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Abstract: Entrepreneurship is a fundamental driver of economic growth, innovation, and sustainable 

development, and nascent entrepreneurial activity serves as a key indicator of economic dynamism. 

This study addresses critical gaps in the existing literature by leveraging advanced machine learning 

models embedded with mathematical equations (follow algorithms to achieve accuracy and 

predictability)—XGBoost, Random Forest, and Decision Tree—to predict total early-stage 

entrepreneurship levels based on inclusive ecosystem factors, including resources, governance, culture, 

and markets. While previous research has primarily relied on traditional statistical techniques to infer 

causality these methods are inherently limited in their ability to predict future trends due to their linear 

and static nature. By employing sophisticated machine learning algorithms, this study offers a novel 

approach to understand the complex and dynamic interactions between inclusive factors and 

entrepreneurial outcomes. Our findings highlight that Inclusive Resources are the most influential 

predictor across all models, followed by Inclusive Governance and Inclusive Markets, with Inclusive 

Culture playing a variable yet significant role. Among the models tested, Random Forest emerges as 

the most effective in predicting nascent entrepreneurship, achieving an optimal balance of accuracy, 

sensitivity, and specificity. These insights contribute to the academic discourse on entrepreneurship 

while offering practical implications for policymakers and practitioners that seek to foster sustainable 

mailto:zohaib.ahmad@umt.edu.pk


2698 

Journal of Industrial and Management Optimization                              Volume 22, Issue 6, 2697–2725. 

economic growth in alignment with the United Nations Sustainable Development Goals (SDGs). By 

integrating machine learning into the entrepreneurial ecosystem theoretical framework within 

inclusive context, this study provides decision-makers with more precise tools to foster and promote 

entrepreneurial activity, ultimately supporting the development of more inclusive and resilient 

economies. 

Keywords: inclusive entrepreneurial ecosystem; machine learning; nascent entrepreneurship 

Mathematics Subject Classification: 62P30, 68T05 

 

1. Introduction  

The role of sustainable growth considers as an important outcome for socioeconomic 

development. Considering this critical outcome, scholars and practitioners have been focusing on 

entrepreneurial development activities, which are considered as an important driving force for growth 

and sustainability. The effectiveness of entrepreneurial development is a critical indicator of 

socioeconomic progression [1]. For exponential growth, entrepreneurial development works as a 

critical tool that explores and exploits new business opportunities [2]. Scholars have mainly focused 

on the role of governance, alongside the economic and institutional context for entrepreneurial 

development activities [3,4]. Additionally, to achieve sustainable regional development, policy makers 

have focused on leveraging policies that favor higher level of entrepreneurial activities [5]. Over the 

last two decades, the entrepreneurial ecosystem (EE) has become a popular metaphor that focuses on 

holistic entrepreneurial context [6]. The EE refers to interconnected actors and factors that foster 

productive entrepreneurial development [7]. In the field of the EE, there is still a notable theoretical 

and research gap of predicting successful entrepreneurial outcomes and identifying underlying patterns 

rather than solely understanding causality. For instance, a garden needs diverse plants and conditions 

to thrive; similarly, entrepreneurial activities require supportive contextual conditions for 

entrepreneurial development. Recently, the EE perspective has been extended conceptualized, and 

operationalized as an inclusive entrepreneurial ecosystem (IEE) [8,9]. According to the sustainable 

development goals (SDGs), without involvement of all social groups, inclusive growth could not be 

achieved, which is considered an important outcome of socioeconomic progression [8,10]. In this 

regard, the participation of all actors without gender, social, and economic discrimination is necessary 

for inclusive growth [8]. In addition, inclusive factors cultivate and transform the EE, where all actors 

access equal opportunities to become successful entrepreneurs.  

