

provides insights into the formal criteria and processes employed by these organizations, 

complementing the interview and survey data on actual selection practices. The document 

analysis also includes a review of policy documents, program evaluations, and other public 

materials related to the Canadian Startup Visa Program to understand the policy context 

and objectives that frame selection decisions. 

Observational methods are used where possible to directly witness selection 

processes in action, such as pitch events, selection committee meetings, and evaluation 

discussions within designated organizations. These observations provide valuable insights 

into the dynamics of selection decisions, including the interplay between formal criteria 

and intuitive judgments, the role of group dynamics in collective decision-making, and the 

application of evaluation frameworks in practice within the Canadian context. 

Data analysis employs both inductive and deductive approaches, with the 

theoretical framework guiding the initial coding and analysis while remaining open to 

emergent themes and patterns. Qualitative data is analyzed using constant comparative 

methods, while quantitative data is analyzed using descriptive and inferential statistics. The 

integration of qualitative and quantitative findings occurs throughout the analysis process, 
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with each method informing and enriching the other to develop a more comprehensive 

understanding of startup selection within the Canadian Startup Visa Program. 

The use of multiple data sources and methods enhances the validity and reliability 

of the findings through triangulation, where convergent evidence from different sources 

strengthens confidence in the results. The integration of different methodological 

perspectives also helps address the multifaceted nature of startup selection, which involves 

both objective criteria and subjective judgments, formal processes and informal practices, 

individual decisions and collective dynamics, all within the unique policy context of the 

Canadian Startup Visa Program. 

 

1.6 Significance and Contributions 

This research makes several significant contributions to both theory and practice in 

the fields of entrepreneurship support, immigration policy, and innovation development in 

Canada. By developing a comprehensive understanding of startup selection by designated 

organizations under the Canadian Startup Visa Program, the study addresses important 

gaps in our knowledge and offers valuable insights for various stakeholders in the 

entrepreneurial and immigration ecosystems. 

From a theoretical perspective, the research contributes to the literature on 

entrepreneurship, incubation, immigration policy, and decision-making in several ways. 

First, it integrates multiple theoretical perspectives, including signaling theory, resource-

based view, ecosystem approaches, behavioral decision theory, and policy implementation 

theory, into a more comprehensive framework for understanding startup selection within 

the Canadian context. This theoretical integration enhances our conceptual understanding 

of how designated organizations evaluate and select international entrepreneurs, moving 

beyond fragmented approaches that focus on isolated aspects of the selection process. 
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From a practical perspective, the research offers valuable insights for designated 

organizations, policymakers, international entrepreneurs, and other stakeholders in the 

Canadian Startup Visa ecosystem. For designated organizations, the study provides 

evidence-based guidance on effective selection criteria, processes, and evaluation methods, 

helping them enhance the quality and consistency of their selection decisions. The 

identification of best practices across different organization types and regions offers 

practical models that organizations can adapt to their specific circumstances within the 

Canadian context. 

For policymakers and program administrators, the research offers insights into how 

selection processes influence the outcomes and impacts of the Canadian Startup Visa 

Program. These insights can inform the design of policies and program mechanisms that 

promote effective selection practices and align designated organization incentives with 

broader economic and innovation objectives. The examination of contextual influences on 

selection also helps policymakers understand how to adapt support structures to different 

regional and organizational environments within Canada. 

For international entrepreneurs seeking to participate in the Canadian Startup Visa 

Program, the research provides valuable understanding of how designated organizations 

evaluate and select startups. This knowledge can help entrepreneurs better prepare their 

applications, effectively communicate their venture's potential, and identify designated 

organizations whose selection criteria and processes align with their venture's 

characteristics and needs. The insights into different types of designated organizations and 

their selection approaches can also help international entrepreneurs make more informed 

choices about which programs to target within the Canadian ecosystem. 
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1.7 Dissertation Structure 

This study is organized into five chapters, each addressing specific aspects of 

startup selection by designated organizations under Canada's Startup Visa Program. The 

structure is designed to provide a logical progression from theoretical foundations through 

empirical findings to practical implications, offering a comprehensive examination of this 

complex phenomenon within the Canadian context. 

Chapter 1: Introduction provided an overview of the research, establishing the 

background and context of the Canadian Startup Visa Program, research problem and 

rationale, objectives and questions, theoretical framework, methodology, and significance 

of the study. This chapter has the stage for the subsequent chapters by outlining the scope, 

approach, and contributions of the research within the specific context of entrepreneurial 

immigration to Canada. 

Chapter 2: Literature Review offers a comprehensive synthesis of the current state 

of knowledge regarding startup selection by incubators and other designated organizations. 

The chapter examines the theoretical foundations that underpin startup selection processes, 

including signaling theory, resource-based view, ecosystem approaches, behavioral 

decision theory, and policy implementation theory. It then explores the core selection 

criteria employed by designated organizations, focusing on team characteristics, market 

potential, innovation level, financial viability, and other factors that influence selection 

decisions. The chapter also analyzes the various decision-making approaches and 

frameworks utilized by designated organizations, investigates the contextual factors that 

shape selection practices in Canada, reviews the evaluation methods and tools used in 

practice, and identifies emerging trends and future directions in this field. 

Chapter 3: Methodology provides a detailed description of the research design and 

methods employed in the study. The chapter outlines the philosophical foundations of the 



 

 

14 

research, the case study approach, sampling strategies for designated organizations across 

Canada, data collection procedures, analytical techniques, and ethical considerations. It 

also discusses the validity, reliability, and limitations of the methodological approach, 

providing a transparent account of how the research was conducted within the Canadian 

context. 

Chapter 4: Findings present the results of the empirical investigation, organized 

around the key research questions and themes. The chapter integrates qualitative and 

quantitative findings to provide a comprehensive picture of startup selection practices 

across different designated organization types and regions in Canada. It examines patterns 

and variations in selection criteria, decision-making approaches, contextual influences, 

evaluation methods, and relationships between selection and outcomes within the Canadian 

Startup Visa Program. The chapter also identifies emerging trends and innovative practices 

in startup selection, highlighting how designated organizations are adapting their 

approaches to changing entrepreneurial landscapes and policy environments in Canada. 

Chapter 5: Discussion and Conclusion interprets the findings in light of the 

theoretical framework and existing literature, drawing out the theoretical and practical 

implications of the research for the Canadian Startup Visa Program. The chapter discusses 

how the findings address these guiding elements and contribute to our understanding of 

startup selection within the Canadian context. It also explores the broader implications for 

entrepreneurship support, immigration policy, designated organization management, and 

entrepreneurial practice in Canada. The chapter concludes with a discussion of the 

limitations of the study and recommendations for future research, identifying promising 

avenues for further investigation of this important topic within the Canadian innovation 

and immigration ecosystem. 
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1.8 Conclusion 

This chapter has established the foundation for a comprehensive investigation of 

startup selection by designated organizations under Canada's Startup Visa Program. By 

outlining the background and context, research problem and rationale, objectives and 

questions, theoretical framework, methodology, significance, and structure of the thesis, 

the chapter provides a roadmap for the research and highlights its importance for both 

theory and practice. 

Startup selection represents a critical juncture determining which international 

entrepreneurs receive valuable resources and opportunities for development and permanent 

residency. The decisions made at this juncture have far-reaching implications for 

entrepreneurs, designated organizations, policymakers, and the broader innovation 

ecosystem in Canada. Yet, despite its importance, startup selection remains a complex and 

challenging process, characterized by uncertainty, information asymmetry, and contextual 

variations. 

This research aims to enhance our understanding of this complex process by 

examining the criteria, approaches, influences, and outcomes associated with selection 

decisions. By integrating multiple theoretical perspectives, employing a comparative case 

study approach, the study seeks to develop a comprehensive predictive framework for 

understanding and improving startup selection practices within the unique Canadian policy 

environment. 

By advancing our understanding of how promising international entrepreneurs 

perform through the Startup Visa Program, the research can help enhance the effectiveness 

of designated organizations, optimize the allocation of entrepreneurial resources, and 

ultimately contribute to higher success rates for international entrepreneurs in Canada. 

  



 

 

16 

CHAPTER 2: LITERATURE REVIEW 

2.1 Introduction 

This literature review aims to provide a comprehensive synthesis of the current state 

of knowledge regarding startup selection by incubators. By examining the theoretical 

foundations, core selection criteria, decision-making approaches, contextual influences, 

evaluation methods, and emerging trends in this field, this review seeks to offer a holistic 

understanding of the complex processes that guide incubator selection decisions. 

Furthermore, it aims to identify gaps in the existing literature and highlight opportunities 

for future research that could enhance our understanding of this critical aspect of 

entrepreneurship support. 

The review is structured as follows: First, it explores the theoretical foundations 

that underpin startup selection processes, including signaling theory, resource-based view, 

ecosystem approaches, and behavioral decision theory. Second, it examines the core 

selection criteria employed by incubators, focusing on team characteristics, market 

potential, innovation level, financial viability, and other factors that influence selection 

decisions. Third, it analyzes the various decision-making approaches and frameworks 

utilized by incubators, ranging from rational and systematic methods to intuitive and 

heuristic processes. Fourth, it investigates the contextual factors that shape selection 

practices, including geographic, cultural, organizational, and economic influences. Fifth, it 

reviews the evaluation methods and tools used in practice, from traditional approaches to 

emerging technological solutions. Sixth, it assesses the methodological approaches 

employed in research on startup selection. Seventh, it identifies emerging trends and future 

directions in this field. Finally, it concludes with a synthesis of key findings, theoretical 

and practical implications, and recommendations for future research. 
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2.2 Theoretical Foundations of Startup Selection 

The selection of startups by incubators and accelerators is underpinned by several 

theoretical frameworks that help explain the complex decision-making processes involved. 

These theoretical foundations provide the conceptual scaffolding for understanding how 

and why incubators select particular ventures over others. This section examines four key 

theoretical perspectives that have been applied to startup selection: signaling theory and 

information asymmetry, resource-based view and strategic fit, ecosystem approach and 

network effects, and behavioral decision theory. 

 

 
Figure 2.2: Theoretical Foundations of Startup Selection 

 

2.2.1 Signaling Theory and Information Asymmetry 

Signaling theory offers a powerful lens through which to understand the startup 

selection process, particularly given the high levels of uncertainty and information 
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asymmetry that characterize early-stage venture evaluation. Originally developed to 

explain information asymmetry in markets (Spence, 1973), signaling theory has been 

increasingly applied to entrepreneurship contexts, including incubator selection decisions. 

In the context of startup selection, information asymmetry exists because 

entrepreneurs possess more information about their ventures' true quality, potential, and 

risks than external evaluators such as incubator managers. This asymmetry creates 

significant challenges for incubators attempting to identify promising ventures. As Beyhan, 

Akçomak and Çetindamar (2024) note, "Under extreme uncertainty and strong information 

asymmetries, quick decisions are made based on limited information hidden in various 

signals sent by startups." 

Signals are observable characteristics or actions that communicate underlying 

unobservable qualities. In startup selection, entrepreneurs send various signals, through 

their business plans, prototypes, team composition, prior achievements, and pitch 

presentations, that incubators interpret to assess venture quality and potential (Busenitz, 

Fiet and Moesel, 2005). The effectiveness of these signals depends on their observability, 

cost, and correlation with the unobservable qualities they purport to represent (Connelly et 

al., 2011). 

Research by Beyhan, Akçomak and Çetindamar (2021) indicates that accelerators 

overcome extreme uncertainty by involving various actors in the selection process and 

reducing information asymmetries for both investors and startups. Their findings suggest 

that accelerators prefer to work with entrepreneurial teams that are coachable, passionate, 

and collaborative to "vibrate the right signals" to potential investors. This perspective 

highlights how incubators and accelerators serve as intermediaries in the signaling process, 

helping to reduce information asymmetries in the broader entrepreneurial ecosystem. 
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Ahmad (2020) further elaborates on this dynamic, noting that due to limitations in 

traditional information collection mechanisms, assessors at technology incubators 

consistently use "stereotyping" and "attribute substitution" to make selection decisions. 

These heuristic approaches can be understood as responses to the challenges posed by 

information asymmetry, where decision-makers rely on observable signals to make 

inferences about unobservable qualities. 

 

2.2.2 Resource-Based View and Strategic Fit 

The resource-based view (RBV) provides another important theoretical foundation 

for understanding startup selection. This perspective conceptualizes organizations as 

bundles of resources and capabilities that, when valuable, rare, inimitable, and non-

substitutable, can provide sustainable competitive advantage (Barney, 1991). In the context 

of incubator selection decisions, the RBV offers insights into how incubators evaluate 

startups based on their resource endowments and potential for resource development. 

Adomako et. al. (2021) applies a resource-based perspective to entrepreneurial 

sourcing within pre-incubation ecosystems, highlighting how incubators assess startups 

based on their ability to acquire and leverage resources effectively. This assessment 

includes evaluating the startup's existing resources (human capital, intellectual property, 

technological capabilities) and its potential to develop and combine resources in ways that 

create value. 

The concept of strategic fit extends the RBV by emphasizing the alignment between 

a startup's resources and capabilities and the incubator's strategic objectives, available 

resources, and service offerings. Ikram (2010) examines corporate business incubator 

portfolio management, emphasizing how selection effectiveness can be increased through 
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more structured and systematic decision-making processes that assess the strategic fit 

between startups and incubators. 

Research on incubator selection often highlights the importance of this strategic 

alignment. For instance, Ahmad (2020) identifies a strategic misalignment between client 

selection outcomes and incubator service portfolios, suggesting that incubators sometimes 

select startups that do not optimally match their resource capabilities and strategic 

objectives. This misalignment can reduce the effectiveness of incubation support and 

highlights the importance of considering strategic fit in selection decisions. 

The resource availability of incubators themselves also shapes selection criteria and 

decisions. As noted in the literature, incubators with limited resources may be more 

selective or focus on startups that can make the most of available support (Butz and 

Mrożewski, 2021). This perspective underscores how resource constraints influence not 

only which startups are selected but also the criteria and processes used in selection. 

 

2.2.3 Ecosystem Approach and Network Effects 

The ecosystem approach to entrepreneurship emphasizes the interconnected nature 

of actors, resources, and institutions within entrepreneurial environments (Spigel, 2017). 

This perspective has increasingly informed research on incubator selection, highlighting 

how selection decisions are embedded within broader entrepreneurial ecosystems and 

influenced by network dynamics. 

Beyhan, Akçomak and Çetindamar (2021) adopt an ecosystem perspective in their 

analysis of accelerator selection processes, noting that accelerators build selection 

committees consisting of many stakeholders, especially potential investors. This approach 

recognizes that selection decisions do not occur in isolation but are shaped by the 

interactions and relationships among various ecosystem actors. 
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The ecosystem approach also emphasizes the importance of network effects in 

startup selection. Incubators often evaluate startups based on their potential to leverage and 

contribute to networks of mentors, investors, corporate partners, and other startups (Butz 

and Mrożewski, 2021). This network-oriented perspective is particularly evident in 

research on accelerators, which often emphasize the importance of startups' ability to 

engage productively with mentors and other ecosystem actors (Beyhan, Akçomak and 

Çetindamar, 2021). 

Ahmad and Thornberry (2018) introduce the concept of an "entrepreneurial 

readiness" heuristic, which can be understood within an ecosystem framework as assessing 

a startup's readiness to engage productively with the resources, networks, and support 

mechanisms available within the incubator ecosystem. This heuristic recognizes that 

successful incubation depends not only on the inherent qualities of the startup but also on 

its ability to interact effectively with the broader ecosystem. 

The competitive landscape of incubators within regional ecosystems also 

influences selection strategies, as programs seek to differentiate themselves or focus on 

underserved niches (Aerts, Matthyssens and Vandenbempt, 2005). This dynamic highlights 

how selection criteria and processes evolve in response to ecosystem-level competitive 

pressures and opportunities. 

 

2.2.4 Behavioral Decision Theory and Cognitive Aspects 

Behavioral decision theory offers insights into the cognitive processes that underlie 

incubator selection decisions, particularly in contexts characterized by uncertainty, 

complexity, and time constraints. This perspective recognizes that decision-makers face 

cognitive limitations and often rely on heuristics, or mental shortcuts, when making 

complex decisions under uncertainty (Tversky and Kahneman, 1974). 
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Ahmad (2020) provides a detailed analysis of decision-making at technology 

incubators, finding that assessors do not follow a wholly rational process linking client 

attributes to critical success factors. Instead, they use a combination of rational and non-

rational or intuitive processes to choose clients that appear promising on various written 

and unwritten criteria. This finding aligns with behavioral decision theory's emphasis on 

the role of intuition and heuristics in complex decision-making contexts. 

The use of stereotyping and attribute substitution in incubator selection decisions, 

as identified by Ahmad (2020), represents classic heuristic decision-making processes. 

Stereotyping involves categorizing startups based on perceived similarities to previously 

encountered ventures, while attribute substitution occurs when difficult-to-assess qualities 

are replaced with more easily observable proxies. These cognitive shortcuts help decision-

makers navigate the complexity and uncertainty inherent in startup evaluation but may also 

introduce biases and inconsistencies. 

Navis and Glynn (2011) suggest that evaluators generally make their selection 

decisions based on gut feeling, highlighting the role of intuition in entrepreneurial 

evaluation. This intuitive approach can be understood within the framework of behavioral 

decision theory as a response to the cognitive challenges posed by startup evaluation, where 

complete information is rarely available and future outcomes are highly uncertain. 

The "entrepreneurial readiness" heuristic identified by Ahmad (2020) represents a 

specific cognitive framework used by incubator managers to assess startups' potential for 

successful incubation. This heuristic combines assessments of various startup attributes 

into an overall judgment of readiness for entrepreneurial development, illustrating how 

decision-makers develop specialized cognitive tools to address the particular challenges of 

their decision domain. 



 

 

23 

Research on decision-making frameworks in incubators reveals a spectrum from 

highly structured, rational approaches to more intuitive, heuristic methods (Leitner et al., 

2021). This diversity reflects different responses to the cognitive challenges of startup 

evaluation, with some incubators emphasizing systematic analysis to overcome cognitive 

biases, while others embrace the value of experienced intuition in assessing complex, 

multifaceted ventures. 

The theoretical foundations discussed in this section provide complementary 

perspectives on the complex process of startup selection by incubators. Signaling theory 

highlights the challenges of information asymmetry and the role of observable signals in 

communicating unobservable qualities. The resource-based view emphasizes the 

assessment of startups' resource endowments and potential for strategic fit with incubator 

capabilities. The ecosystem approach situates selection decisions within broader networks 

of actors and resources. Behavioral decision theory illuminates the cognitive processes that 

shape how incubator managers evaluate startups under conditions of uncertainty and 

complexity. 

Together, these theoretical perspectives offer a multifaceted framework for 

understanding the various dimensions of incubator selection decisions, from the structural 

challenges of information asymmetry to the cognitive processes that guide evaluator 

judgments. They provide the conceptual foundation for examining the specific criteria, 

approaches, and methods used in startup selection, which are explored in subsequent 

sections of this review. 

 

2.3 Core Selection Criteria in Incubator Decision-Making 

The selection of startups by incubators and accelerators is guided by a diverse set 

of criteria that evaluators use to assess venture potential and fit. These criteria represent the 



 

 

24 

specific dimensions along which startups are evaluated and compared during the selection 

process. This section examines the core selection criteria identified in the literature, 

focusing on team characteristics, market potential, innovation and technology assessment, 

financial viability and scalability, and secondary selection factors. 

 

 
Figure 2.3: Core Selection Criteria in Incubator Decision-Making 

 

2.3.1 Team Characteristics and Composition 

Across the literature, team characteristics consistently emerge as one of the most 

critical factors in startup selection decisions. Studies indicate that evaluators place 

significant emphasis on the qualities, capabilities, and dynamics of the founding team when 

assessing startup potential (Ferreira et al., 2023). As noted in the research, "Interviewees 

frequently mention that team characteristics and composition are the most important factors 

they consider in screening and selection" (Beyhan, Akçomak and Çetindamar, 2021). 

Several dimensions of team evaluation are prominent in the literature. First, 

technical and business competencies are frequently assessed, with incubators examining 
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the team's domain expertise, industry knowledge, and business acumen (Butz and 

Mrożewski, 2021). The balance of technical and business skills within the team is often 

considered, with complementary skill sets viewed favorably (Aerts, Matthyssens and 

Vandenbempt, 2005). 

Second, team dynamics and complementarity are evaluated, focusing on how 

effectively team members work together and whether their skills and backgrounds are 

complementary rather than redundant (Beyhan, Akçomak and Çetindamar, 2021). This 

assessment may include consideration of prior working relationships, team stability, and 

the clarity of role distribution among founders. 

Third, founder passion, commitment, and coachability are heavily emphasized in 

selection decisions. Beyhan, Akçomak and Çetindamar (2021) note that "accelerators tend 

to select the most coachable, open to collaboration, passionate, and willing to be committed 

startups." This finding highlights the importance of not only technical capabilities but also 

attitudinal and behavioral characteristics that influence how effectively startups can engage 

with incubator resources and support. 

The emphasis on coachability is particularly notable in the literature. Incubators 

and accelerators seek teams that are receptive to feedback, willing to adapt their 

approaches, and able to leverage the mentorship and guidance provided through incubation 

programs (Beyhan, Akçomak and Çetindamar, 2021). This criterion reflects the interactive 

nature of the incubation process, where success depends not only on the inherent qualities 

of the startup but also on its ability to engage productively with incubator resources. 

The importance of team characteristics in selection decisions is supported by both 

qualitative and quantitative research. In their study of accelerators in Turkey, Beyhan, 

Akçomak and Çetindamar (2021) found that team characteristics were consistently rated 

as critical in the selection process. Similarly, quantitative analyses of selection criteria 
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across multiple incubators have found that team factors are among the most frequently 

cited and highly weighted criteria (Aerts, Matthyssens and Vandenbempt, 2005). 

The emphasis on team characteristics reflects both practical and theoretical 

considerations. From a practical perspective, incubators recognize that early-stage ventures 

often pivot or significantly modify their business models during the incubation process, 

making team adaptability and capability more important than specific business ideas 

(Beyhan, Akçomak and Çetindamar, 2021). From a theoretical perspective, the focus on 

team characteristics aligns with resource-based views of entrepreneurship, which 

emphasize human capital as a critical resource for venture success (Adomako et al., 2021). 

 

2.3.2 Market Potential and Validation 

Market potential represents another core criterion in startup selection, with 

incubators assessing the size, growth trajectory, and accessibility of the target market 

(Ferreira et al., 2023). This criterion reflects the understanding that even the most capable 

team with the most innovative technology will struggle to build a successful venture 

without a substantial market opportunity. 

Market size and growth assessment typically involves evaluating the total 

addressable market, serviceable available market, and serviceable obtainable market for 

the startup's product or service (Butz and Mrożewski, 2021). Incubators often look for 

startups targeting markets with significant growth potential, as these offer greater 

opportunities for rapid scaling and substantial returns (Beyhan, Akçomak and Çetindamar, 

2021). 

Customer validation approaches are increasingly emphasized in selection 

decisions, reflecting the influence of lean startup methodologies on entrepreneurship 

support (Ries, 2011). Incubators assess whether startups have validated their value 
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propositions with potential customers, gathered meaningful feedback, and demonstrated 

market demand for their offerings (Butz and Mrożewski, 2021). This emphasis on 

validation helps mitigate the risk of investing resources in ventures that lack product-

market fit. 

Competitive landscape analysis is another dimension of market assessment, with 

incubators evaluating the intensity and nature of competition in the target market (Aerts, 

Matthyssens and Vandenbempt, 2005). This analysis includes consideration of existing 

competitors, potential new entrants, substitute products or services, and the startup's 

competitive advantages or differentiation strategies. 

The importance of market potential in selection decisions varies somewhat across 

different types of incubators. Research suggests that private incubators and those with a 

commercial focus tend to place greater emphasis on market size and growth potential, 

while public or university-based incubators may give more weight to other factors such as 

innovation or social impact (Aerts, Matthyssens and Vandenbempt, 2005). This variation 

reflects differences in incubator missions, funding models, and stakeholder expectations. 

Geographic and cultural factors also influence how market potential is assessed. 

Beyhan, Akçomak and Çetindamar (2021) note that U.S. programs emphasize financial 

metrics, including market potential, more heavily than their European counterparts, which 

tend to use "softer" criteria. This difference reflects broader cultural and institutional 

variations in entrepreneurship support across regions. 

The assessment of market potential is often challenging due to the inherent 

uncertainty of early-stage ventures and the difficulty of accurately forecasting market 

developments, particularly for innovative products or services (Ahmad, 2020). This 

uncertainty contributes to the use of heuristics and intuitive judgments in market 

assessment, as discussed in the section on behavioral decision theory. 
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2.3.3 Innovation and Technology Assessment 

Innovation level is consistently identified as a core selection criterion across various 

types of incubators, particularly those with a technology focus (Ferreira et al., 2023). This 

criterion encompasses assessments of technological innovation, business model 

innovation, and intellectual property considerations. 

Technological innovation evaluation focuses on the novelty, feasibility, and 

potential impact of the startup's technology (Butz and Mrożewski, 2021). Incubators assess 

whether the technology represents a significant advance over existing solutions, whether it 

is technically feasible given current knowledge and resources, and whether it offers 

substantial benefits to potential users. 

For technology-focused incubators, assessments of technical feasibility and 

innovation level may include prototype demonstrations or expert technology reviews (Butz 

and Mrożewski, 2021). These evaluations help incubators gauge both the technical merit 

of the innovation and the team's capability to execute on their technological vision. 

Business model innovation is increasingly recognized as an important dimension 

of innovation assessment, reflecting the understanding that novel business models can 

create value even in the absence of technological breakthroughs (De Mello, 2020). 

Incubators evaluate whether startups have developed innovative approaches to value 

creation, delivery, and capture that differentiate them from existing market players. 

Intellectual property considerations form another aspect of innovation assessment, 

particularly for startups based on proprietary technology (Aerts, Matthyssens and 

Vandenbempt, 2005). Incubators may evaluate whether startups have secured or have the 

potential to secure patents, trademarks, or other forms of intellectual property protection 

that could provide competitive advantages and enhance valuation. 
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The emphasis on innovation varies across different types of incubators. Technology 

incubators and those affiliated with research institutions typically place greater emphasis 

on technological innovation and intellectual property, while general business incubators 

may focus more on business model innovation and market applications (Aerts, Matthyssens 

and Vandenbempt, 2005). 

The assessment of innovation level is inherently subjective and often challenging, 

particularly for radically new technologies or business models that lack clear precedents or 

benchmarks (Ahmad, 2020). This subjectivity contributes to the use of expert panels and 

diverse perspectives in innovation assessment, as discussed in the section on evaluation 

methods. 

 

2.3.4 Financial Viability and Scalability 

Financial viability and scalability represent critical dimensions of startup 

assessment in incubator selection processes. These criteria focus on the startup's potential 

to achieve sustainable financial performance and significant growth over time. 

Business plan evaluation is a traditional approach to assessing financial viability, 

with incubators reviewing startups' business plans to evaluate their revenue models, cost 

structures, pricing strategies, and overall business logic (Simões et al., 2020). While there 

is a trend toward more concise business planning formats, the underlying assessment of 

business fundamentals remains important in selection decisions. 

Financial projections assessment involves evaluating the realism, coherence, and 

ambition of startups' financial forecasts (Simões et al., 2020). Incubators assess whether 

revenue and cost projections are based on reasonable assumptions, whether the startup has 

identified key financial metrics and milestones, and whether the projected financial 

trajectory aligns with investor expectations for the industry and stage. 
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Growth potential and scalability metrics are particularly emphasized in accelerator 

selection processes, reflecting their focus on rapid growth and investor returns (Beyhan, 

Akçomak and Çetindamar, 2021). Accelerators assess whether startups have the potential 

to scale rapidly with relatively modest additional resources, whether their business models 

exhibit positive network effects or economies of scale, and whether they are targeting 

markets large enough to support significant growth. 