Previous studies have established the role of the EE towards socioeconomic progression along 

with certain limitations of inclusive growth. For instance, Danial Isenberg defined the EE as a complex 

system where the relationship between actors and factors leads to entrepreneurial development 

activities [11]. To an extent, all stakeholders (Industry, institutions, and policymakers) have 

acknowledged the role of the EE towards socioeconomic development [12]. However, the equal 

participation of all communities is significant to foster entrepreneurial activities that necessitate to 

align with SDGs. The inclusion of marginalized communities (ethnic minorities, LGBT, and disabled) 

results in a paradigm shift for policymakers as it boosts socioeconomic activities. Social inclusion 

brings prosperity and socioeconomic development and also eradicates poverty [13]. With social and 

gender discrimination, marginalized groups cannot participate in economic activities [14]. Linking 

social inclusion with the EE theory helped scholars to investigate how inclusive conditions of a 
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geographical environment help all communities – without gender, social, and economic discrimination 

– to explore and exploit new business opportunities. 

The effectiveness of entrepreneurial development rests on the assumption of contextual support 

of nascent entrepreneurial activities. According to the Global Entrepreneurship Monitor (GEM), 

nascent entrepreneurship explains activities performed before a new business starts. For a successful 

business venture, both contextual and personal attributes are important for nascent entrepreneurship. 

For instance, it is optimized through human efforts, creativity, and their ability to scale-up 

entrepreneurial activities. However, the entrepreneurial environment thrives their efforts towards 

entrepreneurial nascent activities. Historically, nascent entrepreneurship has remained focused on 

conventional objective models with recognizing the underlying factors that cause entrepreneurial 

development [7]. Moreover, limited studies have focused on the predicted outcomes of contextual 

forces towards nascent entrepreneurship. The recent development of Artificial intelligence (AI) and 

Machine learning (ML) can provide critical insights on favorable forces that boost nascent 

entrepreneurial activities. Using AI/ML models can help to identify hidden patterns within inclusive 

entrepreneurial ecosystem in a more creative way. Understanding of these models is inevitable to drive 

model precision that helps to predict the outcomes with more accuracy that was not possible earlier.  

Therefore, scholars should adopt advanced ML/AI models to reveal new insights with precision and 

accuracy. Recent development within the field of data science has transformed our understanding 

about how contextual forces (economic, social and governance) interact towards socioeconomic 

development [15,16]. It has a deep impact on other domains as well such as business, innovation and 

management [17]. Following the first machine age, namely the industrial revolution, experts describe 

ML/AI as a second machine age. However, not much work has been performed to uncover the 

association between the inclusive EE and entrepreneurial activities using ML/AI. 

The modern definition of AI provided by John McCarthy is “the science and engineering of 

making intelligent machines” [18,19]. ML and AI models have a huge capacity to reason and predict 

results as compared to human intelligence. Within these models ML is considered as a subpart of AI 

or deep neural networks. Big data means a large structure, or unstructured or semi-structured data. 

However, it is critical to note that smaller datasets can also be used to perform ML algorithms (by 

using neural networks). Entrepreneurial research in the context of ML/AI starts by exploring the 

aspects that scholars have not witnessed before.  

It is emphasized that deep learning algorithms can analyze vast and large data sets of 

entrepreneurs and identify deep patterns that reflect the success rates of startups [20]. Deep learning 

and reinforcement learning can be used to model entrepreneurial activities [21]. These models result 

in predictability with precision and accuracy. More precisely, the field of entrepreneurial development 

has advanced in methodology and empirical validity of the theoretical perspectives more precisely. 

Research in the field of entrepreneurship co-evolves with theory and practice. For instance, ML might 

fill research gaps with knowledge spillover to practice. Previous studies focused on advanced ML 

techniques to predict entrepreneurship along with mixed methods to achieve robust predictions [21]. 

Generally, the existing research primarily revolves around the causal links between inclusive factors 

and entrepreneurship through traditional econometric models. Entrepreneurial development 

encompasses an important measurable factor, namely inclusive entrepreneurial activities. It is pertinent 

for scholars to understand the holistic framework of IEE that foster inclusive entrepreneurial activities, 

including nascent entrepreneurship, especially in developing regions where there is little contributions 

in the area of inclusive forces fostering entrepreneurial development. For policy makers, it is essential 

to understand the importance of related factors while deploying resources towards entrepreneurial 

activities.  
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The empirical investigation extends our current understanding on how IEE increases the nascent 

entrepreneurship rate. Scholars have already conceptualized and operationalized the IEE [8]. However, 

this framework requires one to develop new sights on predictability of IEE. This study uses ML 

modeling to predict entrepreneurial activities, and to determine feature importance.  