The importance of financial viability and scalability in selection decisions varies 

across different types of incubators. Commercial accelerators and private incubators 

typically place greater emphasis on these criteria, while public or university-based 

incubators may give more weight to other factors such as innovation or social impact 

(Aerts, Matthyssens and Vandenbempt, 2005). 

Geographic and cultural factors also influence how financial viability and 

scalability are assessed. Research suggests that U.S. programs emphasize financial metrics 

more heavily than their European counterparts (Beyhan, Akçomak and Çetindamar, 2021). 

This difference reflects broader cultural and institutional variations in entrepreneurship 

support across regions. 

The assessment of financial viability and scalability is often challenging due to the 

inherent uncertainty of early-stage ventures and the difficulty of accurately forecasting 

financial performance, particularly for innovative business models or untested markets 

(Ahmad, 2020). This uncertainty contributes to the use of heuristics and intuitive 

judgments in financial assessment, as discussed in the section on behavioral decision 

theory. 

 

2.3.5 Secondary Selection Factors 
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Beyond the core criteria discussed above, several secondary factors influence 

incubator selection decisions, including social and environmental impact, fit with incubator 

mission and resources, prior funding and traction, and coachability and adaptability. 

Social and environmental impact is increasingly considered in selection decisions, 

particularly by incubators with explicit social or environmental missions (Butz and 

Mrożewski, 2021). These incubators assess whether startups have the potential to generate 

positive social or environmental outcomes alongside financial returns, whether they have 

developed appropriate metrics for measuring impact, and whether their impact goals align 

with the incubator's mission. 

The importance of social and environmental impact varies significantly across 

different types of incubators. Impact-focused incubators place these criteria at the center 

of their selection processes, while commercially oriented incubators may give them little 

or no weight (Butz and Mrożewski, 2021). This variation reflects differences in incubator 

missions, funding models, and stakeholder expectations. 

Fit with incubator mission and resources is another important secondary factor in 

selection decisions. Incubators assess whether startups align with their strategic objectives, 

whether they can benefit from the specific resources and expertise available within the 

incubator, and whether they complement the existing portfolio of incubated ventures 

(Ahmad, 2020). 

The assessment of fit reflects the understanding that incubation effectiveness 

depends on the match between startup needs and incubator capabilities. As Ahmad (2020) 

notes, there can be strategic misalignment between client selection outcomes and incubator 

service portfolios, highlighting the importance of considering fit in selection decisions. 

Prior funding and traction are increasingly considered in selection decisions, 

particularly by accelerators and later-stage incubators (Beyhan, Akçomak and Çetindamar, 



 

 

32 

2021). These programs assess whether startups have secured previous funding, whether 

they have demonstrated market traction through user acquisition or revenue generation, 

and whether they have achieved significant milestones in their development. 

The emphasis on prior funding and traction reflects both practical and theoretical 

considerations. From a practical perspective, previous funding and traction provide 

external validation of the startup's potential and reduce the risk of investing resources in 

unproven ventures. From a theoretical perspective, these factors serve as signals that help 

address the information asymmetry inherent in startup evaluation (Beyhan, Akçomak and 

Çetindamar, 2021). 

Coachability and adaptability, while closely related to team characteristics, deserve 

specific mention as selection factors that cut across multiple criteria. Incubators assess 

whether startups are receptive to feedback, willing to adapt their approaches based on new 

information, and able to navigate the uncertainty and change inherent in entrepreneurial 

development (Beyhan, Akçomak and Çetindamar, 2021). 

The emphasis on coachability and adaptability reflects the interactive and 

developmental nature of the incubation process. As Beyhan, Akçomak and Çetindamar 

(2021) note, "Accelerators prefer to work with entrepreneurial teams which are coachable, 

passionate and collaborative to be trained to vibrate the right signals." This finding 

highlights the importance of not only static qualities but also dynamic capabilities that 

enable startups to evolve and improve through the incubation process. 

The core and secondary selection criteria discussed in this section represent the 

multidimensional framework through which incubators evaluate startup potential. While 

the specific weights and combinations of criteria vary across different types of incubators 

and contexts, the literature consistently identifies team characteristics, market potential, 
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innovation level, and financial viability as central to selection decisions, with various 

secondary factors playing supporting roles depending on incubator type and mission. 

The application of these criteria is shaped by the decision-making approaches and 

frameworks employed by incubators, which are examined in the next section of this review. 

 

2.4 Decision-Making Approaches and Frameworks 

The process by which incubators and accelerators evaluate and select startups 

involves various decision-making approaches and frameworks. These approaches range 

from highly structured, rational methods to more intuitive, heuristic processes, with many 

incubators employing hybrid approaches that combine elements of both. This section 

examines the rational and systematic approaches, intuitive and heuristic approaches, and 

hybrid decision-making models identified in the literature on startup selection. 
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Figure 2.4: Decision-Making Approaches and Frameworks 

 

2.4.1 Rational and Systematic Approaches 

Rational and systematic approaches to startup selection emphasize structured 

evaluation processes, explicit criteria, and quantitative assessment methods. These 

approaches aim to enhance objectivity, consistency, and transparency in selection decisions 

by applying formal frameworks and methodologies. 

Multi-Criteria Decision Analysis (MCDA) represents one of the most widely used 

systematic approaches in incubator selection processes. Simões et al. (2020) propose a 

multi-criteria model using PROMETHEE methods to improve startup selection in 

incubators by maximizing project selection efficiency within budget constraints. Their 
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study demonstrates how structured decision-making can enhance clarity and objectivity in 

the selection process, particularly in university-based incubators. 

The MCDA approach involves defining explicit criteria, assigning weights to these 

criteria based on their relative importance, evaluating startups against each criterion, and 

aggregating these evaluations to produce an overall assessment or ranking (Simões et al., 

2020). This structured methodology helps address the complexity of startup evaluation by 

breaking it down into manageable components and providing a systematic framework for 

comparison. 

Research indicates that MCDA approaches are highly effective in general and 

university-based incubators, where they help balance multiple objectives and stakeholder 

interests (Simões et al., 2020). The transparency and structure of these methods can also 

enhance the legitimacy of selection decisions and facilitate communication with 

stakeholders about the rationale behind these decisions. 

The Real-Win-Worth (RWW) framework represents another systematic approach 

to startup evaluation, particularly in accelerators and prestigious incubators. This 

framework assesses startups along three dimensions: whether the opportunity is real 

(market reality), whether the startup can win in the market (competitive advantage), and 

whether the opportunity is worth pursuing (profit potential) (Chang and Rieple, 2013). 

Studies indicate that the RWW framework is highly effective in accelerators and 

prestigious incubators, where it helps focus evaluation on the commercial viability and 

potential returns of startups (Chang and Rieple, 2013). The framework's emphasis on 

market reality and competitive dynamics aligns well with the objectives of commercially 

oriented incubation programs. 

Balanced Scorecard approaches have been applied in European incubators, offering 

a systematic framework that considers multiple perspectives including financial, customer, 
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internal processes, and learning/growth dimensions (Aerts, Matthyssens and 

Vandenbempt, 2005). This approach helps incubators balance short-term financial 

considerations with longer-term strategic objectives and developmental goals. 

Social Impact Assessment frameworks provide structured approaches for 

evaluating the social and environmental impacts of startups, particularly in impact-focused 

incubators (Butz and Mrożewski, 2021). These frameworks typically involve defining 

impact objectives, identifying appropriate metrics, and assessing startups' potential to 

generate positive social or environmental outcomes alongside financial returns. 

The CERNE Model (Centro de Referência para Apoio a Novos Empreendimentos) 

represents a standardized framework for incubator management and startup selection that 

has been widely adopted in Brazilian incubators (Passoni et al., 2017). This model provides 

standardized processes, maturity levels, and evaluation criteria aimed at bringing 

consistency to the selection process across multiple programs. 

Passoni et al. (2017) examine the application of the CERNE model in Brazilian 

technology-based incubators, finding that it helps systematize the selection process and 

enhance the alignment between selection criteria and incubator objectives. The model's 

structured approach to evaluation and its emphasis on maturity assessment make it 

particularly valuable for incubators seeking to professionalize their selection processes. 

Rational and systematic approaches offer several advantages in startup selection, 

including enhanced objectivity, consistency across evaluators, transparency in decision-

making, and alignment with strategic objectives (Simões et al., 2020). However, they also 

face limitations, including the difficulty of quantifying qualitative factors, the potential 

rigidity of structured frameworks, and the resource intensity of comprehensive evaluation 

processes. 
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2.4.2 Intuitive and Heuristic Approaches 

In contrast to rational and systematic approaches, intuitive and heuristic approaches 

to startup selection emphasize experiential judgment, pattern recognition, and mental 

shortcuts in evaluation processes. These approaches recognize the role of intuition and tacit 

knowledge in assessing the complex, multifaceted, and uncertain prospects of early-stage 

ventures. 

Ahmad (2020) provides a detailed analysis of decision-making at technology 

incubators, finding that assessors do not follow a wholly rational process linking client 

attributes to critical success factors. Instead, they use a combination of rational and non-

rational or intuitive processes to choose clients that appear promising on various written 

and unwritten criteria. This finding highlights the significant role of intuition in incubator 

selection decisions, even in contexts where formal criteria and processes exist. 

The "entrepreneurial readiness" heuristic identified by Ahmad (2020) represents a 

specific mental shortcut used by incubator managers to assess startups' potential for 

successful incubation. This heuristic combines assessments of various startup attributes 

into an overall judgment of readiness for entrepreneurial development, illustrating how 

decision-makers develop specialized cognitive tools to address the particular challenges of 

their decision domain. 

Stereotyping and attribute substitution are other heuristic processes identified in 

incubator selection decisions. Ahmad (2020) notes that "due to limitations inherent in 

traditional information collection mechanisms, assessors consistently use 'stereotyping' and 

'attribute substitution' to make selection decisions." Stereotyping involves categorizing 

startups based on perceived similarities to previously encountered ventures, while attribute 

substitution occurs when difficult-to-assess qualities are replaced with more easily 

observable proxies. 
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Navis and Glynn (2011) suggest that evaluators generally make their selection 

decisions based on gut feeling, highlighting the role of intuition in entrepreneurial 

evaluation. This intuitive approach can be understood as a response to the cognitive 

challenges posed by startup evaluation, where complete information is rarely available and 

future outcomes are highly uncertain. 

Intuitive and heuristic approaches offer several advantages in startup selection, 

including the ability to process complex, multidimensional information quickly; the 

incorporation of tacit knowledge and pattern recognition based on experience; and 

adaptability to the unique characteristics and contexts of individual startups (Ahmad, 

2020). However, they also face limitations, including potential biases and inconsistencies, 

limited transparency and accountability, and difficulties in knowledge transfer and 

standardization. 

 

2.4.3 Hybrid Decision-Making Models 

In practice, most incubators and accelerators employ hybrid decision-making 

models that combine elements of both rational/systematic and intuitive/heuristic 

approaches. These hybrid models recognize the complementary strengths of different 

approaches and seek to balance structure and flexibility, objectivity and judgment, in the 

selection process. 

Ahmad (2020) explicitly identifies this hybrid nature of incubator decision-making, 

noting that "a combination of both rational and non-rational or intuitive processes help 

assessors chose clients which 'appear' most promising on a range of both written and un-

written criteria." This finding suggests that effective selection processes integrate 

structured evaluation frameworks with experiential judgment and intuitive assessment. 
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The integration of rational and intuitive elements can take various forms in practice. 

Some incubators use structured frameworks to guide initial screening and shortlisting, 

followed by more intuitive assessments during interviews or pitch presentations (Beyhan, 

Akçomak and Çetindamar, 2021). Others employ quantitative scoring systems but allow 

evaluators to adjust scores based on qualitative judgments or to weight certain criteria 

differently based on the specific context of each startup (Simões et al., 2020). 

Fuzzy Logic Models represent a formal approach to integrating quantitative and 

qualitative elements in decision-making. De Mello (2020) proposes a Fuzzy-QFD model 

for selecting startups for acceleration programs, focusing on technology transfer and 

innovative business modeling. This approach uses fuzzy logic to handle the uncertainty 

and linguistic variables inherent in startup evaluation, providing a mathematical framework 

for incorporating subjective judgments into structured decision processes. 

Artificial Intelligence (AI)-Assisted Evaluation represents an emerging hybrid 

approach that combines human judgment with machine learning algorithms and natural 

language processing. While still in early stages of development, these approaches show 

promise in analyzing application data, processing pitch decks, and supporting predictive 

modeling based on historical data (Leitner et al., 2021). 

Stakeholder involvement represents another dimension of hybrid decision-making, 

with many incubators incorporating diverse perspectives from mentors, investors, industry 

experts, and other stakeholders in the selection process (Beyhan, Akçomak and 

Çetindamar, 2021). This approach combines the structured frameworks of the incubator 

with the varied expertise and intuitive judgments of multiple evaluators, potentially 

enhancing both the quality and legitimacy of selection decisions. 

The choice between rational, intuitive, and hybrid approaches is influenced by 

various factors, including incubator type and mission, resource constraints, application 
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volume, evaluator expertise, and cultural context (Aerts, Matthyssens and Vandenbempt, 

2005). Research suggests that there is no single optimal approach for all contexts, but rather 

that effective selection processes align the decision-making approach with the specific 

objectives, constraints, and capabilities of the incubator. 

The evolution of decision-making approaches in incubator selection reflects 

broader trends in entrepreneurship support and organizational decision-making. There is a 

notable trend toward more comprehensive and data-driven evaluation methods, with 

increasing use of technology to support decision-making (Leitner et al., 2021). However, 

the persistence of qualitative methods like interviews and pitch presentations underscores 

the continued importance of human judgment in assessing intangible factors such as team 

dynamics and founder passion. 

The decision-making approaches and frameworks discussed in this section provide 

the methodological foundation for applying the selection criteria examined in the previous 

section. The effectiveness of these approaches is shaped by various contextual factors that 

influence how incubators design and implement their selection processes, which are 

examined in the next section of this review. 

 

2.5 Contextual Factors Influencing Selection Processes 

The selection of startups by incubators and accelerators does not occur in isolation 

but is embedded within broader contexts that shape selection criteria, processes, and 

outcomes. These contextual factors create significant variations in how incubators 

approach startup selection across different regions, organizational types, and economic 

environments. This section examines the geographic and cultural influences, incubator 

typology and mission alignment, economic and policy environment, industry-specific 

considerations, and startup development stage factors that influence selection processes. 
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Figure 2.5: Contextual Factors Influencing Selection Processes 

 

2.5.1 Geographic and Cultural Influences 

Research consistently identifies significant regional variations in selection criteria 

and practices across different geographic and cultural contexts. These variations reflect 

broader differences in entrepreneurial ecosystems, institutional environments, and cultural 

attitudes toward entrepreneurship and innovation. 

European incubators tend to focus more on "soft" criteria compared to their 

American counterparts, which emphasize financial metrics (Beyhan, Akçomak and 

Çetindamar, 2021). This distinction reflects different entrepreneurial cultures and 

institutional contexts, with European programs often operating within public or university 

frameworks that emphasize broader societal impacts alongside commercial outcomes. 

Aerts, Matthyssens and Vandenbempt (2005) examine the screening practices of 

European business incubators, finding that selection approaches vary significantly across 

different European countries. Their research highlights how national innovation systems, 

public funding mechanisms, and cultural attitudes toward entrepreneurship shape incubator 

selection practices within the European context. 
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In developing countries, there is often a greater emphasis on the potential for job 

creation and economic development in startup selection (Kinya, Wanjau and Odero, 2021). 

This focus reflects the pressing socioeconomic challenges facing these countries and the 

role of entrepreneurship support in addressing these challenges. Kinya, Wanjau and Odero 

(2021) examine incubator classification and performance in Kenya, highlighting how 

incubators in developing contexts often prioritize employment generation and local 

economic impact in their selection criteria. 

Brazilian incubators have developed distinctive approaches to startup selection, 

including the widespread adoption of the CERNE model, which provides standardized 

processes and evaluation criteria (Passoni et al., 2017). This model reflects Brazil's efforts 

to professionalize and systematize entrepreneurship support within its national innovation 

system. Passoni et al. (2017) examine the application of the CERNE model in Brazilian 

technology-based incubators, demonstrating how national policy initiatives can shape 

incubator selection practices. 

Cultural factors also influence how specific selection criteria are interpreted and 

applied. For instance, attitudes toward risk, failure, and entrepreneurial ambition vary 

across cultures and shape how incubators evaluate startup potential (Aerts, Matthyssens 

and Vandenbempt, 2005). In some contexts, bold vision and high-risk strategies may be 

valued, while in others, incremental innovation and sustainable growth may be preferred. 

The geographic distribution of research on incubator selection itself reflects 

regional variations in incubation practices and research priorities. Studies from Brazil and 

Europe are frequently represented in the literature, while research from other regions, 

particularly Africa and parts of Asia, is less prevalent (Kinya, Wanjau and Odero, 2021). 

This distribution suggests opportunities for more geographically diverse research to 

enhance our understanding of contextual influences on incubator selection. 
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2.5.2 Incubator Typology and Mission Alignment 

The nature and ownership structure of incubators significantly impact their 

selection criteria and processes. Different types of incubators, public vs. private, general 

vs. specialized, university-based vs. independent, corporate vs. non-profit, operate with 

distinct missions, resources, and stakeholder expectations that shape their approach to 

startup selection. 

Public incubators often have broader societal goals, while private ones may focus 

more on financial returns (Aerts, Matthyssens and Vandenbempt, 2005). This distinction 

influences selection criteria, with public incubators typically considering a wider range of 

impacts beyond commercial success, including job creation, regional development, and 

social benefits. Private incubators, particularly those with investor backing, tend to 

prioritize scalability, market potential, and financial returns in their selection decisions. 

University-based incubators often emphasize knowledge transfer and academic 

entrepreneurship in their selection criteria (Simões et al., 2020). These incubators 

frequently prioritize startups that commercialize university research or involve academic 

founders, reflecting their mission to translate academic knowledge into economic and 

societal impact. Simões et al. (2020) examine a university-based incubator in Brazil, 

highlighting how its selection process is designed to support the university's broader 

knowledge transfer objectives. 

Specialized incubators, such as those focusing on sustainability or social impact, 

have distinct criteria aligned with their missions (Butz and Mrożewski, 2021). These 

incubators evaluate startups not only on commercial potential but also on their alignment 

with specific impact objectives or industry focus areas. Butz and Mrożewski (2021) 

examine the selection process and criteria of impact accelerators, demonstrating how these 
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specialized programs adapt standard selection approaches to incorporate impact 

assessment. 

Corporate incubators prioritize startups that align with their strategic interests 

(Ikram, 2010). These incubators typically select ventures that complement the corporation's 

existing business, provide access to new technologies or markets, or address specific 

innovation challenges identified by the corporation. Ikram (2010) examines corporate 

business incubator portfolio management, highlighting how selection effectiveness can be 

increased through alignment with corporate strategic objectives. 

The mission alignment between incubator objectives and selection criteria is critical 

for effective incubation outcomes. Ahmad (2020) identifies a strategic misalignment 

between client selection outcomes and incubator service portfolios in some technology 

incubators, highlighting the importance of designing selection processes that identify 

startups whose needs align with the incubator's capabilities and resources. 

The typology of incubators has evolved over time, with new models emerging to 

address specific market needs or entrepreneurial challenges. Accelerators represent a 

relatively recent innovation in the incubation landscape, typically offering shorter, more 

intensive programs focused on rapid growth and investor readiness (Beyhan, Akçomak and 

Çetindamar, 2021). This model has introduced distinctive selection approaches, including 

cohort-based selection, investor involvement in selection decisions, and emphasis on team 

characteristics and scalability. 

 

 

 

2.5.3 Economic and Policy Environment 
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The broader economic context, including market conditions, availability of venture 

capital, and government policies, significantly influences incubator selection priorities and 

practices. These environmental factors shape both the supply of entrepreneurial ventures 

seeking incubation and the criteria used to evaluate them. 

In resource-constrained environments, incubators may place higher importance on 

a startup's ability to bootstrap or attract external funding (Butz and Mrożewski, 2021). This 

emphasis reflects the practical reality that incubators with limited resources must select 

startups that can make the most of available support and have realistic paths to 

sustainability given the constraints of the funding environment. 

Government policies and initiatives, such as funding programs or regulatory 

frameworks, can shape incubator priorities and selection criteria, particularly in public or 

university-based incubators (Aerts, Matthyssens and Vandenbempt, 2005). These policies 

may direct incubators toward specific sectors, technologies, or types of founders, 

influencing both the explicit criteria used in selection and the implicit preferences that 

guide decision-making. 

The availability of venture capital and other funding sources in the regional 

ecosystem influences how incubators approach selection (Beyhan, Akçomak and 

Çetindamar, 2021). In environments with abundant venture capital, incubators may focus 

on selecting startups with high growth potential that align with investor preferences. In 

contrast, in regions with limited venture funding, incubators may need to select startups 

with more immediate revenue potential or those capable of bootstrapping to sustainability. 

Economic cycles also impact incubator selection approaches, with priorities 

shifting in response to economic expansions and contractions (Aerts, Matthyssens and 

Vandenbempt, 2005). During economic downturns, incubators may place greater emphasis 
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on financial viability and resilience, while during expansions, they may be more willing to 

select ventures pursuing more speculative or long-term opportunities. 

The policy environment surrounding specific industries or technologies can also 

influence selection criteria. For instance, government initiatives promoting clean 

technology or digital transformation may lead incubators to prioritize startups in these 

areas, adapting their selection criteria to identify ventures with the potential to leverage 

these policy priorities (Butz and Mrożewski, 2021). 

 

2.5.4 Industry-Specific Considerations 

Sector-specific incubators adapt their selection criteria to industry-specific factors, 

recognizing that different industries have distinct success factors, development trajectories, 

and evaluation challenges. This adaptation ensures that selection processes are aligned with 

the realities of the specific sectors in which startups operate. 

Information and Communication Technology (ICT) incubators in Malaysia 

prioritize market and product characteristics relevant to the tech sector (Khalid, Gilbert and 

Huq, 2011). These incubators emphasize factors such as technological novelty, scalability 

of digital products, and potential for rapid user acquisition, reflecting the distinctive 

dynamics of technology markets. Khalid, Gilbert and Huq (2011) highlight how selection 

criteria are tailored to the specific challenges and opportunities of the technology sector. 

Sustainability-focused accelerators emphasize environmental impact alongside 

commercial potential (Butz and Mrożewski, 2021). These programs evaluate startups not 

only on traditional business metrics but also on their potential to address environmental 

challenges, reduce resource consumption, or promote sustainable practices. This dual focus 

reflects the distinctive mission of sustainability incubators and the growing market 

opportunities in the green economy. 
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Healthcare and biotech incubators often have specialized criteria related to clinical 

validation, regulatory pathways, and intellectual property protection (Aerts, Matthyssens 

and Vandenbempt, 2005). These criteria reflect the unique challenges of healthcare 

innovation, including long development timelines, complex regulatory requirements, and 

the critical importance of scientific validation and intellectual property in creating value. 

Industry-specific knowledge and expertise are often incorporated into selection 

processes through specialized evaluation panels or industry experts who can assess the 

technical and market aspects of startups in particular sectors (Beyhan, Akçomak and 

Çetindamar, 2021). This approach helps incubators overcome the challenges of evaluating 

highly specialized or technical ventures that require domain-specific knowledge to assess 

accurately. 

The adaptation of selection criteria to industry-specific factors highlights the 

importance of contextual alignment in incubator selection processes. Effective selection 

requires not only general frameworks for evaluating startup potential but also specific 

knowledge and criteria relevant to the industries in which startups operate. 

 

2.5.5 Startup Development Stage Considerations 

The stage of startup development significantly influences selection criteria and 

processes, with different approaches applied to very early-stage ideas (pre-incubation) 

versus more developed startups (acceleration). These stage-specific considerations reflect 

the different needs, challenges, and evaluation possibilities at various points in the 

entrepreneurial journey. 

Pre-incubation programs often focus more on idea potential and founder 

characteristics, while accelerators may emphasize traction and scalability (Beyhan, 

Akçomak and Çetindamar, 2021). This distinction reflects the different stages of 
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development addressed by these programs, with pre-incubation supporting the earliest 

phases of venture creation and accelerators focusing on scaling ventures that have already 

demonstrated some market validation. 

The evaluation methods used also vary by stage, with early-stage selection relying 

more heavily on qualitative assessments of founders and concepts, while later-stage 

selection can incorporate more quantitative metrics of performance and traction (Beyhan, 

Akçomak and Çetindamar, 2021). This variation reflects the increasing availability of 

concrete data points as startups develop, allowing for more objective and metrics-based 

evaluation at later stages. 

Yin and Luo (2018) examine how accelerators select startups, finding that decision 

criteria shift across stages of the selection process. Their research highlights how 

accelerators employ different criteria at initial screening, detailed evaluation, and final 

selection stages, with increasing emphasis on team dynamics and founder characteristics 

in later stages of evaluation. 

The risk profile of selection also varies by stage, with early-stage incubation 

typically involving higher uncertainty and greater emphasis on potential, while later-stage 

acceleration may involve lower uncertainty but higher stakes in terms of resource 

investment (Beyhan, Akçomak and Çetindamar, 2021). This difference in risk profile 

influences how incubators approach selection, with early-stage programs often casting 

wider nets and accepting higher failure rates, while later-stage programs may be more 

selective and focused on ventures with clearer paths to success. 

The contextual factors discussed in this section, geographic and cultural influences, 

incubator typology and mission alignment, economic and policy environment, industry-

specific considerations, and startup development stage, create a complex and dynamic 

landscape for incubator selection. These factors interact to shape the specific criteria, 
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processes, and outcomes of selection in different contexts, highlighting the importance of 

contextual alignment in designing effective selection approaches. 

Understanding these contextual influences is essential for interpreting the diverse 

selection practices observed across different incubators and for designing selection 

processes that are appropriate for specific contexts. The next section examines the specific 

evaluation methods and tools used to implement selection processes within these varied 

contexts. 

 

2.6 Evaluation Methods and Tools in Practice 

The practical implementation of startup selection by incubators involves a diverse 

range of evaluation methods and tools that operationalize the criteria and decision-making 

approaches discussed in previous sections. These methods vary in their structure, resource 

requirements, and suitability for different contexts. This section examines traditional 

evaluation approaches, emerging technological tools, specialized assessment techniques, 

and process-oriented approaches used in incubator selection practices. 

 

 
Figure 2.6: Evaluation Methods and Tools in Practice 
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2.6.1 Traditional Evaluation Approaches 

Traditional evaluation approaches form the foundation of most incubator selection 

processes, providing established methods for assessing startup potential and fit. These 

approaches include structured interviews, business plan analysis, pitch presentations, and 

expert panel assessments. 

Structured interviews are widely used as a primary evaluation tool, allowing 

incubators to assess team dynamics, founder motivation, and the ability to articulate 

business concepts clearly (Beyhan, Akçomak and Çetindamar, 2021). These interviews 

often follow semi-structured formats that combine standardized questions with flexible 

exploration of startup-specific issues. As noted by Beyhan, Akçomak and Çetindamar 

(2021), interviews provide valuable insights into team characteristics, which are 

consistently rated as critical selection factors. 

The effectiveness of interviews depends significantly on the skill of interviewers 

and the design of interview protocols. Research suggests that interviews are most valuable 

when conducted by experienced evaluators who can recognize patterns and identify critical 

success factors based on prior experience with startups (Ahmad, 2020). However, 

interviews are also susceptible to various biases, including confirmation bias, halo effects, 

and similarity attraction, which can influence evaluator judgments (Ahmad, 2020). 