The main objective of this study is to perform predictive analysis of nascent entrepreneurial 

activities using ML models, as well as understand how ML can be used to predict the nascent 

entrepreneurial activities by using the theoretical framework of the IEE. The IEE theory addresses 

inclusive growth and inclusive forces work together to foster entrepreneurial activities. The IEE 

explains the interaction of all actors, and factors are non-linear which requires advanced modeling 

techniques to capture the dynamic behavior of the underlying forces. Therefore, the theoretical work 

of the IEE must shift towards integrating machine learning into entrepreneurial research. Nonlinear 

models capture dynamic interactions, which provide a deeper understanding beyond simple causality. 

This study’s novelty lies in its application of ML models—such as decision trees, random forests, and 

XGBoost—to predict entrepreneurial activity levels using inclusive factors. While prior studies have 

predominantly used statistical inferences to explore causality, the current study aims to offer a new 

methodological approach by focusing on predictive modeling. This study forecasts the 

entrepreneurial activity across the globe, which helps policymakers and businesses to better 

understand and anticipate entrepreneurial trends. 

2. Problem statement 

The literature on entrepreneurial ecosystems has merely focused on individual characteristics, 

role of institutions, and environmental factors that determine the level of entrepreneurial activities 

without focusing on their interaction with contextual forces [22]. Since 1980s, the field of 

entrepreneurship has seen a major shift from personal attributes to broader contextual forces [23]. 

Within contextual forces, the exclusion of marginalized communities (disabled, ethnic minorities, and 

LGBTQ) limits the capacity of the economic system to achieve sustainable socioeconomic progression. 

To address this issue, scholars and policymakers have shifted their focus on inclusive entrepreneurial 

activities that are important for socioeconomic progression [8]. The social inclusion of policymakers 

promotes economic activities, which is the key one of the key feature of the SDGs. In this regard, 

there is a need to empirically test the IEE’s role in promoting the entrepreneurial development of all 

communities without gender, economic, and social discrimination.  

Lack of research in explaining the dynamic role of the EE towards fostering socioeconomic 

development signifies the importance of extending the methodological rigor [24]. Considering the 

limited scope of linear models, this study has adopted a complex methodological approach aligned 

with a theoretical framework of the EE to predict nascent entrepreneurial activities. Scholars have 

always been curious about how methods support theories more dynamically. ML models can better 

predict and measure the rate at which entrepreneurial activities across all group increases. By 

improving the predictions of entrepreneurial activities, policy interventions can promote the IEE that 

could foster economic growth and social well-being.  

A critical challenge for policymakers is to measure social progression, which is considered an 

important outcome of an IEE that propagates inclusive education access, equality, and institutional 

quality. The value creation process is determined by the social dimension that supports promoting 

sustainability [25,26]. Policymakers concern related to socioeconomic development can be addressed 

through an IEE that promotes social inclusion that leads to economic and sustainable development. 
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Policymakers and scholars have yet to understand how the IEE concept linked with SDGs encourages 

equal participation of all communities in socio-economic development process [27]. 

The study mainly focuses on outcomes that reveal the level of nascent entrepreneurial activities 

that are influenced by inclusive factors integral to fostering entrepreneurial development. 

Understanding and accurately predicting the entrepreneurial activity is crucial to drive initiatives that 

support entrepreneurship and economic progress. Machine learning models are vital for this research 

because they can process vast amounts of data, identify complex interactions, and provide highly 

accurate predictions.  

Unlike traditional statistical methods, ML can uncover patterns in the data that might not be 

apparent in a linear model, thus offering more robust predictions for entrepreneurial activity. These 

models can adapt to new data, which is crucial for continuously evolving economic landscapes. 