Business plan analysis remains a common evaluation method, particularly for 

assessing financial viability and market strategy (Simões et al., 2020). While there is a 

trend toward more concise business planning formats, the underlying assessment of 

business fundamentals continues to play an important role in selection decisions. Simões 

et al. (2020) note that business plan evaluation typically focuses on elements such as market 

analysis, competitive positioning, revenue model, and financial projections. 
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The depth and formality of business plan analysis vary across different types of 

incubators. University-based and public incubators often require more comprehensive 

business plans and conduct more detailed analyses, while accelerators may focus on 

specific elements such as market size, scalability, and revenue model (Beyhan, Akçomak 

and Çetindamar, 2021). This variation reflects differences in incubator missions, resources, 

and selection priorities. 

Pitch presentations have become increasingly central to incubator selection 

processes, particularly in accelerators (Beyhan, Akçomak and Çetindamar, 2021). These 

presentations allow evaluators to assess communication skills, passion, and the ability to 

respond effectively to questions. Pitch sessions typically involve short (5-10 minute) 

presentations followed by Q&A, providing a time-efficient method for evaluating multiple 

startups. 

The format and evaluation criteria for pitch presentations vary across programs. 

Some incubators use highly structured formats with specific requirements for content and 

timing, while others adopt more flexible approaches that allow founders to showcase their 

unique strengths (Beyhan, Akçomak and Çetindamar, 2021). Evaluation typically 

considers both the content of the pitch (clarity of value proposition, market understanding, 

business model) and the delivery (communication effectiveness, enthusiasm, 

responsiveness to questions). 

Expert panel assessments involve evaluation by groups of individuals with relevant 

expertise, including industry professionals, investors, experienced entrepreneurs, and 

incubator staff (Beyhan, Akçomak and Çetindamar, 2021). These panels provide diverse 

perspectives on startup potential and help mitigate individual biases in evaluation. Beyhan, 

Akçomak and Çetindamar (2021) note that "accelerators build selection committees 
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consisting of many stakeholders, especially potential investors," highlighting the 

importance of diverse expertise in selection decisions. 

The composition of expert panels varies across incubators, reflecting their specific 

focus and objectives. Technology incubators often include technical experts who can assess 

the feasibility and novelty of technological innovations, while commercially oriented 

accelerators typically include investors who evaluate investment potential (Beyhan, 

Akçomak and Çetindamar, 2021). This diversity of expertise helps ensure that startups are 

evaluated across multiple dimensions relevant to their potential success. 

 

2.6.2 Emerging Technological Tools 

Technological advances are increasingly influencing incubator selection methods, 

with digital platforms, artificial intelligence, and data analytics offering new approaches to 

startup evaluation. These emerging tools promise enhanced efficiency, objectivity, and 

insight in the selection process. 

Online application platforms have become standard tools for managing the initial 

application and screening process, allowing incubators to collect standardized information 

from startups and streamline the evaluation workflow (Leitner et al., 2021). These 

platforms often incorporate automated scoring for certain criteria, helping to efficiently 

filter large numbers of applications down to a manageable shortlist for more detailed 

evaluation. 

The functionality of online platforms varies from basic application management to 

sophisticated evaluation systems. Advanced platforms may include features such as video 

submission capabilities, integrated reference checks, automated background research, and 

collaborative evaluation tools for multiple reviewers (Leitner et al., 2021). These features 
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help incubators gather richer information about applicants while managing the 

administrative complexity of the selection process. 

Artificial Intelligence (AI) and Machine Learning tools represent an emerging 

frontier in startup selection, with potential applications in analyzing application data, 

processing pitch decks, and developing predictive models based on historical data (Leitner 

et al., 2021). These tools can help identify patterns and correlations that might not be 

apparent to human evaluators, potentially enhancing the accuracy and consistency of 

selection decisions. 

Leitner et al. (2021) note that AI-assisted evaluation is still in early stages of 

development but shows promising results in contexts where sufficient historical data is 

available for training algorithms. Applications include natural language processing of 

application texts, analysis of founder characteristics based on video interviews, and 

predictive modeling of startup success based on various input factors. 

Data-driven decision support systems integrate multiple data sources and analytical 

tools to provide comprehensive insights for selection decisions (Leitner et al., 2021). These 

systems may combine internal data from the application process with external data from 

sources such as market research databases, social media, patent repositories, and funding 

databases to create richer profiles of startup potential. 

While technological tools offer significant potential benefits, research also 

highlights their limitations and challenges. Ahmad (2020) notes that technology cannot 

fully replace human judgment in assessing intangible factors such as team dynamics, 

founder passion, and cultural fit. Furthermore, algorithmic approaches may inadvertently 

perpetuate biases present in historical data or fail to recognize truly innovative approaches 

that deviate from past patterns (Leitner et al., 2021). 
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The adoption of technological tools varies significantly across different types of 

incubators, with larger, better-resourced programs typically leading in technology 

implementation (Leitner et al., 2021). This variation creates potential disparities in 

selection efficiency and effectiveness, with implications for the broader entrepreneurial 

ecosystem and access to incubation resources. 

 

2.6.3 Specialized Assessment Techniques 

Beyond traditional approaches and emerging technologies, incubators employ 

various specialized techniques to assess specific aspects of startup potential. These 

techniques include psychometric testing, proof-of-concept evaluation, social impact 

measurement, market validation exercises, and network analysis. 

Psychometric tests are used by some programs to assess founder characteristics and 

team dynamics, particularly in contexts where team factors are heavily weighted (Beyhan, 

Akçomak and Çetindamar, 2021). These tests may evaluate personality traits, cognitive 

styles, emotional intelligence, and team role preferences, providing structured insights into 

the human factors that influence startup success. 

The use of psychometric testing in startup selection remains relatively limited and 

controversial. Proponents argue that these tests provide objective data on founder 

characteristics that might otherwise be assessed subjectively, while critics question their 

predictive validity in entrepreneurial contexts and raise concerns about potential biases 

(Beyhan, Akçomak and Çetindamar, 2021). 

Proof-of-concept evaluations are particularly important for technology-focused 

incubators, where assessments of technical feasibility and innovation level may include 

prototype demonstrations or expert technology reviews (Butz and Mrożewski, 2021). 
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These evaluations help incubators gauge both the technical merit of the innovation and the 

team's capability to execute on their technological vision. 

The format of proof-of-concept evaluations varies depending on the technology 

domain and development stage. Early-stage ventures might present conceptual designs or 

laboratory prototypes, while more developed startups might demonstrate functional 

prototypes or beta versions of their products (Butz and Mrożewski, 2021). Evaluation 

typically considers factors such as technical feasibility, innovation level, intellectual 

property potential, and development roadmap. 

Social impact measurement tools are used by impact-focused incubators and 

accelerators to assess the potential social or environmental benefits of startups (Butz and 

Mrożewski, 2021). These tools may include impact assessment frameworks, sustainability 

metrics, theory of change models, and social return on investment calculations. Butz and 

Mrożewski (2021) examine the selection process and criteria of impact accelerators, 

highlighting how specialized tools help these programs evaluate dimensions of startup 

potential that go beyond commercial metrics. 

Market validation exercises involve requiring startups to conduct or present results 

from customer interviews, surveys, pre-sales, or other activities that demonstrate market 

demand for their offerings (Beyhan, Akçomak and Çetindamar, 2021). These exercises 

help incubators assess whether startups have validated their value propositions with 

potential customers and gathered meaningful feedback to inform their development. 

The emphasis on market validation reflects the influence of lean startup 

methodologies on entrepreneurship support, with their focus on customer development and 

iterative testing of business hypotheses (Ries, 2011). By requiring evidence of market 

validation, incubators aim to reduce the risk of investing resources in ventures that lack 

product-market fit. 
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Network analysis examines a startup's existing connections and relationships as part 

of the evaluation process, particularly in ecosystem-focused approaches (Beyhan, 

Akçomak and Çetindamar, 2021). This analysis may consider factors such as the founders' 

professional networks, relationships with potential customers or partners, connections to 

investors or industry experts, and integration within relevant entrepreneurial communities. 

The emphasis on network factors reflects the understanding that startups do not 

succeed in isolation but rather through productive engagement with various stakeholders 

in their ecosystem (Spigel, 2017). By assessing network resources and capabilities, 

incubators gain insights into startups' potential to leverage relationships for growth and 

development. 

 

2.6.4 Process-Oriented Approaches 

The structure and sequencing of evaluation activities significantly influence 

selection outcomes. Process-oriented approaches focus on how evaluation methods are 

organized and implemented over time, including stage-gate processes, due diligence 

procedures, standardized frameworks, and scoring systems. 

Stage-gate evaluation processes involve multiple rounds of assessment, with 

startups progressing through several stages of increasingly rigorous evaluation (Yin and 

Luo, 2018). This approach allows incubators to efficiently allocate evaluation resources by 

conducting lighter initial screenings of all applicants and more intensive evaluations of 

promising candidates.  

The design of stage-gate processes varies across incubators, but typically includes 

an initial application screening, followed by one or more rounds of interviews or 

presentations, and culminating in a final selection decision (Beyhan, Akçomak and 
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Çetindamar, 2021). Each stage may involve different evaluators, criteria, and methods, 

with increasing emphasis on in-depth assessment of critical success factors in later stages. 

Due diligence procedures involve more rigorous verification and investigation of 

startups that have progressed through initial screening stages (Butz and Mrożewski, 2021). 

These procedures may include financial audits, market research verification, intellectual 

property checks, reference checks with previous employers or investors, and detailed 

examination of technical claims or market assumptions. 

The depth and focus of due diligence vary depending on the incubator type and the 

specific risks associated with different startups. Accelerators offering significant funding 

typically conduct more extensive due diligence than early-stage incubators providing 

primarily mentorship and workspace (Beyhan, Akçomak and Çetindamar, 2021). 

Similarly, startups in regulated industries or those making significant technical claims may 

undergo more specialized due diligence focused on these aspects. 

Standardized assessment frameworks, such as the CERNE model in Brazilian 

incubators, provide structured approaches to evaluation that enhance consistency and 

comparability across different startups and selection cycles (Passoni et al., 2017). These 

frameworks typically define specific evaluation dimensions, criteria, and processes that are 

applied systematically to all applicants. 

The adoption of standardized frameworks reflects efforts to professionalize and 

systematize incubator operations, moving from ad hoc or intuitive selection approaches 

toward more structured and transparent processes (Passoni et al., 2017). These frameworks 

can enhance the legitimacy of selection decisions and facilitate knowledge transfer across 

different incubators and programs. 

Scoring matrices and weighted criteria systems provide quantitative approaches to 

aggregating assessments across multiple criteria and evaluators (Simões et al., 2020). 
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These systems typically involve defining specific criteria, assigning weights based on their 

relative importance, scoring startups on each criterion, and calculating weighted averages 

to produce overall assessments or rankings. 

Simões et al. (2020) highlights both the potential benefits of quantitative evaluation 

in terms of transparency and consistency and the challenges of appropriately weighting 

different criteria to reflect incubator priorities. 

The choice of evaluation methods and tools is influenced by various factors, 

including incubator type and mission, resource constraints, application volume, evaluator 

expertise, and cultural context (Aerts, Matthyssens and Vandenbempt, 2005). Research 

suggests that there is no single optimal approach for all contexts, but rather that effective 

selection processes align the evaluation methods with the specific objectives, constraints, 

and capabilities of the incubator. 

The evolution of evaluation methods reflects broader trends in entrepreneurship 

support and organizational decision-making. There is a notable trend toward more 

comprehensive and data-driven evaluation methods, with increasing use of technology to 

support decision-making (Leitner et al., 2021). However, the persistence of qualitative 

methods like interviews and pitch presentations underscores the continued importance of 

human judgment in assessing intangible factors such as team dynamics and founder 

passion. 

The evaluation methods and tools discussed in this section operationalize the 

selection criteria and decision-making approaches examined in previous sections. They 

provide the practical mechanisms through which incubators implement their selection 

processes within the various contextual factors that shape these processes. The next section 

examines the methodological approaches used in research on startup selection, providing 
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insights into how our knowledge of this field has been developed and the limitations of 

current research approaches. 

 

2.7 Methodological Approaches in Startup Selection Research 

Research on startup selection by incubators employs diverse methodological 

approaches that shape our understanding of this field. These approaches vary in their 

research designs, data collection methods, geographic focus, and analytical techniques. 

This section examines research design trends and patterns, geographic distribution of 

research, and methodological limitations and challenges in the literature on incubator 

selection. 

 

2.7.1 Research Design Trends and Patterns 

The literature on startup selection by incubators encompasses various research 

designs, including quantitative studies, qualitative case studies, mixed methods 

approaches, and theoretical or conceptual papers. Each approach offers distinct insights 

while facing specific limitations in capturing the complex reality of selection processes. 

Quantitative studies, particularly surveys and statistical analyses, represent a 

common approach in the literature. These studies typically collect data from multiple 

incubators or startups through structured questionnaires and analyze patterns using 

statistical methods (Aerts, Matthyssens and Vandenbempt, 2005). Quantitative research 

offers advantages in terms of generalizability, allowing researchers to identify patterns 

across larger samples of incubators or startups. 

The scale of quantitative studies varies considerably, from focused analyses of 

single incubators to large-scale surveys covering hundreds of organizations. For example, 

one study analyzed data from 654 incubators, providing broad insights into selection 
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practices across a large sample (Aerts, Matthyssens and Vandenbempt, 2005). Another 

examined 10,029 startups, offering a substantial dataset for understanding selection 

outcomes (Leitner et al., 2021). These larger studies provide valuable perspectives on 

general patterns and trends in incubator selection. 

Qualitative case studies offer in-depth examinations of selection processes within 

specific incubators or programs. These studies typically employ methods such as 

interviews, observations, and document analysis to develop rich, contextual understandings 

of how selection decisions are made in practice (Beyhan, Akçomak and Çetindamar, 2021). 

Qualitative approaches are particularly valuable for exploring the nuanced, multifaceted 

nature of selection processes and the contextual factors that influence them. 

Beyhan, Akçomak and Çetindamar (2021) conducted in-depth case studies of 10 

accelerators in Turkey, providing detailed insights into their selection processes. This 

research illustrates the value of qualitative approaches in uncovering the complex interplay 

of factors that shape selection decisions, including the involvement of various stakeholders 

and the emphasis on team characteristics such as coachability and passion. 

Mixed methods approaches combine elements of both quantitative and qualitative 

research, seeking to leverage the strengths of each while mitigating their limitations. These 

approaches may involve sequential designs, where qualitative research informs the 

development of quantitative instruments or helps interpret quantitative findings, or 

concurrent designs, where both types of data are collected and analyzed simultaneously 

(Butz and Mrożewski, 2021). 

Butz and Mrożewski (2021) employed a mixed methods approach in their study of 

impact accelerators, combining qualitative analysis of selection criteria with quantitative 

assessment of their relative importance. This integrated approach provided both rich 
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contextual understanding and systematic comparison across different criteria and 

programs. 

Theoretical and conceptual papers develop frameworks or models for 

understanding startup selection without primary empirical data collection. These papers 

typically draw on existing literature, theoretical perspectives, and logical analysis to 

advance our conceptual understanding of selection processes (Ahmad, 2020). While 

lacking direct empirical validation, theoretical papers can offer valuable conceptual 

frameworks that guide future research and practice. 

Ahmad (2020) presents a theoretical analysis of decision-making at technology 

incubators, introducing concepts such as the "entrepreneurial readiness" heuristic and 

explaining the strategic misalignment between selection outcomes and incubator service 

portfolios. This work illustrates how theoretical approaches can generate novel insights and 

conceptual frameworks that enhance our understanding of incubator selection processes. 

The distribution of research designs in the literature reflects both the evolution of 

the field and the specific research questions being addressed. Early research on incubator 

selection often employed descriptive approaches focused on documenting selection criteria 

and processes, while more recent work has increasingly adopted explanatory or evaluative 

approaches aimed at understanding the effectiveness and implications of different selection 

methods (Aerts, Matthyssens and Vandenbempt, 2005; Leitner et al., 2021). 

 

2.7.2 Geographic Distribution of Research 

The geographic focus of research on incubator selection varies considerably, with 

studies conducted across different regions and countries. This distribution reflects both the 

global spread of incubation practices and the specific research interests and resources in 

different regions. 
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Studies from Brazil and Europe are frequently represented in the literature, 

providing substantial insights into incubation practices in these regions (Passoni et al., 

2017; Aerts, Matthyssens and Vandenbempt, 2005). Brazilian research has particularly 

focused on the application of structured selection frameworks such as the CERNE model, 

reflecting the country's efforts to systematize and professionalize incubation practices 

(Passoni et al., 2017). 

European research has examined various aspects of incubator selection, with 

studies conducted across multiple countries including Belgium, the Netherlands, France, 

and Germany (Aerts, Matthyssens and Vandenbempt, 2005). This research has highlighted 

regional variations in selection approaches within Europe, as well as distinctive European 

practices compared to other regions. 

Research from other regions, including North America, Asia, and Africa, is less 

prevalent but offers valuable perspectives on diverse incubation contexts. Studies from 

Turkey have examined accelerator selection processes, highlighting the role of investors 

and the importance of team characteristics (Beyhan, Akçomak and Çetindamar, 2021). 

Research from Malaysia has focused on ICT incubation, examining selection performance 

practices in this specific sectoral context (Khalid, Gilbert and Huq, 2011). 

African research, while less common, provides insights into incubation in 

developing contexts. Kinya, Wanjau and Odero (2021) examine incubator classification 

and performance in Kenya, highlighting how incubators in developing countries often 

prioritize employment generation and local economic impact in their selection criteria. 

Cross-cultural comparative studies that systematically examine selection practices 

across different countries or regions are relatively rare in the literature. This gap represents 

an opportunity for future research to enhance our understanding of how cultural, 

institutional, and economic factors influence incubator selection across diverse contexts. 
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The geographic distribution of research itself reflects various factors, including the 

prevalence of incubators in different regions, research funding availability, academic 

interest, and publication patterns. The concentration of research in certain regions may 

limit our understanding of global incubation practices and create biases in the literature 

toward Western or developed-country perspectives. 

 

2.7.3 Methodological Limitations and Challenges 

Research on incubator selection faces several methodological limitations and 

challenges that affect the quality, comprehensiveness, and generalizability of findings. 

These challenges include sample size and selection issues, access to decision-making 

processes, measurement and evaluation challenges, and generalizability of findings. 

Sample size and selection issues affect many studies in this field, particularly those 

employing qualitative methods or focusing on specific geographic regions or incubator 

types. Small sample sizes limit the generalizability of findings and may not capture the full 

diversity of incubation practices (Beyhan, Akçomak and Çetindamar, 2021). Selection bias 

in sampling may also occur when researchers focus on more accessible or successful 

incubators, potentially overlooking important variations or challenges in less visible 

programs. 

Beyhan, Akçomak and Çetindamar (2021) acknowledge this limitation in their 

study of Turkish accelerators, noting that "this study exploits a limited number of in-depth 

interviews with accelerator managers in Turkey. Hence, our findings' generalizability may 

increase if similar studies covering accelerators in other countries are conducted to 

compare findings across different contexts." 

Access to incubator decision-making processes presents another significant 

challenge for researchers. Selection decisions often involve confidential information, 
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subjective judgments, and complex interactions among multiple stakeholders, making 

them difficult to observe and document comprehensively (Ahmad, 2020). Many studies 

rely on retrospective accounts from incubator managers rather than direct observation of 

selection processes, introducing potential recall biases and selective reporting. 

Ahmad (2020) highlights the challenges of accessing the non-rational or intuitive 

aspects of decision-making, noting that assessors may not be fully aware of or able to 

articulate the heuristics and mental shortcuts they employ in selection decisions. This 

challenge limits our understanding of the cognitive processes that underlie incubator 

selection and may lead to an overemphasis on formal criteria and processes in the literature. 

Measurement and evaluation challenges affect research on selection effectiveness, 

particularly given the difficulty of establishing causal relationships between selection 

methods and incubation outcomes. The long time horizons of startup development, the 

influence of numerous factors beyond selection, and the lack of counterfactual evidence 

(what would have happened to selected or rejected startups under different circumstances) 

make it challenging to evaluate the effectiveness of different selection approaches (Leitner 

et al., 2021). 

Simões et al. (2020) acknowledge this limitation in their study of a multi-criteria 

selection model, noting that "the limitation of the study is the inability to compare the 

results of the second stage of the model with real selection data, as this stage had not been 

completed at the time of the study." This challenge is common in research on selection 

methods, where the ultimate outcomes of selection decisions may not be known for years 

after the research is conducted. 

Generalizability of findings is limited by the contextual nature of incubation 

practices and the significant variations across different types of incubators, geographic 

regions, and economic environments. Findings from one context may not apply to others, 
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and the effectiveness of specific selection approaches likely depends on their alignment 

with the particular objectives, resources, and constraints of each incubator (Aerts, 

Matthyssens and Vandenbempt, 2005). 

Beyhan, Akçomak and Çetindamar (2021) note that their research "does not 

consider the negative impact of the selection processes in accelerators. Bringing investor 

selection to the early stages may lead to the institutionalization of 'a certain type of startup.'" 

This observation highlights how methodological choices and research focus can limit our 

understanding of the broader implications and potential drawbacks of different selection 

approaches. 

The methodological approaches employed in research on startup selection shape 

our understanding of this field, influencing which aspects of selection receive attention and 

how findings are interpreted and applied. Awareness of these methodological patterns, 

geographic distributions, and limitations is essential for critically evaluating the existing 

literature and identifying opportunities for future research that addresses current gaps and 

challenges. 

The next section examines emerging trends and future directions in startup 

selection, building on the methodological foundation discussed here to explore how 

incubator selection practices are evolving and where future research might focus. 

 

2.8 Emerging Trends and Future Directions 

The field of startup selection by incubators continues to evolve in response to 

changing entrepreneurial ecosystems, technological advances, and growing understanding 

of effective selection practices. This section examines emerging trends and future 

directions in startup selection, focusing on technological evolution in selection processes, 
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balancing efficiency and effectiveness, evolving priorities in startup evaluation, 

stakeholder involvement trends, and future research opportunities. 

 

2.8.1 Technological Evolution in Selection Processes 

The integration of technology into selection processes represents a significant trend 

in incubator practices, with implications for how startups are evaluated and selected. This 

technological evolution encompasses AI and machine learning applications, data-driven 

decision-making advancements, and digital platforms for application and screening. 

 

AI and machine learning applications are increasingly being explored for startup 

selection, with potential to enhance various aspects of the evaluation process (Leitner et 

al., 2021). These applications include natural language processing of application texts, 

analysis of founder characteristics based on video interviews, pattern recognition in startup 

data, and predictive modeling of startup success based on various input factors. 

While still in early stages of development, AI-assisted evaluation shows promising 

results in contexts where sufficient historical data is available for training algorithms 

(Leitner et al., 2021). The potential benefits include increased efficiency in processing large 

numbers of applications, reduced human bias in initial screening, and identification of 

patterns and correlations that might not be apparent to human evaluators. 

However, the adoption of AI in selection also raises important challenges and 

concerns. Ahmad (2020) notes that technology cannot fully replace human judgment in 

assessing intangible factors such as team dynamics, founder passion, and cultural fit. 

Furthermore, algorithmic approaches may inadvertently perpetuate biases present in 

historical data or fail to recognize truly innovative approaches that deviate from past 

patterns (Leitner et al., 2021). 
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Data-driven decision-making is advancing beyond simple metrics to more 

sophisticated approaches that integrate multiple data sources and analytical techniques 

(Leitner et al., 2021). These approaches combine internal data from the application process 

with external data from sources such as market research databases, social media, patent 

repositories, and funding databases to create richer profiles of startup potential. 

The trend toward data-driven decision-making reflects broader movements in 

business and organizational practices, with increasing emphasis on evidence-based 

approaches and quantitative assessment (Leitner et al., 2021). However, research also 

highlights the continued importance of qualitative judgment and experiential knowledge in 

startup evaluation, suggesting that effective selection processes will likely combine data-

driven insights with human expertise rather than replacing one with the other. 

Digital platforms for application and screening have become standard tools for 

managing the selection process, evolving from basic application forms to sophisticated 

systems that support the entire evaluation workflow (Leitner et al., 2021). Advanced 

platforms incorporate features such as video submission capabilities, integrated reference 

checks, automated background research, collaborative evaluation tools for multiple 

reviewers, and analytics dashboards for tracking selection metrics. 

The adoption of these platforms enhances efficiency in handling large volumes of 

applications and facilitates more structured and transparent evaluation processes (Leitner 

et al., 2021). However, the effectiveness of digital platforms depends on their design, 

implementation, and alignment with the specific needs and objectives of each incubator. 

The technological evolution in selection processes is likely to continue and 

accelerate, with ongoing developments in AI, data analytics, and digital platforms offering 

new possibilities for enhancing startup evaluation. Future directions may include more 
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sophisticated predictive models, greater integration of diverse data sources, and more 

personalized evaluation approaches tailored to specific startup characteristics and contexts. 

 

2.8.2 Balancing Efficiency and Effectiveness 

Incubators face growing challenges in balancing thoroughness and efficiency in 

their selection processes, particularly as application volumes increase and resources remain 

constrained. This balance is leading to innovative approaches that combine rapid initial 

screening with more in-depth evaluation of promising candidates. 

The choice of evaluation methods often reflects a balance between thoroughness 

and efficiency, particularly for programs receiving large numbers of applications (Leitner 

et al., 2021). This balance is leading to innovative approaches that combine rapid initial 

screening, often supported by technology, with more in-depth evaluation of promising 

candidates through interviews, pitch presentations, and due diligence. 

Stage-gate processes represent a common approach to balancing efficiency and 

effectiveness, with startups progressing through several stages of increasingly rigorous 

evaluation (Yin and Luo, 2018). This approach allows incubators to efficiently allocate 

evaluation resources by conducting lighter initial screenings of all applicants and more 

intensive evaluations of promising candidates. 

The design of these processes varies across incubators but typically includes an 

initial application screening, followed by one or more rounds of interviews or 

presentations, and culminating in a final selection decision (Beyhan, Akçomak and 

Çetindamar, 2021). Each stage may involve different evaluators, criteria, and methods, 

with increasing emphasis on in-depth assessment of critical success factors in later stages. 

Standardization versus customization represents another dimension of the 

efficiency-effectiveness balance, with incubators navigating tensions between standardized 
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processes that enhance efficiency and customized approaches that may better capture the 

unique qualities of individual startups (Passoni et al., 2017). Some incubators adopt highly 

standardized evaluation frameworks, such as the CERNE model in Brazilian incubators, 

while others maintain more flexible approaches that can be adapted to different types of 

startups or changing priorities. 

The trend toward standardization reflects efforts to professionalize and systematize 

incubator operations, moving from ad hoc or intuitive selection approaches toward more 

structured and transparent processes (Passoni et al., 2017). However, excessive 

standardization may limit the ability to recognize and support truly innovative or 

unconventional startups that don't fit neatly into predefined categories or criteria. 

Scalability of selection processes is becoming increasingly important as incubators 

seek to handle growing application volumes without compromising evaluation quality 

(Leitner et al., 2021). This challenge is driving innovations in process design, technology 

integration, and evaluator training, with incubators developing approaches that can scale 

effectively while maintaining the depth and quality of evaluation. 

Future directions in balancing efficiency and effectiveness may include more 

sophisticated stage-gate designs that optimize resource allocation across different 

evaluation phases, greater integration of technology to support rather than replace human 

judgment, and more adaptive approaches that tailor the evaluation process to the specific 

characteristics and needs of different types of startups. 

 

2.8.3 Evolving Priorities in Startup Evaluation 

The criteria and priorities that guide startup selection are evolving in response to 

changing entrepreneurial ecosystems, market conditions, and understanding of startup 
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success factors. These evolving priorities include increasing focus on team factors, 

adaptability and resilience assessment, and ecosystem fit and network potential. 

Increasing focus on team factors represents a significant trend in startup evaluation, 

with growing emphasis on characteristics such as coachability, passion, and collaboration 

(Beyhan, Akçomak and Çetindamar, 2021). This trend reflects deepening understanding of 

the critical role that team qualities play in startup success, particularly in uncertain and 

rapidly changing environments where business models and strategies often evolve 

significantly during the incubation process. 

Beyhan, Akçomak and Çetindamar (2021, p. 7) note that "accelerators tend to select 

the most coachable, open to collaboration, passionate, and willing to be committed 

startups." This finding highlights how selection priorities are shifting from static 

assessments of business plans or technologies toward more dynamic evaluations of team 

capabilities and characteristics that enable effective engagement with incubator resources 

and adaptation to changing circumstances. 

Adaptability and resilience assessment is gaining importance in startup evaluation, 

reflecting recognition of the uncertain and volatile environments in which startups operate 

(Ahmad, 2020). Incubators are increasingly considering factors such as founders' ability to 

pivot in response to feedback, resilience in the face of setbacks, and capacity to navigate 

ambiguity and change as important predictors of startup success. 

This emphasis on adaptability aligns with lean startup methodologies and their 

focus on iterative development and validated learning (Ries, 2011). By selecting startups 

with strong adaptive capabilities, incubators aim to support ventures that can effectively 

navigate the inevitable challenges and changes they will encounter during their 

development. 
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Ecosystem fit and network potential are receiving greater attention in selection 

decisions, with incubators assessing startups' ability to engage productively with various 

stakeholders in their ecosystem (Beyhan, Akçomak and Çetindamar, 2021). This 

assessment may consider factors such as the founders' professional networks, relationships 

with potential customers or partners, connections to investors or industry experts, and 

integration within relevant entrepreneurial communities. 

The emphasis on ecosystem factors reflects the understanding that startups do not 

succeed in isolation but rather through productive engagement with various stakeholders 

in their environment (Spigel, 2017). By assessing ecosystem fit and network capabilities, 

incubators gain insights into startups' potential to leverage relationships for growth and 

development. 

Future directions in startup evaluation priorities may include greater emphasis on 

digital capabilities and technological literacy as digital transformation accelerates across 

industries, increased attention to sustainability and responsible innovation as 

environmental and social concerns become more pressing, and more sophisticated 

approaches to assessing founder learning capacity and knowledge acquisition as the pace 

of change continues to accelerate. 

 

2.8.4 Stakeholder Involvement Trends 

The involvement of various stakeholders in startup selection is evolving, with 

implications for how decisions are made and what criteria are prioritized. These 

stakeholder involvement trends include investor participation in selection, corporate 

partner engagement, and community and ecosystem input. 

Investor participation in selection processes is increasing, particularly in 

accelerators and commercially oriented incubators (Beyhan, Akçomak and Çetindamar, 
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2021). This trend reflects recognition of the importance of investor perspectives in 

identifying startups with strong growth and return potential, as well as the strategic benefits 

of involving investors early in the startup development process. 

Beyhan, Akçomak and Çetindamar (2021) note that "accelerators build selection 

committees consisting of many stakeholders, especially potential investors" and that 

"accelerators prefer to engage investors in the selection process to assess better startups' 

potential to achieve product-market fit and quick scalability." This involvement helps align 

selection decisions with investor expectations and may facilitate subsequent funding for 

selected startups. 

However, early investor involvement in selection also raises potential concerns. 

Beyhan, Akçomak and Çetindamar (2021) observe that "bringing investor selection to the 

early stages may lead to the institutionalization of 'a certain type of startup,'" potentially 

limiting diversity and innovation in the startup ecosystem. This tension highlights the 

importance of balancing investor perspectives with other considerations in selection 

decisions. 

Corporate partner engagement in selection is growing, particularly in corporate 

incubators and industry-focused programs (Ikram, 2010). Corporate partners may 

participate in selection committees, provide industry expertise for evaluating technical or 

market aspects of startups, or help identify ventures that align with specific corporate 

innovation needs or strategic interests. 

Ikram (2010) examines corporate business incubator portfolio management, 

highlighting how selection effectiveness can be increased through alignment with 

corporate strategic objectives. This research underscores the potential benefits of corporate 

involvement in selection, while also raising questions about how to balance corporate 

interests with broader incubation objectives and startup needs. 
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Community and ecosystem input is increasingly being incorporated into selection 

processes, reflecting recognition of the importance of diverse perspectives and the value of 

community engagement in entrepreneurship support (Beyhan, Akçomak and Çetindamar, 

2021). This input may come from local entrepreneurs, industry experts, academic partners, 

public agencies, or other stakeholders with relevant knowledge or interests. 

The inclusion of community and ecosystem perspectives can enhance the 

legitimacy and effectiveness of selection decisions by incorporating diverse viewpoints and 

contextual knowledge (Beyhan, Akçomak and Çetindamar, 2021). However, it also 

introduces challenges in managing multiple stakeholder interests and integrating 

potentially divergent perspectives into coherent selection decisions. 

Future directions in stakeholder involvement may include more sophisticated 

approaches to balancing diverse stakeholder perspectives, greater emphasis on inclusive 

selection processes that incorporate underrepresented voices, and more dynamic 

stakeholder engagement that evolves over time in response to changing ecosystem needs 

and opportunities. 

 

2.8.5 Future Research Opportunities 

The evolving landscape of startup selection by incubators presents numerous 

opportunities for future research that could enhance our understanding of this critical aspect 

of entrepreneurship support. These opportunities include longitudinal studies of selection 

effectiveness, cross-cultural comparative research, and impact of selection methods on 

startup success. 

Longitudinal studies of selection effectiveness represent a significant opportunity 

to address current knowledge gaps regarding the long-term outcomes of different selection 

approaches (Leitner et al., 2021). By tracking startups from selection through incubation 
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and beyond, researchers could develop more robust evidence regarding which selection 

criteria and methods are most predictive of various success outcomes. 

Beyhan, Akçomak and Çetindamar (2021) suggest that "an additional research 

avenue might be conducting quantitative studies to understand the impact of different 

selection processes on the final performances of the accelerators." This approach could 

help establish clearer connections between selection practices and program outcomes, 

providing valuable guidance for incubator managers and policymakers. 

Cross-cultural comparative research offers opportunities to enhance our 

understanding of how selection practices vary across different cultural, institutional, and 

economic contexts (Aerts, Matthyssens and Vandenbempt, 2005). By systematically 

comparing selection approaches across different countries or regions, researchers could 

identify both universal principles and context-specific adaptations in startup selection. 

Beyhan, Akçomak and Çetindamar (2021) note that their study's "generalizability 

may increase if similar studies covering accelerators in other countries are conducted to 

compare findings across different contexts." This suggestion highlights the value of 

comparative research in developing more comprehensive and nuanced understandings of 

incubator selection practices globally. 

Research on the impact of selection methods on startup success could help clarify 

which approaches are most effective for different types of startups or in different contexts 

(Leitner et al., 2021). This research might examine how various selection criteria and 

methods influence outcomes such as startup survival, growth, funding success, innovation 

output, or social impact. 

Simões et al. (2020) suggest that future research could adapt their proposed models 

to apply other multicriteria decision support methods, enabling comparison of results and 

identification of the methods best suited to different contexts and preferences. This 
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approach could help develop more evidence-based guidance for incubators seeking to 

optimize their selection processes. 

Other promising research directions include examining the role of diversity and 

inclusion in selection processes and outcomes, investigating the psychological and 

cognitive aspects of selection decisions, exploring the integration of technology in 

selection processes, and assessing the broader ecosystem impacts of different selection 

approaches. 

The emerging trends and future directions discussed in this section highlight the 

dynamic and evolving nature of startup selection by incubators. As entrepreneurial 

ecosystems continue to develop, technological capabilities advance, and our understanding 

of effective selection practices deepens, incubator selection processes are likely to become 

increasingly sophisticated, data-informed, and tailored to specific contexts and objectives. 

Future research has significant opportunities to contribute to this evolution by addressing 

current knowledge gaps and providing evidence-based guidance for practice and policy. 

 

2.9 Conclusion 

This literature review has provided a comprehensive synthesis of the current state 

of knowledge regarding startup selection by incubators and accelerators. By examining the 

theoretical foundations, core selection criteria, decision-making approaches, contextual 

influences, evaluation methods, methodological approaches, and emerging trends in this 

field, this review has offered a holistic understanding of the complex processes that guide 

incubator selection decisions. This concluding section synthesizes the key findings and 

insights from the literature, discusses theoretical and practical implications, acknowledges 

limitations of current literature, and offers recommendations for future research. 
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2.9.1 Synthesis of Key Findings and Insights 

The literature on startup selection by incubators reveals several consistent patterns 

and insights that enhance our understanding of this critical aspect of entrepreneurship 

support. First, team characteristics consistently emerge as one of the most important 

selection criteria across different types of incubators and geographic contexts. As Beyhan, 

Akçomak and Çetindamar (2021) note, "accelerators tend to select the most coachable, 

open to collaboration, passionate, and willing to be committed startups." This emphasis on 

team factors reflects recognition that early-stage ventures often pivot or significantly 

modify their business models during the incubation process, making team adaptability and 

capability more important than specific business ideas. 

Second, the literature highlights the multidimensional nature of startup selection, 

with incubators evaluating ventures across multiple criteria including market potential, 

innovation level, financial viability, and various secondary factors. The specific weights 

and combinations of these criteria vary across different types of incubators and contexts, 

reflecting differences in incubator missions, resources, and stakeholder expectations. This 

variation underscores the importance of alignment between selection criteria and incubator 

objectives, as misalignment can reduce the effectiveness of incubation support (Ahmad, 

2020). 

Third, incubator selection processes typically combine elements of both 

rational/systematic and intuitive/heuristic decision-making approaches. As Ahmad (2020) 

observes, "a combination of both rational and non-rational or intuitive processes help 

assessors chose clients which 'appear' most promising on a range of both written and un-

written criteria." This hybrid nature of selection decision-making reflects the complex, 

multifaceted, and uncertain nature of startup evaluation, where complete information is 

rarely available and future outcomes are highly unpredictable. 
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Fourth, contextual factors significantly influence selection practices, creating 

variations across different geographic regions, incubator types, economic environments, 

industry sectors, and startup development stages. These contextual influences highlight the 

importance of considering selection practices within their specific contexts rather than 

seeking universal best practices that apply across all situations. As Aerts, Matthyssens and 

Vandenbempt (2005) demonstrate, selection approaches that are effective in one context 

may be less suitable in others due to differences in institutional environments, cultural 

attitudes, resource availability, or strategic objectives. 

Fifth, incubators employ a diverse range of evaluation methods and tools to 

operationalize their selection criteria and decision-making approaches. These methods 

include traditional approaches such as interviews and business plan analysis, emerging 

technological tools such as online platforms and AI-assisted evaluation, specialized 

assessment techniques such as psychometric testing and proof-of-concept evaluation, and 

process-oriented approaches such as stage-gate processes and standardized frameworks. 

The choice of evaluation methods is influenced by various factors including incubator type 

and mission, resource constraints, application volume, evaluator expertise, and cultural 

context. 

Sixth, research on incubator selection employs diverse methodological approaches, 

including quantitative studies, qualitative case studies, mixed methods approach, and 

theoretical or conceptual papers. Each approach offers distinct insights while facing 

specific limitations in capturing the complex reality of selection processes. The geographic 

distribution of research shows concentrations in certain regions, particularly Brazil and 

Europe, with opportunities for more geographically diverse research to enhance our 

understanding of contextual influences on incubator selection. 
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Finally, emerging trends in startup selection include technological evolution in 

selection processes, efforts to balance efficiency and effectiveness, evolving priorities in 

startup evaluation, and changing patterns of stakeholder involvement. These trends reflect 

ongoing adaptation to changing entrepreneurial ecosystems, technological advances, and 

deepening understanding of effective selection practices. As incubation continues to evolve 

as a field, selection processes are likely to become increasingly sophisticated, data-

informed, and tailored to specific contexts and objectives. 

 

2.9.2 Theoretical and Practical Implications 

The findings of this literature review have significant implications for both theory 

and practice in the field of entrepreneurship support. From a theoretical perspective, the 

review highlights the value of multiple theoretical lenses in understanding startup selection, 

including signaling theory, resource-based view, ecosystem approach, and behavioral 

decision theory. Each of these perspectives offers complementary insights into different 

aspects of the selection process, from the challenges of information asymmetry to the 

cognitive processes that shape evaluator judgments. 

The review also suggests opportunities for theoretical integration and development. 

For instance, the hybrid nature of selection decision-making, combining rational and 

intuitive elements, calls for theoretical frameworks that can accommodate this complexity 

rather than treating rationality and intuition as opposing approaches. Similarly, the 

contextual embeddedness of selection practices suggests the need for more nuanced 

theoretical models that explicitly incorporate contextual factors rather than assuming 

universal principles or best practices. 

From a practical perspective, the review offers several insights for incubator 

managers and policymakers. First, it underscores the importance of alignment between 
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selection criteria, decision-making approaches, evaluation methods, and incubator 

objectives. Effective selection requires clarity about what the incubator aims to achieve 

and how different types of startups contribute to these aims, with selection processes 

designed to identify ventures that align with these objectives. 

Second, the review highlights the value of structured selection processes that 

combine the benefits of systematic evaluation with the insights of experienced judgment. 

Stage-gate approaches that progressively increase evaluation depth for promising 

candidates, diverse evaluation panels that incorporate multiple perspectives, and explicit 

criteria that guide but do not replace human judgment all represent practical approaches to 

enhancing selection effectiveness. 

Third, the findings suggest the importance of context-sensitive adaptation of 

selection practices. Rather than adopting standardized approaches without consideration of 

their fit with local conditions, incubators should adapt selection criteria and methods to 

their specific contexts, including their geographic location, organizational type, available 

resources, target industries, and the development stages of startups they aim to support. 

Fourth, the review indicates opportunities for technology to enhance rather than 

replace human judgment in selection processes. Digital platforms can streamline 

application management, data analytics can provide additional insights for evaluators, and 

AI-assisted tools can help process large volumes of information, but these technologies are 

most effective when they complement rather than substitute for the experiential knowledge 

and intuitive capabilities of human evaluators. 

Finally, the findings suggest the value of diverse stakeholder involvement in 

selection decisions, balanced with clear governance and decision-making processes. 

Incorporating perspectives from investors, corporate partners, industry experts, and 

community members can enhance the quality and legitimacy of selection decisions, but 
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requires careful management to balance potentially divergent interests and maintain focus 

on the incubator's core objectives. 

 

2.9.3 Limitations of Current Literature 

Despite the valuable insights provided by existing research on startup selection by 

incubators, the literature has several limitations that should be acknowledged. First, there 

is a relative scarcity of longitudinal studies that track the long-term outcomes of different 

selection approaches. Most research examines selection processes at a single point in time 

or over short periods, limiting our understanding of how selection decisions influence 

startup development and success over longer timeframes. 

Second, the literature shows geographic concentrations and gaps, with more 

research conducted in certain regions (particularly Brazil and Europe) than others. This 

distribution limits our understanding of selection practices in diverse contexts and may 

create biases toward Western or developed-country perspectives. More research from 

underrepresented regions, particularly Africa, parts of Asia, and the Middle East, would 

enhance the comprehensiveness and global relevance of the literature. 

Third, methodological limitations affect many studies in this field. Small sample 

sizes in qualitative research limit generalizability, while quantitative studies may not 

capture the nuanced, contextual nature of selection processes. Access challenges restrict 

direct observation of selection decisions, leading to reliance on retrospective accounts that 

may introduce recall biases. Measurement difficulties complicate efforts to evaluate 

selection effectiveness, particularly given the multiple factors that influence startup 

outcomes beyond selection. 

Fourth, the literature shows limited integration across different theoretical 

perspectives. While various theories have been applied to understand startup selection, 
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there are few attempts to develop integrated frameworks that combine insights from 

multiple theoretical traditions. This fragmentation limits the development of more 

comprehensive and nuanced understandings of selection processes. 

Fifth, there is relatively limited research on the broader ecosystem impacts of 

different selection approaches. Most studies focus on the immediate outcomes for 

incubators and selected startups, with less attention to how selection practices influence 

entrepreneurial ecosystems, resource allocation efficiency, or innovation dynamics at 

regional or national levels. 

Finally, the rapid evolution of incubation practices and technologies means that 

research findings may quickly become outdated. The emergence of new incubation models, 

the integration of digital technologies in selection processes, and changing entrepreneurial 

ecosystems create ongoing challenges for researchers seeking to provide timely and 

relevant insights into startup selection practices. 

 

2.9.4 Recommendations for Future Research 

Based on the findings and limitations identified in this review, several promising 

directions for future research emerge. First, longitudinal studies that track startups from 

selection through incubation and beyond would provide valuable insights into the long-

term effectiveness of different selection criteria and methods. These studies could help 

establish clearer connections between selection practices and various success outcomes, 

providing more robust evidence to guide incubator managers and policymakers. 

Second, cross-cultural comparative research that systematically examines selection 

practices across different countries or regions would enhance our understanding of how 

cultural, institutional, and economic factors influence incubator selection. This research 
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could identify both universal principles and context-specific adaptations, contributing to 

more nuanced theoretical models and practical guidance for diverse contexts. 

Third, research on the impact of selection methods on different types of startups 

could help clarify which approaches are most effective for various venture categories or in 

different contexts. This research might examine how selection practices influence 

outcomes for startups with different characteristics (e.g., technology-based vs. service-

oriented, social vs. commercial, early-stage vs. growth-stage) or from different founder 

backgrounds (e.g., gender, ethnicity, educational background). 

Fourth, studies examining the role of diversity and inclusion in selection processes 

and outcomes would address important gaps in the current literature. This research could 

investigate how selection practices influence the diversity of incubated startups, how 

diverse evaluation panels affect selection decisions, and how incubators can design 

selection processes that promote equity and inclusion while maintaining focus on venture 

potential. 

Fifth, research on the psychological and cognitive aspects of selection decisions 

would deepen our understanding of how evaluators assess startups under conditions of 

uncertainty and complexity. This research might examine the heuristics and biases that 

influence selection judgments, the role of intuition and expertise in evaluation, and 

approaches for enhancing decision quality while acknowledging the limits of purely 

rational assessment. 

Sixth, studies on the integration of technology in selection processes would provide 

timely insights into an evolving aspect of incubator practice. This research could examine 

the effectiveness of various technological tools, the complementarities between human and 

algorithmic evaluation, and the implications of technology adoption for selection outcomes 

and stakeholder experiences. 
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Finally, research on the broader ecosystem impacts of different selection 

approaches would enhance our understanding of how incubator practices influence 

entrepreneurial environments beyond their immediate clients. This research might examine 

how selection criteria and methods affect resource allocation efficiency, innovation 

diversity, entrepreneurial culture, and economic development at regional or national levels. 

By addressing these research opportunities, scholars can contribute to a deeper and 

more nuanced understanding of startup selection by incubators, ultimately enhancing the 

effectiveness of these important entrepreneurial support mechanisms and their 

contributions to innovation, economic development, and social progress worldwide. 
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CHAPTER 3: RESEARCH METHODOLOGY 

 

3.1 Introduction 

This chapter presents the research methodology employed to investigate the factors 

influencing startup success within the Canada Startup Visa Program. It is structured as 

follows: First, the research philosophy and paradigm that underpin the study are discussed, 

followed by a detailed explanation of the research design, including the rationale for 

employing a comparative case study approach with mixed methods. The chapter then 

describes the data collection methods, including the selection of cases, the quantitative and 

qualitative data collection techniques employed, and the triangulation approach used to 

enhance validity. Subsequently, the data analysis methods are presented, detailing both the 

quantitative and qualitative analytical techniques and their integration. The chapter also 

addresses the validation procedures employed to assess the predictive capability of the 

developed framework. Finally, ethical considerations and methodological limitations are 

discussed to provide a transparent account of the research process. 

This methodology was designed to provide a robust foundation for understanding 

the complex interplay of factors that influence startup success in the Canada Startup Visa 

Program, with particular attention to the unique challenges and opportunities faced by 

immigrant entrepreneurs in the Canadian business ecosystem. 

 

3.2 Research Philosophy and Paradigm 

This study is grounded in a pragmatic research paradigm, which acknowledges the 

value of both objective and subjective knowledge in understanding complex social 

phenomena (Creswell & Plano Clark, 2018). Pragmatism offers a philosophical foundation 

that bridges positivist and interpretivist approaches, recognizing that knowledge is both 
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constructed and based on the reality of the world in which people experience and operate 

(Morgan, 2014). This paradigm is particularly appropriate for this research as it allows for 

the integration of multiple perspectives and methods to address the research objectives. 

 

 
Figure 3.1: Research Philosophy and Paradigm 

 

3.2.1 Epistemological Considerations 

Epistemologically, this research adopts a position that acknowledges both the value 

of measurable, objective data and the importance of context-dependent, subjective insights. 

The study recognizes that understanding startup success requires both quantifiable metrics 

(such as financial performance, customer acquisition rates, and team composition) and 
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deeper insights into processes, relationships, and contextual factors that cannot be fully 

captured through numerical data alone. This epistemological stance aligns with what 

Teddlie and Tashakkori (2009) describe as a "compatibility thesis," which suggests that 

quantitative and qualitative methods are compatible and can be used in combination to 

develop a more comprehensive understanding of social phenomena. 

The epistemological position of this research acknowledges that knowledge about 

startup success is neither purely objective nor entirely subjective, but rather emerges from 

the interaction between measurable outcomes and the lived experiences of founders, 

investors, and other stakeholders. This position supports the use of mixed methods, 

allowing for the collection and analysis of both quantitative metrics and qualitative insights 

to develop a more holistic understanding of the factors influencing startup success in the 

Canada Startup Visa Program. 

 

3.2.2 Ontological Considerations 

Ontologically, this research adopts a critical realist perspective, which 

acknowledges the existence of an objective reality while recognizing that our 

understanding of this reality is mediated through social constructions and interpretations 

(Bhaskar, 2008). This perspective aligns with the study's focus on both measurable 

outcomes (such as startup success or failure) and the complex social processes and 

contextual factors that influence these outcomes. 

Critical realism is particularly appropriate for this research as it allows for the 

examination of causal mechanisms that may not be directly observable but can be inferred 

through the systematic analysis of patterns and relationships (Sayer, 2000). This 

ontological stance supports the study's aim to identify the factors that influence startup 
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success and to develop a predictive framework based on these factors, while 

acknowledging the complex and context-dependent nature of entrepreneurial processes. 

 

3.2.3 Justification for the Chosen Research Paradigm 

The pragmatic paradigm with a critical realist orientation was chosen for this 

research for several reasons. First, it aligns with the complex and multifaceted nature of 

startup success, which involves both objective outcomes and subjective processes. Second, 

it supports the integration of quantitative and qualitative methods, allowing for a more 

comprehensive understanding of the research problem. Third, it acknowledges the 

importance of context in understanding social phenomena, which is particularly relevant 

for research on immigrant entrepreneurship in a specific national program. 

This paradigmatic approach also aligns with recent methodological developments 

in entrepreneurship research, which increasingly recognize the value of mixed methods and 

pragmatic approaches in understanding complex entrepreneurial phenomena (Molina-

Azorín et al., 2017). As Neergaard and Ulhøi (2007) argue, entrepreneurship research 

benefits from methodological pluralism that can capture both the measurable outcomes and 

the complex processes involved in entrepreneurial activities. 

The pragmatic paradigm with a critical realist orientation provides a philosophical 

foundation that supports the study's comparative case study design and mixed methods 

approach, allowing for the integration of different types of data and analytical techniques 

to develop a comprehensive understanding of startup success in the Canada Startup Visa 

Program. 

 

3.3 Research Design 
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3.3.1 Comparative Case Study Approach 

This research employed a comparative case study design to investigate the factors 

influencing startup success within the Canada Startup Visa Program. A comparative case 

study refers to a research method that involves comparing multiple cases to develop 

explanations or generalizations (Yin, 2018). This approach was selected because it allows 

for an in-depth examination of complex phenomena within their real-world contexts while 

enabling systematic comparison across multiple cases to identify patterns and relationships 

(Stake, 2005). 

 

 
Figure 3.2: Comparative Case Study Approach 

 

The comparative case study approach is particularly appropriate for this research 

for several reasons. First, it allows for the examination of startup success as a complex, 

context-dependent phenomenon that cannot be easily isolated from its environment 

(Eisenhardt & Graebner, 2007). Second, it enables the identification of patterns across 

multiple cases while maintaining sensitivity to the unique characteristics of each case 

(Ragin, 2014). Third, it supports the integration of multiple data sources and methods, 
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allowing for a more comprehensive understanding of the factors influencing startup success 

(Yin, 2018). 

As Guetterman and Fetters (2018) note, case studies have a tradition of collecting 

multiple forms of data, qualitative and quantitative, to gain a more complete understanding 

of the case. This aligns with the mixed methods approach employed in this study, which 

sought to integrate quantitative metrics with qualitative insights to develop a 

comprehensive understanding of startup success factors. 

 

3.3.2 Mixed Methods Research Design 

This study employed a mixed methods research design, integrating quantitative and 

qualitative approaches to data collection and analysis. According to Creswell and Plano 

Clark (2018), mixed methods research involves the collection, analysis, and integration of 

both quantitative and qualitative data to provide a more comprehensive understanding of a 

research problem than either approach alone could offer. 

 

 
Figure 3.3: Mixed Methods Research Design 
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The specific mixed methods design employed in this study can be characterized as 

what Guetterman and Fetters (2018) describe as a "case study–mixed methods design," 

where a case study approach incorporates nested mixed methods. This design allowed for 

the integration of quantitative metrics and qualitative insights within each case, as well as 

across cases, to develop a comprehensive understanding of the factors influencing startup 

success. The rationale for employing a mixed methods approach was threefold: 

Complementarity: The quantitative and qualitative methods complemented each 

other, with quantitative metrics providing measurable indicators of startup performance 

and qualitative data offering insights into the processes, relationships, and contextual 

factors that influenced these outcomes. 

Expansion: The mixed methods approach expanded the breadth and range of the 

inquiry, allowing for the examination of different aspects of startup success that could not 

be fully captured through either quantitative or qualitative methods alone. 

Development: The sequential aspect of the mixed methods design allowed for the 

development of the predictive framework based on the initial comparative analysis, which 

was then validated through application to a new cohort of startups. 

The integration of quantitative and qualitative methods occurred at multiple levels 

of the research process, including data collection, analysis, and interpretation. This 

integration was guided by what Fetters et al. (2013) describe as a "building" approach, 

where the findings from one method informed the application of the other method, as well 

as a "merging" approach, where quantitative and qualitative data were brought together for 

analysis and comparison. 

 

3.3.3 Case Selection and Sampling Strategy 
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The case selection for this study employed a purposive sampling strategy, which 

involves selecting cases based on their relevance to the research questions and theoretical 

framework (Patton, 2015). The primary sampling criteria were: 

Participation in the Canada Startup Visa Program: All selected startups had 

participated in the program between 2018 and 2024. 

Outcome status: The sample included both successful and unsuccessful startups, 

with success defined as achieving significant milestones such as securing approval from 

the government of Canada, securing later stage funding, being acquired, completing an 

IPO, or achieving profitability with sustained growth. Unsuccessful outcomes were 

defined as ceasing operations, significantly downsizing, failing to secure follow-up 

investment, or experiencing founder departure from the startup. 

Diversity of industry sectors: The sample included startups from diverse 

industry sectors, including technology (AI/ML), education, healthcare (digital health and 

telemedicine), clean energy, fintech, and consumer products. 

Diversity of founder origins: The sample included founding teams originating 

from various geographic regions, including Asia, Europe, Middle East, Latin America, 

and Africa. 

Diversity of designated organizations: The sample included startups that had 

received support from different types of designated organizations within the Startup Visa 

Program, including business incubators, venture capital funds, and angel investor groups. 

Geographic distribution within Canada: The sample included startups located 

across different Canadian provinces, including Ontario, British Columbia, Quebec, 

Alberta, Nova Scotia, and Manitoba. 

Based on these criteria, 100 startups were selected for the main comparative 

analysis, comprising fifty successful and fifty unsuccessful cases. This sample size was 
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determined based on the need to balance depth of analysis with breadth of coverage, as 

well as practical considerations regarding data access and resource constraints.  

For the validation phase, an additional fifty startups were selected using the same 

purposive sampling approach. These startups had more recently entered the Canada Startup 

Visa Program (between 2024 and 2025) and were at similar stages of development, having 

completed initial product development and begun customer acquisition, but not yet 

achieved definitive success or failure outcomes according to the criteria used for the main 

case study startups. 

 

3.3.4 Unit of Analysis 

The primary unit of analysis in this study was the individual startup, including its 

founding team, business model, product/service offering, market approach, and 

performance outcomes. However, the analysis also considered multiple embedded units 

within each case, including: 

Founder characteristics and behaviors: Including decision-making approaches, 

adaptability, learning orientation, and cultural integration capabilities. 

Team dynamics and composition: Including team complementarity, 

communication patterns, and collaborative processes. 

External relationships: Including advisory relationships, network development, 

and ecosystem integration. 

Operational approaches: Including technology adoption, process 

implementation, and market feedback integration. 

This multilevel approach to the unit of analysis allowed for a comprehensive 

examination of the factors influencing startup success at different levels, from individual 
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founder characteristics to team dynamics to external relationships and operational 

processes. 

 

3.4 Data Collection Methods 

 

3.4.1 Overview of Data Collection Strategy 

This study employed a comprehensive data collection strategy that integrated 

multiple methods to gather both quantitative and qualitative data. The multimethod 

approach was designed to capture the complexity of factors influencing startup success in 

the Canada Startup Visa Program and to enable triangulation across different data sources. 

As Busetto, Wick and Gumbinger (2020) note, using multiple data collection methods 

allows researchers to develop a more complete understanding of complex phenomena by 

examining them from different perspectives. 

The data collection process was conducted over a period of 18 months, from 

January 2022 to December 2023, with follow-up validation data collection extending to 

April 2025. The process involved sequential phases of data collection, with initial 

quantitative data gathering followed by qualitative data collection, and then integration of 

both for analysis. This sequential approach allowed for the refinement of qualitative data 

collection instruments based on preliminary quantitative findings. 

 

3.4.2 Quantitative Data Collection 

Quantitative data were collected to provide measurable indicators of startup 

performance and characteristics across multiple dimensions. The quantitative data 

collection focused on ten key metric categories that were identified through the literature 

review as potentially relevant to startup success: 
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1. Team Characteristics: Including founder experience, education, prior startup 

experience, and team size. 

2. Market Potential: Including target market size, growth rate, and competitive 

intensity. 

3. Innovation and Technology: Including technology readiness level, R&D 

investment, and patent activity. 

4. Financial Viability: Including revenue growth, burn rate, unit economics, and 

funding raised. 

5. Scalability Potential: Including operational scalability, resource efficiency, and 

growth capacity. 

6. Network Integration: Including connections to investors, mentors, and industry 

partners. 

7. Adaptability: Including pivoting history, response to market feedback, and 

decision making agility. 

8. Regulatory Compliance: Including visa requirement fulfillment and industry 

specific compliance. 

9. Cultural Adaptation: Including understanding of Canadian business culture and 

communication adaptation. 

10. Execution Excellence: Including milestone achievement, process implementation, 

and operational efficiency. 

 

For each metric category, specific indicators were developed and measured using a 

combination of: 

• Structured surveys: Administered to founders, team members, and designated 

organization representatives to collect standardized data on specific metrics. 
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• Financial and operational data: Collected from business documents including 

financial statements, business plans, pitch decks, and progress reports. 

• Market and industry data: Gathered from industry reports, market analyses, and 

competitive landscape assessments. 

 

The quantitative data were collected using standardized instruments to ensure 

consistency across cases. For subjective assessments (such as team complementarity or 

adaptability), multiple raters were used to enhance reliability, with interrater reliability 

calculated using Cohen's kappa coefficient. All quantitative metrics were scored on a 

standardized 10 point scale to facilitate comparison across different dimensions. 

 

 

 

 

3.4.3 Qualitative Data Collection 

Qualitative data were collected to provide deeper insights into the processes, 

relationships, and contextual factors that influenced startup outcomes. The qualitative data 

collection employed multiple methods to capture different aspects of the startup 

experience: 

Semi-structured interviews: were conducted with multiple stakeholders for each 

startup: 

• Founders: To understand their experiences, decision-making processes, 

challenges, and adaptations. 

• Team members: To gain insights into team dynamics, operational processes, 

and internal perspectives. 
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• Designated organization representatives: Including mentors, advisors, and 

program managers who worked with the startups. 

• Investors: Where applicable, to understand their assessment of the startups and 

decision-making criteria. 

 

The interview protocols were developed based on the research objectives and 

refined through pilot testing with two startups not included in the final sample. The 

protocols included open-ended questions designed to elicit detailed responses about key 

aspects of the startup journey, with specific sections focusing on: 

• Founder background and motivation 

• Team formation and dynamics 

• Product/service development process 

• Market engagement and customer acquisition 

• Funding strategy and investor relationships 

• Advisory relationships and mentorship 

• Challenges faced and adaptation strategies 

• Experience with the Canada Startup Visa Program 

 

All interviews were audio recorded with participant consent and transcribed for 

analysis. A total of 72 interviews were conducted across the 100 case study startups, with 

an additional 15 interviews for the validation cohort. Interviews ranged from 60 to 90 

minutes in duration and were conducted either in person or via video conferencing, 

depending on participant location and availability. 
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Document Analysis: was conducted to gather contextual information and to 

triangulate data from other sources. The documents analyzed included: 

• Business plans and pitch decks: To understand the startups' initial vision, 

strategy, and market approach. 

• Progress reports and updates: To track development over time and identify key 

milestones and challenges. 

• Communication records: Including emails, meeting minutes, and internal 

documents (where available). 

• Media coverage and public statements: To understand external perceptions and 

public positioning. 

• Program documentation: Including application materials, feedback from 

designated organizations, and evaluation reports. 

 

Direct observations: were conducted to gather data on team interactions, 

operational processes, and product demonstrations. These observations included: 

• Team meetings: To observe communication patterns, decision-making 

processes, and team dynamics. 

• Product demonstrations: To assess product development status, user 

experience, and market readiness. 

• Pitch presentations: To observe how startups presented themselves to external 

stakeholders. 

• Workspace environments: To gain insights into organizational culture and 

operational setup. 
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Figure 3.4: Data Collection & Triangulation 

 

 3.4.4 Triangulation Approach 

To enhance the validity and reliability of the findings, a triangulation approach was 

employed across multiple dimensions: 

Method triangulation: Integrating data from different collection methods (surveys, 

interviews, document analysis, observations) to develop a comprehensive understanding 

of each case. 

Source triangulation: Gathering data from multiple stakeholders (founders, team 

members, designated organization representatives, investors) to capture different 

perspectives on the same phenomena. 
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Investigator triangulation: Involving multiple researchers in the data collection and 

analysis process to reduce individual bias. 

Theory triangulation: Examining the data through different theoretical lenses to 

develop a more nuanced understanding of the factors influencing startup success. 

This triangulation approach allowed for the corroboration of findings across 

different data sources and methods, enhancing the credibility and trustworthiness of the 

research findings. 

 

3.5 Data Analysis Methods 

 

 3.5.1 Overview of Analytical Approach 

This study employed an integrated analytical approach that combined quantitative 

and qualitative data analysis techniques to develop a comprehensive understanding of the 

factors influencing startup success in the Canada Startup Visa Program. The analytical 

process followed a convergent parallel design, where quantitative and qualitative data were 

analyzed separately and then merged for interpretation and framework development. 

The analytical process was iterative and recursive, involving multiple cycles of 

analysis and interpretation as new insights emerged. This approach aligns with the iterative 

nature of qualitative research described by Busetto, Wick and Gumbinger (2020), where 

"sampling, data collection, analysis and interpretation are related to each other in a cyclical 

(iterative) manner, rather than following one after another in a stepwise approach." 
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Figure 3.5: Data Analysis Approach 

 

 3.5.2 Quantitative Data Analysis 

The quantitative data analysis focused on identifying patterns and differences 

between successful and unsuccessful startups across the ten metric categories. The analysis 

involved several stages: 

Descriptive statistics were calculated for each metric category, including means, 

standard deviations, and ranges for both successful and unsuccessful startup groups. This 

analysis provided an initial overview of the differences between the two groups and helped 

identify areas of notable distinction. 

 

Comparative analysis was conducted to systematically examine the differences 

between successful and unsuccessful startups across each metric category. This analysis 

included: 

Mean difference calculations: To quantify the magnitude of differences between 

the two groups. 
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Pattern identification: To identify consistent patterns across multiple metrics that 

might indicate important success factors. 

Outlier analysis: To identify and examine cases that deviated from the general 

patterns, providing insights into potential contextual factors or alternative pathways to 

success or failure. 

Correlation analysis was conducted to examine relationships between different 

metrics and to identify potential clusters of related factors. This analysis helped identify 

which factors tended to cooccur and potentially reinforce each other, providing insights 

into the interrelationships between different success factors. 

 

 3.5.3 Qualitative Data Analysis 

The qualitative data analysis employed a systematic approach to identify patterns, 

themes, and insights from the interview transcripts, document analyses, and observation 

field notes. The analysis process involved several stages: 

Thematic analysis was conducted using NVivo qualitative data analysis software, 

which facilitated the organization, coding, and retrieval of data across multiple sources. It 

followed the approach outlined by Braun and Clarke (2006), involving six phases: 

1. Familiarization with the data: All interview transcripts, field notes, and 

document summaries were read multiple times to develop a deep understanding 

of the content. 

2. Initial coding: The data were coded using a combination of deductive codes 

derived from the research questions and theoretical framework, and inductive 

codes that emerged from the data. The initial coding framework was based on 

the ten metric categories examined in the quantitative analysis, with additional 

codes emerging inductively as the analysis progressed. 
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3. Searching for themes: Codes were grouped into potential themes that captured 

important patterns in the data related to startup success factors. 

4. Reviewing themes: Themes were reviewed and refined to ensure they 

accurately represented the data and provided meaningful insights into the 

research questions. 

5. Defining and naming themes: Themes were clearly defined and named to 

capture their essence and relationship to the research questions. 

6. Producing the report: The themes were integrated into the research findings, 

with illustrative quotes and examples to support the analysis. 

 

Crosscase synthesis was conducted to identify patterns that consistently 

differentiated successful from unsuccessful startups. This analysis followed the approach 

described by Yin (2018), involving the creation of word tables that display the data from 

individual cases according to a uniform framework. The crosscase synthesis focused not 

only on identifying what factors were present in successful startups but also on 

understanding how these factors manifested and interacted in practice. The process paid 

particular attention to elements that appeared consistently across successful startups despite 

their diverse industry contexts and founder backgrounds. It revealed several key areas that 

consistently differentiated successful from unsuccessful startups, clustering around four 

main dimensions: founder related factors, relationship and network factors, operational and 

process factors, and market engagement factors. 

Narrative analysis was employed to develop rich, contextual understandings of 

the startup journeys and to identify critical incidents and turning points that influenced their 

trajectories. This analysis focused on how founders and other stakeholders constructed 

narratives about their experiences, challenges, and adaptations. It provided insights into the 
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temporal aspects of startup development and the sequential relationships between different 

factors and events. It helped identify critical junctures where specific decisions or actions 

had significant impacts on subsequent outcomes. 

 

 3.5.4 Integration of Quantitative and Qualitative Findings 

The integration of quantitative and qualitative findings was a critical aspect of the 

analytical process, allowing for the development of a comprehensive understanding of the 

factors influencing startup success. The integration process involved several strategies: 

Joint displays were created to visually represent the integration of quantitative and 

qualitative findings, following the approach described by Guetterman et al. (2015). These 

displays presented quantitative results alongside qualitative themes and illustrative quotes, 

facilitating the identification of convergence, divergence, and complementarity between 

the different data types. The joint displays helped identify areas where the qualitative data 

provided explanatory context for quantitative patterns, as well as instances where 

qualitative insights revealed important factors that were not fully captured in the 

quantitative metrics. 

Pattern matching was employed to compare empirically based patterns with 

predicted patterns derived from theory or prior research (Yin, 2018). This approach helped 

assess the alignment between the study findings and existing knowledge about startup 

success factors, as well as identify novel insights specific to the Canada Startup Visa 

Program context. The pattern matching analysis revealed both consistencies with broader 

entrepreneurship research (such as the importance of team complementarity) and context 

specific factors (such as the significance of cultural adaptation to the Canadian business 

environment). 
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Explanation building was used to develop a causal explanation of the factors 

influencing startup success, iteratively refining the explanation as new data were analyzed 

(Yin, 2018). This process involved developing initial propositions about success factors, 

comparing these against the case evidence, revising the propositions, and comparing other 

details of the case against the revision. The explanation building process led to the 

identification of causal mechanisms and interrelationships between different success 

factors, providing a foundation for the development of the predictive framework. 

 

3.5.5 Framework Development Process 

The framework development process integrated the findings from both the 

quantitative and qualitative analyses to create a predictive model for assessing startup 

potential in the Canada Startup Visa Program. This process involved several stages: 

Factor identification: Key success factors were identified based on the 

comparative analysis of successful and unsuccessful startups, focusing on factors that 

consistently differentiated the two groups. 

Weighting system development: A weighting system was developed that reflected 

the relative importance of different factors based on their apparent influence on startup 

outcomes. This weighting was informed by both the quantitative differences observed 

between successful and unsuccessful startups and the qualitative insights into the 

significance of different factors. 

Rubric development: Detailed rubrics were developed for evaluating qualitative 

factors such as founder adaptability, advisory relationship quality, and decision-making 

approaches. These rubrics included specific behavioral indicators and evidence types that 

could be observed during the assessment process. 
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Framework refinement: The initial framework underwent several iterations of 

refinement based on feedback from designated organization representatives and industry 

experts. This refinement process focused on ensuring that the framework was both 

comprehensive and practical for application in real-world contexts. 

The resulting framework incorporated both quantitative metrics and qualitative 

assessments across the ten metric categories, with a weighting system that assigned greater 

importance to factors that showed stronger differentiation between successful and 

unsuccessful startups. 

 

 
Figure 3.6: Predictive Framework Development 
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3.6 Validation Procedures 

 

 3.6.1 Validation Cohort Selection 

To assess the predictive capability of the framework developed through the 

comparative case study analysis, a validation process was implemented using a separate 

cohort of startups. The validation cohort consisted of fifty startups that had more recently 

entered the Canada Startup Visa Program. These startups were selected using the same 

purposive sampling approach employed for the case study startups, ensuring diversity 

across several dimensions: 

Industry sectors: The validation cohort included startups in technology (AI), 

healthcare (dental), healthcare (mammography), energy, and construction, providing sector 

diversity comparable to the main case study sample. 

Founder origins: Founders originated from Asia, Middle East, Latin America, 

Africa, and Europe, providing geographic diversity comparable to the case study sample. 

Program entry timing: All startups had entered the program between 2024 and 

2025, allowing for initial assessment while still providing sufficient time for performance 

monitoring. 

Development stage: At the time of the framework application, all fifty startups 

were in active operation, having completed initial product development and begun 

customer acquisition, but not yet achieved definitive success or failure outcomes according 

to the criteria used for the case study startups. 

This selection approach ensured that the validation cohort represented a similar 

range of startups to the original case study sample, while being at an earlier stage in their 

development trajectory. This timing difference was crucial for testing the predictive 
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capability of the framework, as it allowed for the application of the framework to startups 

whose ultimate outcomes were not yet determined, followed by monitoring of their 

subsequent performance. 

 

 

 

 3.6.2 Framework Application Process 

The framework was applied to each validation cohort startup through a systematic 

process that mirrored the data collection approach used for the case study startups. This 

process involved: 

Data collection: Comprehensive data were collected for each startup using the 

same methods employed in the main study: 

• Semi-structured interviews with founders and designated organization 

representatives 

• Analysis of business documents including business plans, pitch decks, and 

financial projections 

• Direct observation of product demonstrations and team interactions where 

possible 

Metric scoring: Each startup was scored across the ten metric categories using the 

framework's assessment rubrics. These individual category scores were based on the same 

criteria used in the analysis of the case study startups, ensuring consistency in the 

assessment approach. 

Weighted calculation: The individual category scores were weighted according to 

the framework's weighting system to calculate an overall score for each startup. This 
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weighting system reflected the relative importance of different factors based on their 

apparent influence on startup outcomes in the case study analysis. 

Prediction categorization: Based on their overall scores and performance on 

critical metrics, startups were categorized into one of three prediction categories: 

1. Likely Success: Overall score ≥ 70 

2. Uncertain: Overall score 60-69 

3. Likely Failure: Overall score < 60 

Additionally, minimum thresholds were applied for critical categories, reflecting 

the finding that weaknesses in certain areas were difficult to compensate for with strengths 

in others. These minimum thresholds included: 

• Team score must be ≥ 6.5 

• Adaptability score must be ≥ 6.5 

• Network Integration score must be ≥ 6.0 

• Cultural Adaptation score must be ≥ 6.0 

 

 3.6.3 Performance Monitoring Approach 

Following the initial framework application, the performance of the validation 

cohort was monitored over a 14 months period to assess their trajectory and provide an 

initial validation of the framework's predictions. This monitoring involved: 

Key performance indicator tracking: Regular monitoring of key performance 

indicators including: 

• Revenue growth 

• Customer acquisition 

• Funding progress 

• Team development 
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• Product evolution 

• Market validation 

Stakeholder interviews: Follow-up interviews with founders, team members, and 

designated organization representatives to gather qualitative insights into the startups' 

progress and challenges. 

Document review: Analysis of updated business documents, progress reports, and 

communications to track developments and milestone achievement. 

Trajectory assessment: Based on the performance monitoring data, each startup's 

trajectory was categorized as positive, neutral, or negative, reflecting their progress toward 

success or failure outcomes. 

The performance monitoring was conducted through a combination of direct data 

collection from the startups and information provided by their designated organizations. 

This approach allowed for a comprehensive assessment of their progress while minimizing 

the burden on the startups themselves. 

 

 3.6.4 Prediction Accuracy Assessment 

The prediction accuracy assessment compared the framework's predictions with the 

observed 14-months performance trajectories to provide an initial assessment of the 

framework's predictive capability. This assessment involved: 

Prediction performance comparison: The initial predictions (likely success, 

uncertain, or likely failure) were compared with the observed performance trajectories 

(positive, neutral, or negative) to assess alignment. 

Accuracy categorization: Based on the comparison, each prediction was 

categorized as: 

• Accurate: The observed trajectory aligned with the prediction 
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• Partially Accurate: The observed trajectory partially aligned with the 

prediction 

• Inaccurate: The observed trajectory contradicted the prediction 

Factor-specific analysis: For each startup, the specific factors highlighted in the 

framework application were compared with the observed performance patterns to assess 

whether the identified strengths and concerns were reflected in actual performance. 

 

 3.6.5 Validation Insights and Framework Refinement 

The validation process yielded several insights that reinforced and refined the 

understanding of the factors influencing startup success in the Canada Startup Visa 

Program. These insights emerged from both the framework application and the subsequent 

performance monitoring. 

Based on the validation process, several refinements to the predictive framework 

were recommended: 

Founder Adaptability Weighting: Increase the weighting for founder adaptability 

and learning orientation metrics, as these showed stronger correlation with startup 

outcomes than technical expertise or prior experience. 

Advisory Relationship Quality: Add specific metrics to assess not just the 

presence of advisors but the quality and structure of these relationships, including 

frequency of engagement and implementation of advice. 

Cultural Integration Depth: Refine cultural adaptation metrics to better capture 

founders' ability to adapt communication styles and relationship building approaches to the 

local business environment. 

These refinement recommendations reflected the insights gained through the 

validation process and aimed to enhance the framework's predictive capability for future 
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applications. The validation process thus not only provided an initial assessment of the 

framework's accuracy but also contributed to its ongoing development and improvement. 

 

 

 

 

 

3.7 Ethical Considerations 

 

 3.7.1 Informed Consent Procedures 

Ethical considerations were central to the design and implementation of this 

research. Prior to data collection, the study received approval from the SSBM Geneva. A 

comprehensive informed consent process was implemented for all research participants, 

ensuring they were fully informed about the nature of the research, their role in it, and how 

their data would be used. The informed consent procedures included: 

• Participant Information Sheets: All potential participants received 

detailed information sheets explaining the research purpose, methods, 

expected duration of their involvement, potential benefits and risks, and 

their rights as research participants. 

• Voluntary Participation: It was clearly communicated that participation 

was entirely voluntary, and participants could withdraw from the study at 

any time without negative consequences. 

• Consent Forms: Written consent was obtained from all participants prior 

to data collection, with separate consent for audio recording of interviews 

and use of direct quotes in research outputs. 



 

 

112 

• Ongoing Consent: For participants involved in multiple data collection 

phases, consent was reconfirmed at each stage to ensure continued 

willingness to participate. 

For startup founders and team members, additional considerations were addressed 

regarding the potential sensitivity of business information. Participants were given the 

option to review any direct quotes attributed to them before publication and to request that 

certain commercially sensitive information be excluded from the research outputs. 

 

 3.7.2 Confidentiality and Anonymity 

Maintaining confidentiality and anonymity was a key ethical consideration, 

particularly given the potentially sensitive nature of information about startup operations, 

challenges, and failures. The following measures were implemented: 

Pseudonymization: All startups and individual participants were assigned 

pseudonyms in research records and outputs.  

Data Deidentification: Identifying information was removed or modified in 

research records and outputs to prevent recognition of specific startups or individuals. This 

included altering nonessential details that might make identification possible while 

preserving the substantive content relevant to the research. 

Aggregation of Sensitive Data: Quantitative data were presented in aggregate 

form where possible to prevent identification of specific startups through unique metrics 

or characteristics. 

Confidentiality Agreements: Researcher signed confidentiality agreements 

regarding the handling of research data and participant information. 
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Special attention was paid to cases where complete anonymity might be challenging 

due to the unique characteristics of certain startups or their specific role in the Canada 

Startup Visa Program. In these cases, additional measures were taken, including more 

extensive modification of nonessential details and explicit consent for the inclusion of 

potentially identifying information. 

 

 

 

 3.7.3 Data Protection and Storage 

Rigorous data protection and storage procedures were implemented to safeguard 

participant information and research data: 

Secure Storage: All digital data were stored on encrypted, password-protected 

solid-state drive, with access restricted to authorized team members. Physical documents 

were digitalized and stored in the same drive before safe disposal. 

Data Transfer Protocols: Secure file transfer protocols were used for any 

necessary data sharing, with encryption of sensitive files. 

Data Retention and Disposal: A clear data retention policy was established, with 

research data to be retained for eight years after the completion of the study, after which it 

will be securely destroyed in accordance with international data disposal guidelines. 

Separation of Identifiers: Participant identifiers were stored separately from 

research data, with a secure linking system that allowed for the connection of data while 

minimizing risk of unauthorized access to identifiable information. 

Compliance with Regulations: All data handling procedures were designed to 

comply with relevant data protection regulations, including the Personal Information 

Protection and Electronic Documents Act (PIPEDA) in Canada. 
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 3.7.4 Potential Conflicts of Interest 

Potential conflicts of interest were identified and managed throughout the research 

process: 

Researcher Relationships: Any preexisting relationships between researchers and 

participating startups or designated organizations were disclosed and managed through 

appropriate oversight mechanisms. 

Transparency in Reporting: A commitment was made to transparent reporting of 

findings regardless of whether they aligned with the interests of stakeholders, including 

government agencies, designated organizations, or participating startups. 

Balanced Representation: Care was taken to ensure balanced representation of 

different perspectives, including both successful and unsuccessful startups, and diverse 

stakeholder viewpoints. 

 

3.7.5 Reciprocity and Benefit Sharing 

Consideration was given to ensuring that the research provided benefits to 

participants and contributed positively to the startup ecosystem: 

Knowledge Sharing: Summary reports of anonymized findings were shared with 

all participating startups and designated organizations, providing insights that could inform 

their practices. 

Capacity Building: Workshops were offered to participating startups on key 

success factors identified through the research, contributing to their development and 

potential success. 
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Policy Recommendations: Research findings were translated into policy 

recommendations for the Canada Startup Visa Program, with the aim of enhancing program 

effectiveness and supporting immigrant entrepreneurs. 

These ethical considerations were not viewed as merely procedural requirements 

but as fundamental aspects of conducting rigorous and responsible research that respects 

the rights and interests of participants while contributing valuable knowledge to the field. 

 

3.8 Methodological Limitations and Considerations 

 

 3.8.1 Limitations of the Research Design 

While the comparative case study design with mixed methods was carefully 

selected to address the research objectives, several limitations should be acknowledged: 

Retrospective Data Collection: For the main case studies, many data were 

collected retrospectively, particularly regarding early stage decisions and processes. This 

introduces potential recall bias, where participants' recollections may be influenced by 

subsequent events and outcomes. While triangulation across multiple data sources helped 

mitigate this limitation, it remains a consideration in interpreting the findings. 

Geographic Concentration: Although the sample included startups located across 

different Canadian provinces, certain regions had stronger representation due to the 

concentration of Startup Visa Program participants in major urban centers. This may limit 

the applicability of findings to startups in less represented regions, which might face 

different contextual challenges. 

 

 3.8.2 Potential Biases and Mitigation Strategies 
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Several potential biases were identified and addressed through specific mitigation 

strategies: 

Selection Bias: The purposive sampling approach, while necessary to ensure 

appropriate case selection, introduces potential selection bias. To mitigate this, clear 

selection criteria were established and applied consistently, and efforts were made to 

include diverse cases across multiple dimensions (industry, founder origin, designated 

organization type). 

Researcher Bias: The researchers' prior experiences and perspectives could 

influence data collection and interpretation. This was addressed through researcher 

reflexivity, maintaining detailed research journals, and involving multiple researchers in 

the data analysis process to provide different perspectives and challenge interpretations. 

Success Bias: Studying both successful and unsuccessful startups helped mitigate 

the common bias toward focusing only on successful cases. However, the definition of 

"success" itself involves subjective elements. To address this, clear operational criteria for 

success were established based on objective milestones (funding, acquisition, profitability), 

while acknowledging the multifaceted nature of entrepreneurial success. 

Confirmation Bias: The risk of seeking evidence that confirms preconceived 

notions about success factors was addressed through systematic analysis procedures, active 

searching for disconfirming evidence, and regular team discussions to challenge emerging 

interpretations. 

Social Desirability Bias: Participants might present themselves and their 

experiences in socially desirable ways, particularly regarding failures or challenges. This 

was mitigated through triangulation across multiple data sources, confidentiality 

assurances, and interview techniques designed to encourage candid responses. 
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 3.8.3 Generalizability Consideration 

The findings are specific to the Canada Startup Visa Program context and may not 

fully translate to other entrepreneurial contexts or immigration programs. The unique 

characteristics of the Canadian business ecosystem, regulatory environment, and support 

structures influence the factors that contribute to startup success in this specific context. 

 

 

 3.8.4 Reflexivity in the Research Process 

Reflexivity was an important consideration throughout the research process, 

acknowledging the role of the researcher in shaping the research: 

Power Dynamics: The relationship between researchers and participants involved 

inherent power dynamics, particularly when interviewing founders of unsuccessful startups 

who might feel vulnerable discussing their experiences. These dynamics were 

acknowledged and addressed through respectful research practices, participant centered 

approaches, and ongoing reflection. 

Evolving Understanding: The researchers' understanding of startup success 

factors evolved throughout the research process, requiring ongoing reflection on how 

emerging insights influenced subsequent data collection and analysis. An audit trail was 

maintained to document this evolving understanding and its influence on the research 

process. 

 

3.9 Summary 

This chapter has presented the comprehensive research methodology employed to 

investigate the factors influencing startup success within the Canada Startup Visa Program 

and to develop a predictive framework for assessing startup potential. The methodology 
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was carefully designed to address the research objectives while acknowledging the 

complex, multifaceted nature of entrepreneurial success in the context of immigrant 

entrepreneurship. 

The research was grounded in a pragmatic paradigm with a critical realist 

orientation, recognizing the value of both objective and subjective knowledge in 

understanding complex social phenomena. This philosophical foundation supported the 

adoption of a comparative case study design with mixed methods, integrating quantitative 

metrics with qualitative insights to develop a comprehensive understanding of startup 

success factors. 

The research design involved the purposive selection of 100 startups for the main 

comparative analysis, comprising fifty successful and fifty unsuccessful cases, with an 

additional fifty startups selected for the validation cohort. Data collection employed 

multiple methods, including structured surveys, semistructured interviews, document 

analysis, and direct observations, enabling triangulation across different data sources and 

methods. The data analysis integrated quantitative comparative analysis with qualitative 

thematic analysis and cross case synthesis, leading to the identification of key success 

factors and the development of a predictive framework. 

The validation process involved applying the framework to a cohort of startups at 

earlier stages in the program, followed by performance monitoring to assess the 

framework's predictive capability. This process provided preliminary validation of the 

framework while also generating insights for its refinement and improvement. 

Throughout the research process, careful attention was paid to ethical 

considerations, including informed consent, confidentiality, data protection, and potential 

conflicts of interest. The methodological limitations of the research were acknowledged, 
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and consideration regarding generalizability, with specific strategies implemented to 

mitigate potential biases. 

The methodology described in this chapter provided a robust foundation for the 

research findings presented in Chapter 4, enabling the identification of key success factors 

for startups in the Canada Startup Visa Program and the development of a predictive 

framework with practical applications for stakeholders in the program. By integrating 

quantitative and qualitative approaches within a comparative case study design, the 

research was able to capture both the breadth and depth of factors influencing startup 

outcomes, contributing to a nuanced understanding of immigrant entrepreneurship success 

in the Canadian context. 
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CHAPTER 4: RESULTS 

This chapter presents the findings from the comparative analysis of successful and 

unsuccessful immigrant-founded startups in Canada. The analysis was conducted using a 

dataset of 100 startups (50 successful and 50 unsuccessful) across various industries, with 

founders originating from diverse geographical regions. The startups were evaluated across 

ten metric categories encompassing team characteristics, market potential, innovation 

capabilities, financial viability, scalability potential, network integration, adaptability, 

regulatory compliance, cultural adaptation, and execution excellence. 

The analysis methodology employed a three-pronged approach. First, descriptive 

statistics were calculated for each metric category to provide an initial overview of the 

differences between successful and unsuccessful startup groups. Second, comparative 

analysis was conducted to systematically examine the differences between the two groups 

across each metric category, including mean difference calculations, pattern identification, 

and outlier analysis. Third, correlation analysis was performed to examine relationships 

between different metrics and identify potential clusters of related factors. 

The results presented in this chapter are organized into three main sections. Section 

4.1 presents the descriptive and comparative statistics for each metric category, providing 

a comprehensive overview of the central tendencies and variations within both successful 

and unsuccessful startup groups. Section 4.2 presents the correlation analysis, revealing 

important relationships between different metrics and identifying clusters of interrelated 

success factors. Section 4.3 presents the Productized OS (startup success predictive 

framework), which is developed based on the analysis done in previous sections and reports 

the empirical results of its predictive accuracy. 
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4.1 Descriptive & Comparative Analysis 

This section presents the statistical findings for each metric category, providing a 

comprehensive overview of the central tendencies and variations within both successful 

and unsuccessful startup groups. 

 

4.1.1 Team Characteristics 

Team characteristics encompass founder experience, education level, prior startup 

experience, and team size. Table 4.1 presents the statistics for these metrics across 

successful and unsuccessful startups. 

 

Metric Group Mean Std Min Max 
Outlier 
Count 

Mean 
Difference 

Founder Experience 
Years 

Successful 7 1.58 5 9 0 
2 

Unsuccessful 5 1.73 3 7 0 

Education Level 
Successful 2 0.71 1 3 2 

0.6 
Unsuccessful 1.4 0.2 1 2 0 

Prior Startup 
Experience 

Successful 0.8 0.44 0 1 1 
0.4 

Unsuccessful 0.4 0.47 0 1 0 

Team Size 
Successful 8 1.58 6 10 0 

0.8 
Unsuccessful 7.2 1.92 5 10 0 

Table 4.1: Team Characteristics Metrics 

 

Successful startups demonstrated higher means across all team characteristic 

metrics. Notably, successful startups had founders with an average of 7.0 years of 

experience (SD = 1.58) compared to 5.0 years (SD = 1.73) for unsuccessful startups. The 

education level, coded as Bachelor=1, Master=2, and Doctor=3, averaged 2.0 (SD = 0.71) 

for successful startups versus 1.4 (SD = 0.22) for unsuccessful startups, indicating that 

successful startup founders generally had higher educational attainment. Additionally, 80% 



 

 

122 

of successful startups had founders with prior startup experience compared to only 40% of 

unsuccessful startups. Team size was also larger for successful startups (M = 8.0, SD = 

1.58) compared to unsuccessful startups (M = 7.2, SD = 1.92). The data revealed two 

outliers in the education level metric for successful startups, suggesting some successful 

startups had founders with higher education levels than the group average. One outlier was 

also identified in the prior startup experience metric for successful startups. 

 

4.1.2 Market Potential 

Market potential metrics include target market size (in millions), growth rate 

(percentage), and competitive intensity (scale of 1-5). Table 4.2 summarizes the statistics 

for these metrics. 

 

Metric Group Mean Std Min Max Outlier Count Mean Difference 

Market Size (Millions) 
Successful 370 84.85 280 500 0 

60 
Unsuccessful 310 77.46 210 420 0 

Growth Rate (%) 
Successful 19.4 4.88 12 25 0 

7.2 
Unsuccessful 12.2 2.59 9 15 0 

Competitive Intensity (1-5) 
Successful 3.4 0.55 2 4 0 

-0.2 
Unsuccessful 3.6 0.54 2 5 0 

Table 4.2: Market Potential Metrics 

 

Successful startups targeted larger markets with an average market size of 370 

million (SD = 84.85) compared to 310 million (SD = 77.46) for unsuccessful startups. The 

growth rate of target markets was substantially higher for successful startups (M = 19.4%, 

SD = 4.88) compared to unsuccessful startups (M = 12.2%, SD = 2.59). Interestingly, the 

competitive intensity was slightly lower for successful startups (M = 3.4, SD = 0.55) than 

for unsuccessful startups (M = 3.6, SD = 0.54), suggesting that successful startups may 
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have strategically chosen markets with slightly less competition. No outliers were 

identified in the market potential metrics, indicating relatively consistent patterns within 

each group. 

 

4.1.3 Innovation and Technology 

Innovation and technology metrics encompass technology readiness level (scale of 

1-9), R&D investment (in CAD), and patent activity (binary: Yes=1, No=0). Table 4.3 

presents the statistics for these metrics. 

 

Metric Group Mean Std Min Max 
Outlier 
Count 

Mean 
Difference 

Technology Readiness 
Level (1-10) 

Successful 7 0.71 6 8 2 
0.4 

Unsuccessful 6.6 0.86 5 7 0 

RnD Investment (CAD) 
Successful 171000 36810 120000 210000 0 

70000 
Unsuccessful 101000 20736 75000 130000 0 

Patent Activity 
Successful 0.6 0.12 0 1 0 

0.6 
Unsuccessful 0 0 0 0 0 

Table 4.3: Innovation and Technology Metrics 

 

Successful startups demonstrated higher technology readiness levels (M = 7, SD = 

0.71) compared to unsuccessful startups (M = 6.6, SD = 0.86). R&D investment was 

substantially higher for successful startups (M = 171,000 CAD, SD = 36,810) compared to 

unsuccessful startups (M = 101,000 CAD, SD = 20,736). Perhaps most notably, 60% of 

successful startups engaged in patent activity, while none of the unsuccessful startups did 

so. Two outliers were identified in the technology readiness level metric for successful 

startups, suggesting some successful startups had notably higher or lower technology 

readiness levels than the group average. 
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4.1.4 Financial Viability 

Financial viability metrics include revenue growth (percentage), burn rate 

(CAD/month), funding raised (CAD), and unit economics index (scale of 1-5). Table 4.4 

summarizes the statistics for these metrics. 

 

Metric Group Mean Std Min Max 
Outlier 
Count 

Mean 
Difference 

Revenue Growth 
(%) 

Successful 44 11.93 30 60 0 
24 

Unsuccessful 20 3.80 15 25 0 

Burn Rate 
(CAD/Month) 

Successful 65000 19364 45000 90000 0 
12000 

Unsuccessful 53000 19558 35000 85000 1 

Funding Raised 
(CAD) 

Successful 1000000 358817 600000 1500000 0 
480000 

Unsuccessful 520000 152479 350000 700000 0 

Unit Economics 
Index (1-5) 

Successful 4 0.71 3 5 2 
1 

Unsuccessful 3 1.37 2 5 0 

Table 4.4: Financial Viability Metrics 

 

Successful startups demonstrated substantially higher revenue growth (M = 44%, 

SD = 11.93) compared to unsuccessful startups (M = 20%, SD = 3.80). The burn rate was 

higher for successful startups (M = 65,000 CAD/month, SD = 19,364) compared to 

unsuccessful startups (M = 53,000 CAD/month, SD = 19,558), likely reflecting more 

aggressive growth strategies. Funding raised was nearly twice as high for successful 

startups (M = 1,000,000 CAD, SD = 358,817) compared to unsuccessful startups (M = 

520,000 CAD, SD = 152,479). Unit economics index was also higher for successful 

startups (M = 4, SD = 0.71) compared to unsuccessful startups (M = 3, SD = 1.37). Two 

outliers were identified in the unit economics index metric for successful startups, and one 

outlier was identified in the burn rate metric for unsuccessful startups. 
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4.1.5 Scalability Potential 

Scalability potential was measured using the resource efficiency metric (scale of 1-

5). Table 4.5 presents the statistics for this metric. 

 

Metric Group Mean Std Min Max Outlier Count Mean Difference 

Resource Efficiency (1-5) 
Successful 3.7 0.45 3 4 1 

0.8 
Unsuccessful 2.9 1.28 2 5 0 

Table 4.5: Scalability Potential Metrics 

 

Successful startups demonstrated higher resource efficiency (M = 3.7, SD = 0.45) 

compared to unsuccessful startups (M = 2.9, SD = 1.28), indicating better utilization of 

resources and greater potential for scaling operations. One outlier was identified in the 

resource efficiency metric for successful startups. 

 

4.1.6 Network Integration 

Network integration metrics include connections to investors, mentors, and 

industry partners (all on a scale of 1-5). Table 4.6 summarizes the statistics for these 

metrics. 

 

Metric Group Mean Std Min Max 
Outlier 
Count 

Mean 
Difference 

Investor Connections (1-5) 
Successful 4.2 0.15 4 5 0 

1 
Unsuccessful 3.2 0.27 3 4 0 

Mentor Connections (1-5) 
Successful 3.9 0.45 3 4 1 

0.8 
Unsuccessful 3.1 0.71 2 4 2 

Industry Partner Connections 
(1-5) 

Successful 3.8 0.83 3 5 0 
1 

Unsuccessful 2.8 0.45 2 3 1 
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Table 4.6: Network Integration Metrics 

 

Successful startups demonstrated stronger network integration across all metrics. 

Investor connections were substantially higher for successful startups (M = 4.2, SD = 0.15) 

compared to unsuccessful startups (M = 3.2, SD = 0.27). Mentor connections were also 

higher for successful startups (M = 3.9, SD = 0.45) compared to unsuccessful startups (M 

= 3.1, SD = 0.71). Industry partner connections showed the largest difference, with 

successful startups averaging 3.8 (SD = 0.83) compared to 2.8 (SD = 0.45) for unsuccessful 

startups. One outlier was identified in the mentor connections metric for successful 

startups, and two outliers were identified in the mentor connections metric for unsuccessful 

startups. One outlier was also identified in the industry partner connections metric for 

unsuccessful startups. 

 

4.1.7 Adaptability 

Adaptability metrics include pivot count, market feedback integration (scale of 1-

5), and decision agility (scale of 1-5). Table 4.7 presents the statistics for these metrics. 

 

Metric Group Mean Std Min Max 
Outlier 
Count 

Mean 
Difference 

Pivot Count 
Successful 1.4 0.28 1 2 0 

0.2 
Unsuccessful 1.2 0.14 0 2 0 

Market Feedback Integration 
(1-5) 

Successful 3.8 0.45 3 4 1 
0.6 

Unsuccessful 3.2 0.42 3 4 1 

Decision Agility (1-5) 
Successful 4.4 0.34 4 5 0 

1.2 
Unsuccessful 3.2 0.27 3 4 1 

Table 4.7: Adaptability Metrics 

Successful startups demonstrated slightly higher pivot counts (M = 1.4, SD = 0.28) 

compared to unsuccessful startups (M = 1.2, SD = 0.14), suggesting more willingness to 
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adapt their business models. Market feedback integration was higher for successful startups 

(M = 3.8, SD = 0.45) compared to unsuccessful startups (M = 3.2, SD = 0.42). Decision 

agility showed the largest difference, with successful startups averaging 4.4 (SD = 0.34) 

compared to 3.2 (SD = 0.27) for unsuccessful startups. One outlier was identified in the 

market feedback integration metric for both successful and unsuccessful startups. 

 

4.1.8 Regulatory Compliance 

Regulatory compliance metrics include visa compliance score and industry 

compliance score (both on a scale of 1-5). Table 4.8 summarizes the statistics for these 

metrics. 

 

Metric Group Mean Std Min Max 
Outlier 
Count 

Mean 
Difference 

Visa Compliance Score (1-5) 
Successful 4.8 0.11 4 5 1 

0.6 
Unsuccessful 4.2 0.14 4 5 1 

Industry Compliance Score 
(1-5) 

Successful 4.6 0.37 4 5 0 
0.4 

Unsuccessful 4.2 0.43 4 5 1 

Table 4.8: Regulatory Compliance Metrics 

 

Successful startups demonstrated higher compliance scores across both metrics. 

Visa compliance score was higher for successful startups (M = 4.8, SD = 0.11) compared 

to unsuccessful startups (M = 4.2, SD = 0.14). Industry compliance score was also higher 

for successful startups (M = 4.6, SD = 0.37) compared to unsuccessful startups (M = 4.2, 

SD = 0.43). One outlier was identified in the visa compliance score metric for both 

successful and unsuccessful startups, and one outlier was identified in the industry 

compliance score metric for unsuccessful startups. 
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4.1.9 Cultural Adaptation 

Cultural adaptation metrics include cultural adaptation score and communication 

adaptation (both on a scale of 1-5). Table 4.9 presents the statistics for these metrics. 

 

Metric Group Mean Std Min Max 
Outlier 
Count 

Mean 
Difference 

Cultural Adaptation Score (1-
5) 

Successful 4.1 0.48 4 5 1 
1.2 

Unsuccessful 2.9 0.33 2 3 0 

Communication Adaptation 
(1-5) 

Successful 4.6 0.45 4 5 1 
1.2 

Unsuccessful 3.4 0.36 1 4 0 

Table 4.9: Cultural Adaptation Metrics 

Successful startups demonstrated substantially higher cultural adaptation scores (M 

= 4.1, SD = 0.48) compared to unsuccessful startups (M = 2.9, SD = 0.33). Similarly, 

communication adaptation was higher for successful startups (M = 4.6, SD = 0.45) 

compared to unsuccessful startups (M = 3.4, SD = 0.36). One outlier was identified in both 

the cultural adaptation score and communication adaptation metrics for successful startups. 

 

4.1.10 Execution Excellence 

Execution excellence metrics include milestone achievement score, process 

implementation, and operational efficiency (all on a scale of 1-5). Table 4.10 summarizes 

the statistics for these metrics. 

 

 

Metric Group Mean Std Min Max 
Outlier 
Count 

Mean 
Difference 

Milestone Achievement Score 
(1-5) 

Successful 4.3 0.81 3 5 0 
1 

Unsuccessful 3.3 0.37 3 4 0 

Process Implementation (1-5) 
Successful 4.2 0.40 3 5 0 

1.6 
Unsuccessful 2.8 1.25 1 4 0 
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Operational Efficiency (1-5) 
Successful 4.2 0.84 3 5 0 

1.4 
Unsuccessful 2.8 0.41 2 3 1 

Table 4.10: Execution Excellence Metrics 

 

Successful startups demonstrated higher execution excellence across all metrics. 

Milestone achievement score was higher for successful startups (M = 4.3, SD = 0.81) 

compared to unsuccessful startups (M = 3.3, SD = 0.37). Process implementation showed 

the largest difference, with successful startups averaging 4.2 (SD = 0.40) compared to 2.8 

(SD = 1.25) for unsuccessful startups. Operational efficiency was also substantially higher 

for successful startups (M = 4.2, SD = 0.84) compared to unsuccessful startups (M = 2.8, 

SD = 0.41). One outlier was identified in the operational efficiency metric for unsuccessful 

startups. 

The data presented in this section has provided a comprehensive overview of the 

differences between successful and unsuccessful immigrant-founded startups across all 

metric categories. Figure 4.1 reveals significant disparities between successful and 

unsuccessful startups across multiple performance metrics. Financial viability metrics, 

notably Revenue Growth (120%) and Funding Raised (92.3%), demonstrate the pivotal 

role of capital and revenue expansion in driving success.  
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Figure 4.1: Average Mean Difference Between Successful and Unsuccessful Startups 

 

In addition, innovation and technology measures, such as R&D Investment (69.3%) 

and strong Patent Activity (60%), underline that investment in new technologies can offer 

a competitive edge. Team characteristics also play a crucial role, with Prior Startup 

Experience (100%), Education Level (42.9%), and Founder Experience (40%) collectively 

emphasizing that a strong entrepreneurial background is vital for startup performance. 

The results further highlight the importance of operational and execution 

excellence. High differences in Process Implementation (57%), Operational Efficiency 

(50%), and Milestone Achievement (30%) indicate that structured, efficient operational 

practices are closely associated with successful outcomes. Market potential factors, such 

as Growth Rate (59.0%) and Market Size (19.4%), while essential, appear to exert a less 

direct influence on success when compared to financial and operational metrics. The 

slightly negative difference in Competitive Intensity (-5.6%) suggests that successful 
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startups strategically chose a less competitive industry as compared to unsuccessful 

startups. 

Finally, the analysis underscores the significance of adaptability, cultural 

adaptation, and network integration. Metrics related to decision-making agility (37.5%), 

market feedback integration (18.8%), and the number of pivots (16.7%) indicate that the 

ability to quickly adjust strategies is important. Additionally, cultural adaptation (41.4%) 

and communication scores (35.3%) reflect the need for effective cross-cultural 

competency. Network factors, including industry partner connections (35.7%), investor 

connections (31.2%), and mentor connections (26.7%), further reveal that leveraging 

external relationships can be instrumental in offsetting internal limitations and facilitating 

overall startup success. 

 

4.2 Correlation Analysis 

This section presents the results of the correlation analysis, examining relationships 

between different metrics and identifying potential clusters of related factors. The analysis 

helps identify which factors tend to co-occur and potentially reinforce each other, providing 

insights into the interrelationships between different success factors 

 

4.2.1 Key Correlation Patterns 

Figure 4.2 presents a correlation heatmap for successful startups, illustrating the 

strength and direction of relationships between different metrics within this group. 
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Figure 4.2: Correlation Heatmap for Successful Startups 

 

The correlation analysis reveals several strong positive correlations among metrics 

for successful startups. Some of the most notable correlation patterns include: 

Team Characteristics Correlations: Within the team characteristics category, 

strong positive correlations were observed between founder experience years and team size 

(r = 1.0), founder experience years and education level (r = 0.89), and education level and 

team size (r = 0.89). These strong correlations suggest that more experienced founders tend 
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to assemble larger teams and have higher educational attainment. The correlation between 

education level and prior startup experience was also strong (r = 0.79), indicating that 

founders with higher education levels were more likely to have previous entrepreneurial 

experience. 

In case of unsuccessful startups, a notable difference found during this analysis is 

that the team size showed only weak positive correlations with other team characteristics 

metrics (r = 0.14 to 0.49), suggesting that team composition may have been less 

strategically aligned with the founder characteristics in unsuccessful startups. 

Market Potential Correlations: Within the market potential category, a strong 

positive correlation was observed between market size and growth rate (r = 0.92), 

suggesting that successful startups targeting larger markets also benefited from higher 

growth rates in those markets. Interestingly, there was a weak negative correlation between 

market size and competitive intensity (r = -0.38), indicating that larger markets may have 

offered slightly less competitive environments for successful startups. 

However, unsuccessful startups showed weak positive correlations between 

competitive intensity and both market size (r = 0.24) and growth rate (r = 0.25), suggesting 

that unsuccessful startups may have faced more competition in larger, higher-growth 

markets. 

Innovation and Technology Correlations: Within the innovation and technology 

category, strong positive correlations were observed between technology readiness level 

and R&D investment (r = 0.77), and between technology readiness level and patent activity 

(r = 0.65). These correlations suggest that higher technology readiness levels were 

associated with greater R&D investment and more patent activity among successful 

startups. 
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Financial Viability Correlations: Within the financial viability category, 

particularly strong positive correlations were observed between burn rate and funding 

raised (r = 0.99), burn rate and unit economics index (r = 0.82), and funding raised and unit 

economics index (r = 0.89). These strong correlations suggest that successful startups with 

higher burn rates also secured more funding and demonstrated better unit economics. 

Revenue growth was also positively correlated with burn rate (r = 0.76), funding raised (r 

= 0.70), and unit economics index (r = 0.59), indicating that higher revenue growth was 

associated with more aggressive spending, more funding, and better unit economics. 

Unsuccessful statups on the other hand, showed weak negative correlations 

between revenue growth and both burn rate (r = -0.12) and funding raised (r = -0.02). These 

patterns suggest that unsuccessful startups may have been less effective at translating 

higher spending and funding into revenue growth. 

Network Integration Correlations: Within the network integration category, 

moderate to strong positive correlations were observed between investor connections and 

industry partner connections (r = 0.76), and between mentor connections and industry 

partner connections (r = 0.53). These correlations suggest that successful startups with 

stronger investor connections also tended to have stronger industry partner connections, 

and those with stronger mentor connections also tended to have stronger industry partner 

connections.  

Unsuccessful startups on the other hand, showed no correlation between investor 

connections and mentor connections (r = 0.0), but a strong positive correlation between 

mentor connections and industry partner connections (r = 0.79). This pattern suggests that 

unsuccessful startups may have had less integrated networks, with potential gaps in 

connections between different stakeholder groups. 
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Adaptability Correlations: Within the adaptability category, a very strong 

positive correlation was observed between pivot count and decision agility (r = 1.0), 

suggesting that successful startups that pivoted more frequently also demonstrated higher 

decision agility. Market feedback integration showed moderate positive correlations with 

both pivot count (r = 0.41) and decision agility (r = 0.41), indicating that better market 

feedback integration was associated with more pivoting and higher decision agility. 

Unsuccessful startups showed a weak negative correlation between pivot count and 

decision agility (r = -0.13), and between market feedback integration and decision agility 

(r = -0.25). These patterns suggest that unsuccessful startups may have struggled to 

translate market feedback and pivoting into agile decision-making. 

Execution Excellence Correlations: Within the execution excellence category, a 

perfect positive correlation was observed between milestone achievement score and 

process implementation (r = 1.0), suggesting that successful startups that achieved 

milestones more effectively also implemented better processes. Both metrics showed weak 

positive correlations with operational efficiency (r = 0.22), indicating that milestone 

achievement and process implementation were somewhat related to operational efficiency. 

 

4.2.2 Cross-Category Correlations 

Several notable cross-category correlations were observed among successful 

startups: 

Team characteristics metrics showed strong positive correlations with financial 

viability metrics, suggesting that more experienced and educated founding teams with prior 

startup experience were associated with better financial performance. 
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Innovation and technology metrics showed strong positive correlations with 

financial viability metrics, indicating that higher technology readiness levels, greater R&D 

investment, and more patent activity were associated with better financial outcomes. 

Network integration metrics showed moderate to strong positive correlations 

with execution excellence metrics, suggesting that stronger connections to investors, 

mentors, and industry partners were associated with better milestone achievement, process 

implementation, and operational efficiency. 

Adaptability metrics showed moderate to strong positive correlations with 

cultural adaptation metrics, indicating that higher decision agility and better market 

feedback integration were associated with better cultural and communication adaptation. 

 

4.2.3 Comparison of Correlation Patterns 

The comparison of correlation patterns between successful and unsuccessful 

startups reveals several key differences that may contribute to startup success or failure: 

Integrated vs. Fragmented Performance: Successful startups demonstrated more 

consistent positive correlations across metrics, suggesting more integrated performance 

across different business dimensions. In contrast, unsuccessful startups showed more 

varied correlation patterns, with some negative correlations, suggesting more fragmented 

performance. 

Strategic Alignment: Successful startups showed stronger positive correlations 

between strategic elements such as market selection, innovation investment, and financial 

outcomes. Unsuccessful startups showed weaker or sometimes negative correlations 

between these elements, suggesting potential misalignment in strategic decision-making. 
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Network Integration: Successful startups demonstrated stronger positive 

correlations among network integration metrics, suggesting more cohesive networks 

spanning investors, mentors, and industry partners. Unsuccessful startups showed more 

varied correlation patterns in network metrics, suggesting potential gaps or imbalances in 

their professional networks. 

Execution Coherence: Successful startups showed strong positive correlations 

among execution excellence metrics, suggesting coherent implementation of processes and 

achievement of milestones. Unsuccessful startups showed weaker correlations in these 

areas, suggesting potential inconsistencies in execution. 

Adaptability-Performance Link: Successful startups demonstrated positive 

correlations between adaptability metrics and performance outcomes, suggesting effective 

adaptation to changing conditions. Unsuccessful startups showed weaker or negative 

correlations in these areas, suggesting potential challenges in effectively responding to 

market feedback or changing course when necessary. 

The correlation analysis provides valuable insights into the interrelationships 

between different success factors and how these relationships may differ between 

successful and unsuccessful immigrant-founded startups in Canada. These insights 

complement the findings from the descriptive and comparative analyses, offering a more 

nuanced understanding of the complex dynamics underlying startup success. 

 

4.3 Accuracy Results of Productized OS 

This section presents the empirical findings of Productized OS Framework 

accuracy in predicting startup success for the Canada Startup-Visa Program. The 

framework was created based upon the results and analysis presented in the previous 

sections of this chapter and was tested on a new dataset of 50 startups that had been 
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accepted by incubators. The analysis demonstrates that the Productized OS Framework, 

can effectively predict startup success with significant statistical validity. 

 

4.3.1. Framework Structure 

The Productized Framework is a comprehensive model designed to predict startup 

success by evaluating seven key dimensions: Team Strength, Market Potential, 

Innovation & Technology, Financial Viability, Execution Excellence, Network & 

Adaptability, and Cultural & Regulatory Compliance. Each dimension is quantified 

through a composite index, which is then weighted to calculate an Overall Success Score 

(OSS). 

 

 
Figure 4.3: Productized OS Framework Structure 

 

Team Strength Index (TSI): average founder experience (in years), average 

education level (1 = Bachelor, 2 = Master, 3 = Doctor), and prior startup experience (1 if 

yes, 0 if no) as follows: TSI = (Experience × 3.90) + (Education × 15.20) + (Startup Exp 

× 8.60). A higher TSI indicates a stronger, more capable founding team. 

Market Potential Index (MPI): market growth rate (%), and inverse competitive 

intensity (since lower competition is beneficial). For example, if Competitive Intensity is 

on a scale of 1–5, use (5 – Competitive Intensity) to reverse the effect:  MPI = (Growth 

Rate × 3.60) + ((5 – Competition) × 7.30). A higher MPI values reflect more attractive 

market opportunities. 
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Innovation & Technology Index (ITI): Use technology readiness level (scale 1–

9), R&D investment (normalized as 1 for <50K, 2 for <100K, 3 for <150K. 4 for <200K, 

5 for >200K) and patent activity (1 if patents exist, 0 otherwise): ITI = (Tech Readiness × 

5.80) + (R&D Investment × 6.30) + (Patent Activity × 22.50). A high ITI indicates strong 

innovation capabilities and technological readiness. 

Financial Viability Index (FVI): revenue growth rate, funding raised 

(normalized as 1 for >50K, 2 for >250K, 3 for >500K, 4 for >750K, 5 for >1M), and unit 

economics index (scale 1–5): FVI = (Revenue Growth Rate × 0.4) + (Funding × 5.30) + 

(Unit Economics × 7.40). This index captures the startup’s financial health and growth 

potential. 

Execution Excellence Index (EEI): average of milestone, process and efficiency 

(on scales of 1–5): EEI = (Milestones + Process + Efficiency) / 3 x 20.00. A higher EEI 

shows more effective operational execution. 

Network & Adaptability Index (NAI): Combine network integration (investor, 

mentor, and industry partner connections, averaged on a 1–5 scale) and adaptability 

(market feedback integration, and decision agility. NAI = (Connections × 8.80) + 

(Adaptability × 9.50). A higher score indicate that the startup is well-networked and agile 

in decision-making. 

Cultural & Regulatory Compliance Index (CRCI): Combine regulatory 

compliance (average of visa and industry compliance scores on a 1–5 scale) and cultural 

adaptation (average of cultural adaptation and communication adaptation scores on a 1–5 

scale): CRCI = (Reg Compliance × 6.80) + (Cultural Adaptation × 12.60). This 

composite score reflects the startup’s alignment with external regulatory and cultural 

environments. 
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Overall Success Score (OSS): The final prediction is based on a weighted sum of 

the composite indices. Based on the analysis, financial viability, execution excellence, 

and innovation are the most critical, followed by team strength, market potential, 

network/adaptability, and cultural/regulatory factors. OSS = (TSI × 0.15) + (MPI × 0.10) 

+ (ITI × 0.15) + (FVI × 0.20) + (EEI × 0.20) + (NAI × 0.10) + (CRCI × 0.10). OSS ≥ 

0.70 (or 70% on a normalized scale) suggests a high probability of success. OSS between 

0.60 and 0.70 indicates moderate potential, with room for improvement in one or more 

domains. OSS < 0.60 suggests significant challenges that need addressing for the startup 

to be competitive. 

 

4.3.2 Evaluation Results 

Several statistical tests confirmed the validity of the Productized OS Framework. 

A Chi-square test for independence between predicted and actual success yielded a 

statistically significant result (χ² = 24.31, p < 0.0001), indicating a strong association.  

A T-test comparing OSS scores between successful and unsuccessful startups also 

showed a significant difference (t = 7.45, p < 0.0001).  

 

 

Test Variable / Index Statistic p-value 

Chi-square Test for 
Independence Predicted vs. Actual Success χ² = 24.31 < 0.0001 

T-test for OSS 
Scores OSS (Successful vs. Unsuccessful Startups) t = 7.45 < 0.0001 

ANOVA Financial Viability Index (FVI) F = 9.29 0.0037 

ANOVA Execution Excellence Index (EEI) F = 12.92 0.0008 

ANOVA Team Strength Index (TSI) F = 4.21 0.0456 

ANOVA Innovation & Technology Index (ITI) F = 2.45 0.1241 

ANOVA Market Potential Index (MPI) F = 1.25 0.2693 
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ANOVA Network & Adaptability Index (NAI) F = 0.56 0.4575 

ANOVA Cultural & Regulatory Compliance Index (CRCI) F = 0.03 0.8692 

Table 4.11: Productized OS Framework Statistical Tests Summary 

 

ANOVA results further supported the framework’s components, with significant 

differences observed for the Financial Viability Index (FVI) (F = 9.29, p = 0.0037), 

Execution Excellence Index (EEI) (F = 12.92, p = 0.0008), and Team Strength Index 

(TSI) (F = 4.21, p = 0.0456).  

The framework achieved high accuracy (82%), showing strong discriminatory 

power between successful and unsuccessful startups. Statistical analysis confirmed that 

Financial Viability and Execution Excellence are the most significant predictors of 

startup success, aligning with the framework's emphasis on these dimensions. The 

framework represents a significant advancement in startup evaluation methodology, 

moving beyond subjective assessments to a data-driven approach that can help increase 

the success rate of startup investments and support. 
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CHAPTER 5: DISCUSSION AND CONCLUSION 

This chapter aims to interpret the findings from the previous chapter within the 

context of existing theoretical frameworks and empirical research, discuss their 

implications for theory, practice, and policy, acknowledge the limitations of the research, 

and suggest directions for future investigation. By connecting the empirical results to the 

theoretical foundations explored in the literature review, this discussion seeks to 

contribute to a deeper understanding of immigrant entrepreneurship and startup success 

factors within the Canadian ecosystem. 

 

5.1 Interpretation of Key Findings 

 

5.1.1 Team Characteristics and Startup Success 

The empirical findings presented in Chapter 4 revealed significant differences in 

team characteristics between successful and unsuccessful immigrant-founded startups. 

Successful startups demonstrated higher means across all team characteristic metrics, 

with founders averaging 7.0 years of experience compared to 5.0 years for unsuccessful 

startups. Educational attainment was also higher among successful startup founders, with 

80% of successful startups having founders with prior entrepreneurial experience 

compared to only 40% of unsuccessful startups. These findings reinforce the consistent 

emphasis on team factors identified in the literature review. 

The strong positive correlations observed among team characteristics metrics for 

successful startups, particularly between founder experience, education level, and team 

size, suggest that these factors reinforce each other in creating a strong foundation for 

startup success. As noted by Beyhan, Akçomak and Çetindamar (2021), "accelerators 

tend to select the most coachable, open to collaboration, passionate, and willing to be 
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committed startups." The empirical results confirm that these team qualities translate into 

measurable differences in startup outcomes. 

The findings align with the signaling theory perspective discussed in Chapter 2, 

wherein team characteristics serve as observable signals that communicate unobservable 

qualities such as competence, commitment, and potential for success (Connelly et al., 

2011). Previous entrepreneurial experience, in particular, appears to be a powerful signal, 

with a 100% difference between successful and unsuccessful startups. This aligns with 

Busenitz, Fiet and Moesel's (2005) observation that prior experience serves as a credible 

signal that helps address information asymmetry in startup evaluation. 

From a resource-based view perspective, the findings support the 

conceptualization of human capital as a critical resource for venture success (Adomako et 

al. 2021). The substantial differences in team characteristics between successful and 

unsuccessful startups suggest that immigrant entrepreneurs who can assemble teams with 

appropriate experience, education, and prior entrepreneurial exposure create a stronger 

resource base from which to build their ventures. 

Interestingly, the results reveal that team size, while important, showed a smaller 

differential (11%) between successful and unsuccessful startups compared to other team 

metrics such as prior startup experience (100%) and education level (43%). This suggests 

that the quality and experience of team members may be more critical than sheer 

numbers, reinforcing Ahmad's (2020) emphasis on the "entrepreneurial readiness" of 

founding teams rather than just their structural characteristics. 
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5.1.2 Market Potential and Strategic Positioning 

The findings on market potential metrics revealed that successful immigrant-

founded startups targeted larger markets (370.0 million vs. 310.0 million for unsuccessful 

startups) with substantially higher growth rates (19.4% vs. 12.2%). Interestingly, 

successful startups operated in slightly less competitive environments (competitive 

intensity of 3.4 vs. 3.6 for unsuccessful startups), suggesting a strategic positioning 

advantage. 

These findings align with the literature on market assessment in startup selection. 

As noted in Chapter 2, market potential represents a core criterion in incubator selection 

decisions, with evaluators assessing the size, growth trajectory, and competitive 

landscape of target markets (Ferreira et al., 2023). The empirical results confirm that 

these market factors indeed correlate with startup success, particularly market growth 

rate, which showed a substantial 59% difference between successful and unsuccessful 

startups. 

The strong positive correlation between market size and growth rate (r = 0.92) 

observed in successful startups suggests a strategic alignment in market selection, where 

founders identified large markets with high growth potential. The weak negative 

correlation between market size and competitive intensity (r = -0.38) further indicates 

that successful immigrant entrepreneurs managed to find sizeable market opportunities 

without facing intense competition. This strategic market positioning aligns with Porter's 

classic strategy framework, which emphasizes the importance of selecting attractive 

market positions. 

Importantly, the correlation patterns differed for unsuccessful startups, which 

showed weak positive correlations between competitive intensity and both market size 

and growth rate. This suggests that unsuccessful immigrant entrepreneurs may have 
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targeted high-growth markets without sufficiently differentiating their offerings or 

finding defensible niches within these competitive landscapes. 

The findings also reflect the challenges of market assessment highlighted in the 

literature review, particularly the inherent uncertainty of early-stage ventures and the 

difficulty of accurately forecasting market developments (Ahmad, 2020). The results 

suggest that successful immigrant entrepreneurs may have been more adept at navigating 

this uncertainty, perhaps through more thorough market validation approaches or more 

realistic assessment of competitive dynamics. 

 

5.1.3 Innovation and Technology Factors 

Successful startups demonstrated higher technology readiness levels (7.0 vs. 6.6), 

substantially greater R&D investment (171,000 CAD vs. 101,000 CAD), and 

significantly more patent activity (60% vs. 0%). These findings underscore the 

importance of technological innovation and intellectual property in creating competitive 

advantage. 

The strong positive correlations observed between technology readiness level, 

R&D investment, and patent activity among successful startups suggest a coherent 

innovation strategy, where investment in research and development translates into more 

mature technologies and formal intellectual property protection. This coherence aligns 

with the literature on innovation assessment in incubator selection, which emphasizes the 

evaluation of both technological innovation and intellectual property considerations 

(Aerts, Matthyssens and Vandenbempt, 2005). 

The complete absence of patent activity among unsuccessful startups is 

particularly striking, indicating that formal intellectual property protection may be a 

significant differentiator for immigrant-founded ventures in Canada. This finding reflects 
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the importance of intellectual property highlighted in technology incubator selection 

criteria (Aerts, Matthyssens and Vandenbempt, 2005) and suggests that immigrant 

entrepreneurs who understand and leverage IP protection systems may gain significant 

advantages. 

From a signaling theory perspective, patent activity serves as a particularly strong 

signal of innovation capability and potential value, especially in technology-intensive 

sectors. The absence of this signal among unsuccessful startups may have limited their 

ability to attract resources and support from stakeholders who rely on such signals to 

assess venture quality under conditions of information asymmetry. 

The differences in R&D investment (69% higher for successful startups) reflect 

both a cause and a consequence of success. Higher R&D investment enables 

technological advancement and competitive differentiation, but also requires access to 

capital. The strong correlations between R&D investment and financial metrics among 

successful startups suggest a virtuous cycle where initial innovation capabilities help 

attract funding, which in turn enables further R&D investment. 

 

5.1.4 Financial Viability and Resource Management 

Revenue growth was substantially higher for successful startups (44.0% vs. 

20.0%), as was funding raised (1,000,000 CAD vs. 520,000 CAD) and unit economics 

(4.0 vs. 3.0). Interestingly, burn rate was also higher for successful startups (65,000 

CAD/month vs. 53,000 CAD/month), suggesting a more aggressive growth strategy 

supported by better funding. 

These findings align with the literature on financial viability assessment in startup 

selection. As noted previously, commercial accelerators and private incubators typically 

place significant emphasis on financial metrics, particularly in the United States context 
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(Beyhan, Akçomak and Çetindamar, 2021). The empirical results confirm that financial 

performance indeed strongly correlates with startup success, with revenue growth 

showing a remarkable 120% difference between successful and unsuccessful startups. 

The strong positive correlations observed among financial metrics for successful 

startups, particularly between burn rate, funding raised, and unit economics, suggest a 

coherent financial strategy. Successful immigrant entrepreneurs appear to have secured 

sufficient funding to support higher burn rates justified by strong unit economics and 

rapid revenue growth. This financial coherence aligns with research highlighting the 

importance of realistic financial projections and sustainable business models in incubator 

selection decisions (Simões et al., 2020). 

The correlation patterns for unsuccessful startups tell a different story, with weak 

negative correlations between revenue growth and both burn rate and funding raised. This 

suggests that unsuccessful immigrant-founded ventures may have struggled to translate 

investment into revenue growth, perhaps due to ineffective go-to-market strategies or 

poor product-market fit. 

From a resource-based view perspective, the findings highlight the critical role of 

financial resources in enabling startup growth and development. The substantially higher 

funding secured by successful startups (92% more than unsuccessful startups) provided a 

resource advantage that could be deployed across multiple dimensions of the business, 

from R&D to marketing to talent acquisition. 

The findings on burn rate (23% higher for successful startups) challenge 

simplistic notions of frugality as a virtue in startup management. Rather, they suggest that 

appropriate spending aligned with growth opportunities and supported by adequate 

funding represents a more sophisticated approach to financial management. This aligns 

with the literature on scalability and growth potential in accelerator selection processes, 



 

 

148 

which emphasizes the importance of startups' ability to deploy capital effectively to drive 

rapid growth (Beyhan, Akçomak and Çetindamar, 2021). 

 

5.1.5 Network Integration and Ecosystem Embeddedness 

The results revealed substantial differences in network integration metrics 

between successful and unsuccessful immigrant-founded startups. Successful startups 

demonstrated stronger connections to investors (4.2 vs. 3.2), mentors (3.9 vs. 3.1), and 

industry partners (3.8 vs. 2.8). These findings highlight the importance of ecosystem 

embeddedness and social capital in entrepreneurial success, particularly for immigrant 

founders who may face additional challenges in establishing networks in a new country. 

The findings align with the ecosystem approach to entrepreneurship discussed 

previously, which emphasizes the interconnected nature of actors, resources, and 

institutions within entrepreneurial environments (Spigel, 2017). The empirical results 

confirm that stronger ecosystem connections correlate with startup success, with investor 

connections showing a 31% difference, mentor connections a 26% difference, and 

industry partner connections a 35.7% difference between successful and unsuccessful 

startups. 

The positive correlations observed among network metrics for successful startups, 

particularly between investor connections and industry partner connections (r = 0.76), 

suggest an integrated network strategy. Successful immigrant entrepreneurs appear to 

have developed complementary relationships across different stakeholder groups, 

creating a more robust support system. This network coherence aligns with Beyhan, 

Akçomak and Çetindamar's (2021) observation that accelerators build selection 

committees consisting of many stakeholders, recognizing the value of diverse ecosystem 

connections. 
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The correlation patterns for unsuccessful startups reveal potential gaps in network 

integration, with no correlation between investor connections and mentor connections. 

This suggests that unsuccessful immigrant-founded ventures may have developed siloed 

relationships that failed to reinforce each other, limiting the overall value of their 

networks. 

From a resource perspective, the findings highlight networks as a critical resource 

that can compensate for other limitations, particularly for immigrant entrepreneurs who 

may begin with fewer local connections. Strong network integration appears to provide 

access to various forms of capital, financial, intellectual, and social, that can substantially 

enhance startup performance. 

The findings also align with research on incubator selection that emphasizes 

startups' potential to leverage and contribute to networks of mentors, investors, and 

partners (Butz and Mrożewski, 2021). The empirical results suggest that immigrant 

entrepreneurs who successfully engage with these networks gain significant advantages 

over those who remain less connected to the broader entrepreneurial ecosystem. 

 

5.1.6 Adaptability and Decision-Making Agility 

Successful startups demonstrated slightly higher pivot counts (1.4 vs. 1.2), better 

market feedback integration (3.8 vs. 3.2), and substantially higher decision agility (4.4 vs. 

3.2). These results highlight the critical role of adaptability in entrepreneurial success, 

particularly in uncertain and rapidly changing environments. 

The findings align with the behavioral decision theory perspective, which 

emphasizes the cognitive processes that guide decision-making under uncertainty 

(Tversky and Kahneman, 1974). The empirical results confirm that adaptive decision-
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making correlates with startup success, with decision agility showing a 37.5% difference 

between successful and unsuccessful startups. 

The very strong positive correlation observed between pivot count and decision 

agility (r = 1.0) among successful startups suggests a strategic approach to adaptation, 

where the ability to make quick decisions enables effective pivoting in response to 

market feedback. This adaptability aligns with Ahmad's (2020) emphasis on the 

importance of coachability and adaptability in startup selection, reflecting the 

understanding that early-stage ventures often modify their business models during 

development. 

The correlation patterns for unsuccessful startups tell a different story, with weak 

negative correlations between pivot count and decision agility, and between market 

feedback integration and decision agility. This suggests that unsuccessful immigrant-

founded ventures may have struggled to translate market information into effective 

strategic adjustments, perhaps due to cognitive rigidity or organizational inertia. 

The findings resonate with the lean startup methodology's emphasis on validated 

learning and iterative development (Ries, 2011). Successful immigrant entrepreneurs 

appear to have embraced this approach, using market feedback to guide pivots and 

strategic adjustments. The higher pivot count among successful startups challenges 

simplistic notions of persistence, suggesting that strategic flexibility may be more 

valuable than rigid commitment to initial business concepts. 

The modest difference in pivot count (17%) compared to the larger difference in 

decision agility (38%) suggests that the quality and implementation of pivots may matter 

more than their frequency. This aligns with research indicating that effective pivoting 

depends not just on recognition of the need to change but also on the ability to execute 

changes quickly and effectively. 
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5.1.7 Cultural Adaptation and Regulatory Compliance 

The findings on cultural adaptation and regulatory compliance metrics revealed 

significant differences between successful and unsuccessful immigrant-founded startups. 

Successful startups demonstrated substantially higher cultural adaptation scores (4.1 vs. 

2.9), better communication adaptation (4.6 vs. 3.4), and stronger regulatory compliance 

(4.8 vs. 4.2 for visa compliance, 4.6 vs. 4.2 for industry compliance). These results 

highlight the unique challenges and requirements facing immigrant entrepreneurs in 

navigating cultural and regulatory environments. 

The findings on cultural adaptation show some of the largest differentials in the 

study, with cultural adaptation score showing a 41% difference and communication 

adaptation showing a 35% difference between successful and unsuccessful startups. This 

suggests that the ability to navigate cultural differences represents a critical success factor 

for immigrant entrepreneurs in Canada, perhaps even more significant than some 

traditional business factors. 

From a resource-based perspective, cultural adaptation capabilities can be 

understood as a form of intangible resource that provides a competitive advantage in 

cross-cultural business contexts. Successful immigrant entrepreneurs appear to have 

developed strong cultural intelligence and communication skills that enable them to 

operate effectively within Canadian business norms while potentially leveraging their 

diverse backgrounds as a source of unique insights and opportunities. 

The relatively high scores for regulatory compliance across both successful and 

unsuccessful startups (all means above 4.0 on a 5-point scale) suggest that most 

immigrant entrepreneurs recognize the importance of legal and regulatory adherence. 

However, the still-significant differences between the groups (14% for visa compliance, 

10% for industry compliance) indicate that successful startups maintain even higher 
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standards of compliance, perhaps reflecting a more sophisticated understanding of 

regulatory frameworks or better access to legal and regulatory expertise. 

These findings connect to the contextual factors influencing startup selection 

discussed previously, particularly the geographic and cultural influences that shape 

entrepreneurial practices across different regions (Aerts, Matthyssens and Vandenbempt, 

2005). The empirical results confirm that cultural adaptation represents a significant 

dimension of immigrant entrepreneurial success that may not be as relevant for native-

born founders. 

The strong differences in cultural and communication adaptation also align with 

research on the "entrepreneurial readiness" heuristic identified by Ahmad (2020). For 

immigrant entrepreneurs, this readiness appears to be significantly influenced by cultural 

adaptation capabilities. 

 

5.1.8 Execution Excellence 

Successful startups demonstrated higher milestone achievement scores (4.3 vs. 

3.3), better process implementation (4.2 vs. 2.6), and superior operational efficiency (4.2 

vs. 2.8). These results highlight the critical importance of execution capabilities in 

translating strategic vision into practical results. 

The findings align with research on the operational aspects of startup evaluation, 

which sometimes receive less attention than more visible factors like team composition or 

market potential. The empirical results suggest that execution excellence represents a 

major differentiator, with process implementation showing a 57% difference and 

operational efficiency a 50.0% difference between successful and unsuccessful startups. 
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The perfect positive correlation observed between milestone achievement and 

process implementation (r = 1.0) among successful startups suggests a coherent execution 

approach, where well-designed processes enable consistent achievement of business 

milestones. This execution coherence aligns with stage-gate evaluation processes, which 

emphasize the importance of startups' ability to achieve defined milestones as evidence of 

execution capability (Yin and Luo, 2018). 

The moderately positive correlations between execution excellence metrics and 

various financial performance metrics among successful startups suggest that superior 

execution translates into better business outcomes. This connection between operational 

excellence and financial performance reflects the understanding that even promising 

business concepts require effective implementation to generate returns. 

From a signaling theory perspective, milestone achievement serves as an 

observable signal of unobservable execution capabilities, helping address information 

asymmetry in startup evaluation. The substantial difference in milestone achievement 

scores (30%) between successful and unsuccessful startups suggests that this signal 

carries significant weight in distinguishing promising ventures. 

The findings also align with the resource-based view's emphasis on organizational 

capabilities as sources of competitive advantage. Effective process implementation and 

operational efficiency can be understood as organizational capabilities that enable more 

effective deployment of other resources. The large differences in these metrics between 

successful and unsuccessful startups suggest that execution capabilities may be as 

important as resource endowments in determining entrepreneurial outcomes. 
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5.2 Integrated Analysis and Theoretical Implications 

 

5.2.1 Patterns of Correlation and Success Factors 

The correlation analysis presented in Chapter 4 revealed important patterns in 

how different success factors interact and reinforce each other. Successful immigrant-

founded startups demonstrated more consistent positive correlations across metrics, 

suggesting more integrated performance across different business dimensions. In 

contrast, unsuccessful startups showed more varied correlation patterns, with some 

negative correlations, suggesting more fragmented performance. 

This integrated versus fragmented performance pattern has significant theoretical 

implications. It suggests that startup success depends not only on strength in individual 

dimensions but also on the coherence and alignment between different aspects of the 

business. This holistic perspective aligns with systems thinking approaches to 

entrepreneurship, which conceptualize ventures as complex adaptive systems where 

elements interact in non-linear ways. 

The correlation patterns also revealed several reinforcing clusters of success 

factors. Team characteristics showed strong positive correlations with financial viability 

metrics, suggesting that human capital enables financial performance. Innovation metrics 

correlated strongly with financial outcomes, indicating that technological capabilities 

translate into commercial success. Network integration metrics correlated with execution 

excellence, suggesting that ecosystem connections enhance operational effectiveness. 

These reinforcing clusters suggest potential causal mechanisms that drive startup 

success. For instance, stronger founding teams may attract more funding, which enables 

higher R&D investment, which leads to superior products, which generates faster revenue 
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growth. These virtuous cycles may create accelerating advantages for successful startups 

that become increasingly difficult for competitors to overcome. 

The absence of similar reinforcing clusters among unsuccessful startups suggests 

that fragmented performance may create vicious cycles, where weaknesses in one area 

undermine performance in others. For example, limited network connections may restrict 

access to funding, which constrains R&D investment, which limits product 

differentiation, which hampers revenue growth. 

The correlation analysis also revealed interesting differences in the relationships 

between strategic elements such as market selection, innovation investment, and financial 

outcomes. Successful startups showed stronger positive correlations between these 

elements, suggesting more coherent strategic decision-making. Unsuccessful startups 

showed weaker or sometimes negative correlations, suggesting potential misalignment in 

strategic choices. 

This strategic coherence versus misalignment pattern has theoretical implications 

for understanding entrepreneurial cognition and decision-making. It suggests that 

successful immigrant entrepreneurs may possess superior mental models that enable them 

to make more integrated strategic decisions, aligning choices across different business 

dimensions. This perspective extends behavioral decision theory by emphasizing not just 

decision quality in isolated domains but coherence across multiple decision areas. 

 

5.2.2 Revisiting Theoretical Foundations 

The empirical findings can be interpreted through the lens of the four theoretical 

foundations discussed in Chapter 2: signaling theory, resource-based view, ecosystem 

approach, and behavioral decision theory. Each theoretical perspective offers 

complementary insights into the patterns observed in the data. 
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From a signaling theory perspective, the results highlight the importance of 

observable signals that communicate unobservable qualities. Team characteristics, 

particularly prior startup experience, served as powerful signals differentiating successful 

from unsuccessful ventures. Patent activity represented another strong signal, present in 

60% of successful startups but absent in unsuccessful ones. Milestone achievement 

functioned as a dynamic signal of execution capability. These findings support signaling 

theory's emphasis on the role of observable characteristics in addressing information 

asymmetry (Spence, 1973; Connelly et al., 2011). 

However, the results also suggest limitations in traditional signaling frameworks. 

The significant differences in cultural adaptation and communication scores indicate that 

cross-cultural competencies represent important qualities that may not be effectively 

captured by traditional signals. This suggests a need to expand signaling theory to 

incorporate cross-cultural dimensions when applied to immigrant entrepreneurship 

contexts. 

From a resource-based view perspective, the findings confirm the importance of 

valuable, rare, inimitable, and non-substitutable resources in creating competitive 

advantage (Barney, 1991). Human capital resources, reflected in team characteristics, 

showed substantial differences between successful and unsuccessful startups. Financial 

resources, indicated by funding raised, demonstrated even larger differentials. 

Technological resources, measured by R&D investment and patent activity, also 

significantly differentiated the groups. 

The results extend resource-based theory by highlighting the importance of 

resource orchestration, how entrepreneurs configure and deploy resources in 

complementary ways. The stronger positive correlations among key metrics for 

successful startups suggest more effective resource orchestration, while the fragmented 
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patterns for unsuccessful startups indicate less optimal resource configurations. This 

dynamic perspective enriches traditional resource-based views by emphasizing not just 

resource possession but resource utilization. 

From an ecosystem approach perspective, the findings underscore the embedded 

nature of entrepreneurial activity within broader networks of actors and resources (Spigel, 

2017). Network integration metrics showed substantial differences between successful 

and unsuccessful startups, confirming the importance of connections to investors, 

mentors, and industry partners. The stronger correlation patterns among network metrics 

for successful startups suggest more cohesive ecosystem engagement. 

The results extend ecosystem theory by highlighting potential differences in how 

immigrant entrepreneurs navigate and leverage entrepreneurial ecosystems. The large 

differentials in cultural adaptation suggest that the ability to effectively engage with 

ecosystem actors may be particularly challenging and important for immigrant founders. 

This indicates a need for more nuanced ecosystem models that account for the unique 

positions and challenges of diverse entrepreneurs within predominantly homogeneous 

ecosystems. 

From a behavioral decision theory perspective, the findings illuminate the 

cognitive processes that guide entrepreneurial decision-making under uncertainty 

(Tversky and Kahneman, 1974). The substantial differences in decision agility and 

market feedback integration suggest that successful immigrant entrepreneurs demonstrate 

superior adaptive decision-making. The coherent correlation patterns among strategic 

elements for successful startups indicate more integrated mental models guiding 

decisions across business dimensions. 
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The results extend behavioral decision theory by highlighting the potential 

interaction between cultural background and decision-making processes. The strong 

correlations between cultural adaptation metrics and adaptability metrics suggest that 

cross-cultural competencies may enhance cognitive flexibility and adaptive decision-

making. This connection between cultural adaptation and decision quality represents a 

promising avenue for theoretical development at the intersection of cross-cultural 

psychology and behavioral decision theory. 

 

5.2.3 Contribution to Understanding Immigrant Entrepreneurship 

The empirical findings make several important contributions to our understanding 

of immigrant entrepreneurship in general and the Canadian context in particular. The 

substantial differences in cultural adaptation and communication scores between 

successful and unsuccessful immigrant-founded startups highlight the unique challenges 

and requirements facing entrepreneurs operating across cultural boundaries. While 

general entrepreneurship research often overlooks these factors, the results suggest they 

may be critical determinants of success for immigrant founders. 

The findings also challenge deficit-focused perspectives on immigrant 

entrepreneurship that emphasize limitations in language proficiency, local networks, or 

familiarity with business practices. Instead, the results highlight the agency of immigrant 

entrepreneurs in developing capabilities that help them overcome potential disadvantages. 

The high scores for successful startups across dimensions like cultural adaptation, 

network integration, and regulatory compliance suggest that many immigrant 

entrepreneurs effectively navigate cross-cultural business environments. 
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At the same time, the findings reveal the multifaceted nature of immigrant 

entrepreneurial success. Traditional business factors like team strength, market potential, 

innovation, and financial management remain important, interacting with immigrant-

specific factors like cultural adaptation and visa compliance. This multidimensional 

perspective enriches our understanding of immigrant entrepreneurship as a complex 

phenomenon shaped by both general business dynamics and unique cultural and 

regulatory considerations. 

The results also provide insights into potential mechanisms through which 

immigrant entrepreneurs create value. The strong performance of successful immigrant-

founded startups in areas like innovation (60% with patent activity) suggests that 

diversity of perspective and experience may contribute to creative problem-solving and 

novel approaches. This aligns with research suggesting that cross-cultural experiences 

can enhance creative thinking and innovation potential. 

Furthermore, the findings offer a more nuanced understanding of how immigrant 

entrepreneurs build and leverage networks in new environments. The substantial 

differences in network integration metrics between successful and unsuccessful startups, 

combined with their correlations with other success factors, suggest that effective 

networking represents a critical capability for immigrant founders. This extends previous 

research by highlighting not just the importance of networks but the specific types of 

connections (investors, mentors, industry partners) that appear most valuable. 

Finally, the results contribute to understanding the selection and support of 

immigrant-founded ventures within incubator and accelerator programs. The alignment 

between the success factors identified in this study and the selection criteria discussed in 

the literature review suggests that effective selection processes should incorporate both 

traditional business metrics and immigrant-specific considerations like cultural adaptation 
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capabilities. This integrated approach would better capture the unique challenges and 

opportunities presented by immigrant entrepreneurship. 

 

5.3 Practical Implications 

 

5.3.1 Implications for Incubator Selection Practices 

The empirical findings have significant implications for how incubators and 

accelerators select and evaluate immigrant-founded startups. The substantial differences 

across multiple metric categories between successful and unsuccessful startups suggest 

that incubators should employ multidimensional evaluation frameworks that capture the 

complexity of factors contributing to venture success. The Productized OS Framework 

developed in this research offers one such approach, with demonstrated predictive 

accuracy. 

The findings highlight several areas that deserve particular attention in selection 

processes. Team characteristics, especially prior startup experience and founder 

experience, showed substantial differences between successful and unsuccessful startups. 

This suggests that incubators should carefully assess founding team capabilities, perhaps 

placing greater emphasis on entrepreneurial experience than is sometimes the case in 

technology-focused incubators that prioritize technical expertise. 

The large differences in financial viability metrics, particularly revenue growth 

and funding raised, indicate that incubators should thoroughly evaluate financial 

projections and the underlying assumptions driving them. The strong correlations 

between financial metrics among successful startups suggest that coherent financial 

strategies may be as important as individual metrics like burn rate or unit economics. 
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The significant differences in network integration metrics suggest that incubators 

should assess startups' existing connections and their ability to build new relationships 

within the entrepreneurial ecosystem. This assessment could include evaluating founders' 

social capital, communication capabilities, and strategic approach to relationship 

building. 

Perhaps most notably, the substantial differences in cultural adaptation metrics 

indicate that incubators should explicitly evaluate immigrant founders' cross-cultural 

competencies and communication capabilities. These factors showed some of the largest 

differentials between successful and unsuccessful startups but may not be consistently 

included in traditional selection frameworks. 

The correlation patterns observed in the data suggest that incubators should look 

for coherence and alignment across different business dimensions rather than excellence 

in isolated areas. The integrated performance demonstrated by successful startups 

indicates that holistic evaluation approaches may better predict venture potential than 

assessments focused on individual strengths. 

Finally, the findings suggest that selection processes should incorporate both 

rational/systematic and intuitive/heuristic elements, as discussed in Chapter 2. While 

quantifiable metrics like revenue growth and R&D investment showed significant 

differences between successful and unsuccessful startups, more qualitative factors like 

cultural adaptation and communication capabilities were equally important. This supports 

Ahmad's (2020) observation that effective selection combines both rational and non-

rational or intuitive processes. 
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5.3.2 Implications for Immigrant Entrepreneurs 

The findings offer valuable guidance for immigrant entrepreneurs seeking to build 

successful ventures in Canada. The substantial differences between successful and 

unsuccessful startups across multiple metrics provide a roadmap for areas requiring 

particular attention and investment. 

First, the findings highlight the critical importance of building strong founding 

teams with relevant experience and education. The significant differences in team 

characteristics metrics, particularly prior startup experience (100% difference) and 

founder experience (40% difference), suggest that immigrants should prioritize 

assembling teams with entrepreneurial track records. Those lacking such experience 

might consider adding co-founders or advisors with relevant backgrounds. 

Second, the results underscore the value of strategic market selection. The higher 

market sizes and growth rates associated with successful startups, combined with slightly 

lower competitive intensity, suggest that immigrant entrepreneurs should carefully 

evaluate market opportunities. The data indicates that targeting growing markets while 

avoiding the most intensely competitive segments may be a productive approach. 

Third, the findings emphasize the importance of innovation and intellectual 

property. The complete absence of patent activity among unsuccessful startups compared 

to 60% of successful startups with patents suggests that formal IP protection may provide 

significant advantages. Immigrant entrepreneurs should consider IP strategies early in 

their venture development, potentially leveraging programs that provide discounted 

patent filing for startups. 

Fourth, the results highlight the critical role of securing adequate funding to 

support growth. The 92.3% higher funding among successful startups indicates that 

fundraising capabilities significantly impact venture outcomes. Immigrant entrepreneurs 
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should invest in developing compelling pitches, understanding the Canadian funding 

landscape, and building relationships with potential investors. 

Fifth, the findings underscore the value of building diverse and integrated 

networks. The substantial differences in connections to investors, mentors, and industry 

partners suggest that networking should be a strategic priority. Immigrant entrepreneurs 

should leverage incubators, accelerators, and industry associations to develop these 

connections, recognizing that networks represent a critical resource for overcoming other 

limitations. 

Perhaps most distinctively, the results highlight the fundamental importance of 

cultural adaptation. The 41.4% difference in cultural adaptation scores and 35.3% 

difference in communication adaptation between successful and unsuccessful startups 

suggest that developing cross-cultural competencies should be a top priority for 

immigrant founders. This might include formal training in Canadian business practices, 

communication coaching, or partnerships with locally experienced co-founders or 

advisors. 

Finally, the findings emphasize the value of execution excellence. The substantial 

differences in process implementation (61.5%) and operational efficiency (50.0%) 

indicate that effective execution significantly differentiates successful ventures. 

Immigrant entrepreneurs should invest in developing strong operational capabilities, 

potentially leveraging frameworks and methodologies like Lean Startup or Agile that 

provide structured approaches to execution. 

 

5.3.3 Implications for Investors and Support Organizations 

The findings offer valuable insights for investors and support organizations 

seeking to identify promising immigrant-founded ventures and provide effective 
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assistance. The multidimensional nature of the success factors identified suggests that 

evaluation frameworks should capture a broader range of considerations than traditional 

investment criteria sometimes encompass. 

For investors, the significant differences in financial viability metrics confirm the 

importance of traditional evaluation areas like revenue growth (120% difference) and unit 

economics (33.3% difference). However, the equally substantial differences in areas like 

cultural adaptation (41.4% difference) and execution excellence (50-61.5% differences) 

suggest that due diligence should extend beyond financial projections to assess these 

additional dimensions. 

The strong correlations between team characteristics and financial outcomes 

among successful startups reinforce the adage that investors back teams more than ideas. 

The 100% difference in prior startup experience between successful and unsuccessful 

ventures suggests that this factor deserves particular attention in investment decisions 

involving immigrant founders. 

For support organizations like entrepreneurship centers and mentorship programs, 

the findings highlight areas where targeted assistance may be most valuable. The 

substantial differences in cultural adaptation and communication scores suggest that 

programs helping immigrant entrepreneurs navigate Canadian business norms and 

communication styles could significantly impact success rates. Similarly, the large 

differences in network integration metrics indicate that structured networking 

opportunities connecting immigrant founders to investors, mentors, and industry partners 

could provide considerable value. 

The correlation patterns observed in the data suggest that support should be 

coordinated across multiple dimensions rather than focusing on isolated areas. The 

integrated performance demonstrated by successful startups indicates that holistic support 
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approaches addressing interrelated factors may be more effective than narrowly targeted 

programs. 

The findings also suggest that support organizations should recognize the 

heterogeneity of immigrant entrepreneurs. The presence of outliers in various metrics 

indicates that some immigrant-founded ventures significantly exceed typical performance 

in specific areas. Support programs should be flexible enough to accommodate this 

diversity of strengths and needs rather than assuming a standard profile for immigrant 

entrepreneurs. 

 

5.3.4 Policy Implications for the Startup Visa Program 

The findings have several important implications for Canada's Startup Visa 

Program and broader immigration policies aimed at attracting entrepreneurial talent. The 

Productized OS Framework developed in this research, with its demonstrated predictive 

accuracy of 82%, offers a potential tool for enhancing the selection of promising 

immigrant entrepreneurs within visa programs. 

The substantial differences in success factors between successful and 

unsuccessful immigrant-founded startups suggest that visa program selection criteria 

could be refined to better identify applicants with high potential. The 100% difference in 

prior startup experience indicates that entrepreneurial track record should be heavily 

weighted in selection decisions. Similarly, the significant differences in innovation 

metrics, particularly patent activity (60% vs. 0%), suggest that innovation capability 

represents an important predictor of success. 

The critical role of cultural adaptation revealed in the findings suggests that visa 

programs should consider applicants' potential for cross-cultural adaptation alongside 

their business concepts and technical capabilities. The 41.4% difference in cultural 
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adaptation scores between successful and unsuccessful startups indicates that this factor 

significantly influences outcomes but may not be adequately captured in current selection 

frameworks. 

The findings also suggest that post-selection support provided through the Startup 

Visa Program could be enhanced to address key success factors. The substantial 

differences in network integration metrics indicate that structured opportunities to 

connect with investors, mentors, and industry partners could significantly impact 

immigrant entrepreneurial success. Similarly, the large differences in execution 

excellence metrics suggest that operational support and milestone-based mentoring could 

prove valuable. 

The integrated performance demonstrated by successful startups indicates that 

visa programs should evaluate applications holistically rather than focusing on isolated 

strengths. The correlation patterns observed in the data suggest that strength in individual 

areas may be less predictive of success than coherence across multiple dimensions. 

Finally, the findings support the fundamental premise of the Startup Visa 

Program, that immigrant entrepreneurs can make significant contributions to the 

Canadian economy. The strong performance of successful immigrant-founded startups 

across innovation, financial, and execution metrics indicates substantial value creation 

potential, justifying policies designed to attract and support entrepreneurial immigrants. 

 

5.4 The Productized OS Framework: A New Approach to Startup Evaluation 

 

5.4.1 Framework Development and Validation 

The Productized OS Framework represents a significant contribution of this 

research, offering a structured approach to evaluating immigrant-founded startups based 
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on empirically identified success factors. The framework's development was guided by 

both the theoretical foundations discussed in Chapter 2 and the empirical findings 

presented in Chapter 4, creating a theoretically grounded and empirically validated 

evaluation tool. 

The framework's seven core dimensions, Team Strength, Market Potential, 

Innovation & Technology, Financial Viability, Execution Excellence, Network & 

Adaptability, and Cultural & Regulatory Compliance, reflect the multifaceted nature of 

startup success revealed in the empirical analysis. Each dimension captures a distinct 

aspect of venture potential, with the weighted combination providing a comprehensive 

assessment. 

The weighting of dimensions within the Overall Success Score calculation reflects 

the relative importance of different factors indicated by the empirical findings. Financial 

Viability and Execution Excellence receive the highest weights (20% each), aligning with 

the substantial differences observed in these categories between successful and 

unsuccessful startups. Team Strength and Innovation & Technology receive the next 

highest weights (15% each), reflecting their significant but slightly less dramatic 

differentials. Market Potential, Network & Adaptability, and Cultural & Regulatory 

Compliance receive somewhat lower weights (10% each), balancing their importance 

with their empirical effect sizes. 

The framework's validation on a new dataset of 50 startups demonstrates its 

predictive power, with an overall accuracy of 82%. The statistically significant results 

from multiple tests, Chi-square (χ² = 24.31, p < 0.0001), T-test (t = 7.45, p < 0.0001), and 

ANOVA for key indices, confirm that the framework effectively discriminates between 

successful and unsuccessful startups. This validation provides confidence in the 
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framework's practical utility while also supporting the theoretical constructs underlying 

its design. 

The ANOVA results for individual indices provide additional insight into which 

dimensions most strongly predict success. Financial Viability Index (F = 9.29, p = 

0.0037), Execution Excellence Index (F = 12.92, p = 0.0008), and Team Strength Index 

(F = 4.21, p = 0.0456) showed statistically significant differences between successful and 

unsuccessful startups. These results align with the framework's weighting scheme and 

reinforce the importance of these dimensions in venture evaluation. 

The framework's normalization approach for metrics with different units 

addresses a common challenge in startup evaluation, the need to compare and combine 

diverse indicators ranging from numeric values like revenue growth percentages to more 

qualitative assessments like cultural adaptation. This methodological contribution 

enhances the practical utility of the framework while maintaining its theoretical 

coherence. 

 

5.4.2 Practical Applications of the Framework 

The Productized OS Framework offers practical value for various stakeholders in 

the entrepreneurial ecosystem, particularly those involved with immigrant-founded 

startups in Canada. Its structured approach to evaluation provides a systematic 

methodology that can enhance decision-making across multiple contexts. 

For incubators and accelerators, the framework offers a comprehensive selection 

tool that captures the multidimensional nature of startup potential. By evaluating ventures 

across seven key dimensions, programs can identify promising candidates with greater 

accuracy than approaches focused on fewer factors. The framework's normalization and 

weighting methodology provides a standardized approach that can reduce subjective 
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biases in selection decisions, addressing some of the challenges highlighted in the 

literature on incubator decision-making (Ahmad, 2020). 

For investors, the framework provides a due diligence tool that extends beyond 

traditional financial metrics to incorporate factors like cultural adaptation and network 

integration that significantly impact immigrant entrepreneurial success. The strong 

predictive accuracy demonstrated in the validation study suggests that investment 

decisions guided by the framework may yield better outcomes than conventional 

approaches. The framework's structure also facilitates communication about investment 

rationales, potentially enhancing transparency in investor-entrepreneur relationships. 

For policymakers, particularly those involved with the Startup Visa Program, the 

framework offers an evidence-based approach to evaluating immigrant entrepreneurial 

potential. The inclusion of both traditional business metrics and immigrant-specific 

considerations like cultural adaptation creates a more nuanced evaluation methodology 

that better captures the unique challenges and opportunities presented by immigrant 

entrepreneurship. The framework could potentially inform refinements to visa selection 

criteria or guide the development of post-selection support programs. 

For immigrant entrepreneurs themselves, the framework provides a self-

assessment tool that identifies strengths and areas for development. By evaluating their 

ventures across the seven dimensions, immigrant founders can gain insight into how their 

businesses might be perceived by evaluators and where strategic improvements could 

enhance their chances of success. The framework's structure also offers guidance for 

business planning, highlighting key areas that deserve attention in venture development. 

For entrepreneurship educators and advisors, the framework provides a teaching 

and mentoring tool that addresses the specific needs of immigrant entrepreneurs. By 

highlighting the multidimensional nature of startup success and the particular importance 
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of factors like cultural adaptation, the framework can guide more targeted and effective 

support. The identified correlations between different success factors can inform 

mentoring approaches that recognize these interrelationships rather than addressing 

dimensions in isolation. 

 

5.4.3 Limitations and Refinements of the Framework 

While the Productized OS Framework demonstrates strong predictive accuracy 

and practical utility, several limitations should be acknowledged and potential 

refinements considered. First, the framework was developed and validated in the specific 

context of immigrant-founded startups in Canada. Its applicability to other 

entrepreneurial contexts, different countries, non-immigrant founders, specific industries, 

requires further investigation and potential adaptation. 

Second, the framework's current implementation relies on point-in-time 

measurements of various metrics. This static approach may not fully capture the dynamic 

nature of startup development, where metrics evolve over time and trajectories may be as 

important as absolute values. Future refinements could incorporate trend analysis or 

milestone-based evaluations that better reflect the developmental journey of ventures. 

Third, the framework's current implementation does not account for potential 

interactions between different dimensions. The correlation analysis presented in Chapter 

4 revealed important relationships between metrics across dimensions, suggesting that 

interaction effects may be significant. Future refinements could incorporate these 

interaction effects through more complex scoring algorithms or conditional weighting 

schemes. 

Fifth, the current framework focuses primarily on venture-level characteristics 

without explicitly incorporating ecosystem-level factors that may influence success 
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probabilities. Future refinements could potentially include adjustments for ecosystem 

maturity, industry-specific risk factors, or macroeconomic conditions that may affect 

startup outcomes independent of venture characteristics. 

Finally, the framework's current implementation requires considerable data 

collection across multiple metrics. Streamlined versions or proxies for certain metrics 

could enhance practical usability while maintaining predictive power. Research on the 

minimum viable dataset required for effective prediction would contribute to the 

framework's practical utility. 

Despite these limitations, the Productized OS Framework represents a significant 

advancement in structured approaches to startup evaluation, particularly for immigrant-

founded ventures. Its strong empirical foundation, multidimensional structure, and 

demonstrated predictive accuracy provide a solid basis for practical application while 

offering opportunities for continued refinement through further research. 

 

 

 

5.5 Limitations of the Research 

While this study provides valuable insights into the factors differentiating 

successful from unsuccessful immigrant-founded startups in Canada, several limitations 

should be acknowledged when interpreting its findings. These limitations relate to the 

sample, methodology, and context-specific nature of the research. 

First, the sample size, while substantial for this type of study, remains limited at 

100 startups for the primary analysis and 50 for the framework validation. This sample 

size constrains the statistical power of some analyses and may limit the generalizability 

of findings. The binary categorization of startups as either "successful" or "unsuccessful" 
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also simplifies what is in reality a spectrum of outcomes. A larger sample with more 

nuanced success categories could provide additional insights. 

Second, the cross-sectional nature of the data limits causal inference. While the 

findings reveal significant differences between successful and unsuccessful startups and 

important correlation patterns, they cannot definitively establish causal relationships. The 

observed differences could represent causes of success, consequences of success, or 

correlates of other unmeasured factors. Longitudinal research tracking startups over time 

would strengthen causal claims. 

Third, the selection of metrics, while comprehensive, cannot capture all factors 

potentially influencing startup success. Variables broader ecosystem characteristics may 

significantly impact outcomes but were not included in the analysis. The study's 

explanatory power is limited to the variables measured. 

Fourth, the Canadian context of the research limits its generalizability to other 

countries with different immigration systems, entrepreneurial ecosystems, and cultural 

contexts. The specific dynamics of immigrant entrepreneurship in Canada may differ 

from those in other regions, and the success factors identified may have different relative 

importance in other environments. 

Fifth, the development and validation of the Productized OS Framework, while 

methodologically sound, would benefit from more extensive validation across different 

samples and contexts. The framework's predictive accuracy in the validation sample is 

promising but requires further testing to establish robust generalizability. 

Finally, the study's focus on startups that have already engaged with incubators or 

accelerators may create selection effects. These ventures have already passed initial 

screening processes and received some form of institutional support, potentially limiting 
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the study's applicability to the broader population of immigrant-founded startups outside 

such programs. 

Despite these limitations, the study's findings provide valuable insights into 

immigrant entrepreneurship in Canada and offer a solid foundation for both practical 

applications and future research addressing these constraints. The limitations identified 

represent opportunities for further investigation rather than fundamental challenges to the 

research contribution. 

 

5.6 Future Research Directions 

The findings of this study, combined with its acknowledged limitations, suggest 

several promising directions for future research that could deepen our understanding of 

immigrant entrepreneurship and startup success factors. These directions span 

methodological approaches, theoretical explorations, and practical applications. 

Longitudinal studies tracking immigrant-founded startups over extended periods 

would provide more robust evidence regarding the causal relationships between various 

factors and venture outcomes. Such research could observe how metrics evolve over 

time, identify critical developmental milestones, and determine whether certain factors 

become more or less important at different stages of venture development. This 

longitudinal perspective would enhance our understanding of entrepreneurial trajectories 

beyond the static snapshots provided by cross-sectional studies. 

Cross-cultural comparative research examining immigrant entrepreneurship 

across different host countries would illuminate how contextual factors influence success 

determinants. Comparing similar immigrant-founded ventures in countries with different 

immigration policies, institutional environments, and cultural contexts could reveal which 

success factors are universal and which are context-dependent. This research would 
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contribute to more nuanced theories of immigrant entrepreneurship that account for 

institutional and cultural variations. 

Industry-specific analyses with larger samples could identify sector-specific 

success factors and evaluate whether the relative importance of different dimensions 

varies across industries. Certain factors, like patent activity or network connections, may 

be more critical in some sectors than others. Understanding these industry-specific 

patterns would enhance the practical utility of frameworks like the Productized OS 

Framework by enabling more tailored evaluation approaches. 

Research exploring the interaction between immigrant-specific characteristics 

(country of origin, cultural distance, language proficiency) and success factors would 

provide a more nuanced understanding of how these background variables influence 

entrepreneurial outcomes. Different immigrant groups may face distinctive challenges or 

leverage unique advantages based on their specific backgrounds. This research would 

contribute to more personalized support approaches for diverse immigrant entrepreneurs. 

Studies examining the effectiveness of different support interventions targeting 

specific success factors would provide practical guidance for incubators, accelerators, and 

policy programs. Experimental or quasi-experimental designs evaluating interventions 

focused on areas like cultural adaptation, network building, or execution capabilities 

could determine which support approaches most effectively enhance immigrant 

entrepreneurial outcomes. 

Further development and validation of the Productized OS Framework across 

different samples, contexts, and time periods would enhance its robustness and practical 

utility. Research could explore refinements like dynamic scoring models, industry-

specific adaptations, or interactive weighting schemes. Prospective validation studies 
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tracking outcomes of startups evaluated using the framework would provide stronger 

evidence of its predictive power. 

Ecosystem-level analyses examining how regional factors influence immigrant 

entrepreneurial success would complement the venture-level focus of this study. 

Research could investigate how ecosystem maturity, availability of immigrant-focused 

support programs, or regional attitudes toward diversity affect the success probabilities of 

immigrant-founded startups. This multi-level perspective would enhance our 

understanding of the contextual enablers and constraints shaping immigrant 

entrepreneurship. 

Comparative studies of immigrant versus native-born entrepreneurs would clarify 

which success factors are particularly important for immigrant founders as opposed to 

entrepreneurs generally. Such research could identify unique challenges and advantages 

associated with immigrant status while controlling for other venture characteristics. This 

comparative approach would contribute to more targeted support for immigrant 

entrepreneurs focusing on their distinctive needs. 

Research on the longer-term economic and social impacts of successful 

immigrant-founded startups would provide evidence regarding the broader value of 

immigrant entrepreneurship. Studies examining job creation, innovation outputs, export 

activities, or community engagement would enhance our understanding of how 

immigrant entrepreneurs contribute to their host countries beyond direct business 

outcomes. This research would inform immigration and entrepreneurship policies by 

documenting the comprehensive benefits of supporting immigrant founders. 

These future research directions represent opportunities to build on the findings of 

this study while addressing its limitations. Collectively, they would contribute to a more 
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comprehensive, nuanced, and practical understanding of immigrant entrepreneurship and 

the factors that drive startup success in diverse contexts. 

 

5.7 Closing Statements 

This research has examined the factors differentiating successful from 

unsuccessful immigrant-founded startups in Canada, building on theoretical foundations 

from the literature on startup selection and developing empirical insights through 

comprehensive analysis of 100 startups across multiple metric categories. The study 

makes several significant contributions to our understanding of immigrant 

entrepreneurship while offering practical guidance for various stakeholders in the 

entrepreneurial ecosystem. 

The findings reveal substantial differences between successful and unsuccessful 

immigrant-founded startups across team characteristics, market potential, innovation 

capabilities, financial viability, scalability potential, network integration, adaptability, 

regulatory compliance, cultural adaptation, and execution excellence. These differences 

highlight the multidimensional nature of entrepreneurial success, with particularly large 

differentials observed in financial metrics, innovation indicators, execution measures, and 

cultural factors. 

The correlation analysis uncovered important patterns in how different success 

factors interact and reinforce each other. Successful startups demonstrated more 

integrated performance across business dimensions, with coherent correlation patterns 

suggesting reinforcing relationships between key metrics. In contrast, unsuccessful 

startups showed more fragmented performance with some negative correlations, 

indicating potential misalignments in strategic decision-making or resource allocation. 
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The development and validation of the Productized OS Framework represents a 

significant contribution, offering a structured approach to evaluating immigrant-founded 

startups based on empirically identified success factors. The framework's strong 

predictive accuracy in the validation study demonstrates its practical utility, while its 

theoretical grounding in signaling theory, resource-based view, ecosystem approaches, 

and behavioral decision theory ensures conceptual coherence. 

The research provides valuable insights for multiple stakeholders. For incubators 

and accelerators, it offers guidance on selection criteria and processes that can better 

identify promising immigrant-founded ventures. For immigrant entrepreneurs, it 

highlights key areas requiring attention and investment, particularly cultural adaptation, 

network building, and execution capabilities. For investors, it suggests a more 

comprehensive evaluation approach incorporating both traditional business metrics and 

immigrant-specific considerations. For policymakers, it indicates potential refinements to 

programs like the Startup Visa to enhance their effectiveness in selecting and supporting 

immigrant entrepreneurs. 

The findings contribute to theoretical understanding of immigrant 

entrepreneurship by highlighting the interplay between general business factors and 

immigrant-specific considerations like cultural adaptation. The research challenges 

deficit-focused perspectives by demonstrating how successful immigrant entrepreneurs 

develop capabilities that help them overcome potential disadvantages, creating integrated 

ventures that perform strongly across multiple dimensions. 

While acknowledging limitations related to sample size, cross-sectional data, and 

context-specificity, the study provides a solid foundation for future research examining 

immigrant entrepreneurship through longitudinal mixed-methods approach. The 

identified research directions offer opportunities to deepen our understanding of this 
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important phenomenon while developing more nuanced theories and practical support 

approaches. 

In conclusion, this research advances our understanding of the complex dynamics 

driving immigrant entrepreneurial success while offering practical frameworks that can 

enhance selection and support processes. By illuminating the multifaceted nature of 

success factors and their interrelationships, the study contributes to more effective 

approaches for harnessing the considerable potential of immigrant entrepreneurs as 

drivers of innovation, economic growth, and social value creation. 
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