Applying ML techniques such as random forests and XGBoost will enable this study to optimize the 

prediction models for nascent entrepreneurs or new business owners who have been running their 

business and have been paying salaries for more than three months as per definition of Global 

Entrepreneurial Monitor (GEM) but not exceed 42 months, thereby helping policymakers and 

researchers develop more targeted strategies to promote entrepreneurship. 

This study bridges the theoretical and research gaps by employing ML techniques to predict 

entrepreneurial development based on inclusive factors, thus contributing novel insights into 

entrepreneurial development. ML’s predictive capacity offers an invaluable tool for advancing 

entrepreneurship research and foster economic growth. The theoretical contribution extends the IEE 

theory from a descriptive analysis to predictive optimization. This predictive analysis shifts the current 

understanding of ecosystem elements and uncovers how they predict nascent entrepreneurial activities. 

3. Research gap 

Scholars and policymakers emphasize the importance of understanding entrepreneurship using 

nonlinear model [28]. In ML complex tasks can be handled through supervised ML [29]. However, 

while ML/AI are used to analyze big data, they are limited in the surveillance of contemporary 

inclusive nascent entrepreneurial activities [29,30]. 

Within the context of the IEE, previous studies have been limited in explaining how to use ML/AI 

for forward thinking. Limited studies have focused on employing ML to predict entrepreneurial 

nascent activities. Entrepreneurship is considered as the primary driving force of socioeconomic 

development [31,32]. The initial stage of entrepreneurial development process is considered as the 

nascent entrepreneurship. However, nascent entrepreneurial activities should be inclusive that is yet to 

be explored by researchers within the context of inclusive entrepreneurial activities. Recently, the 

factors of inclusive entrepreneurial ecosystems have been conceptualized and operationalized [8]; 

however, empirical evidence on how inclusive entrepreneurial ecosystem influence nascent 

entrepreneurship is still underdeveloped.  

According to the SDGs, socioeconomic development can be achieved by focusing on SDG 8 

(Decent Work and Economic Growth) and SDG 9 (Industry, Innovation, and Infrastructure) [33]. 

Furthermore, one important SDG that addresses the inclusive participation of all stakeholders brings 

prosperity in a region. Traditional entrepreneurship literature has not focused on marginalized 

communities such as ethnic minorities and disabled communities. This restricts marginalized groups 

in having equal participation within economic activities. Therefore, including diverse groups in socio-

economic activities promote innovation and adaptability [34]. Further, an Inclusive entrepreneurial 

ecosystem provides a supportive environment in terms of resources, policies, and market accessibility 
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for all communities and promote entrepreneurial activities [8]. The extension of IEE is on theoretical 

underpinning of entrepreneurial ecosystem that explains the interconnected elements propagate 

entrepreneurial development in a region [35]. Scholars have highlighted the importance of adopting 

computational methods for a deeper understanding of entrepreneurship [6]. Secondly, governments 

and development organizations can leverage machine learning insights to design targeted interventions 

that promote inclusive entrepreneurship, particularly in underserved regions, which is beneficial for 

policymakers [36]. Using supervised machine learning, ML provides predictive accuracy for Investors, 

accelerators, and business incubators who can identify high-potential entrepreneurial ventures and 

support them more effectively [37]. As ML/AI models capture the non-linear relationship and helpful 

to make predictions with more accuracy.  

This study raises the question of what is the non-linear relationship between an IEE and nascent 

entrepreneurship. This answer directly contributes to the IEE theory. EE context contains multiple 

factors that interact in a dynamic and complex way. Therefore, conventional models add  to the 

theoretical progression of this field. In this regard, this study addresses significant contributions in the 

field of EE by embracing empirical findings. The outcome of the study brings key factors along with 

their relative performances to contribute towards socio-economic development. Scholars and 

policymakers can simulate their policy decisions by using parametric values of the selected model. 

Finally, this study explores how the IEE predict nascent entrepreneurial activities. 

3.1. Theoretical perspective  

The study is explicitly grounded in entrepreneurial ecosystem theoretical perspective [3,7]. This 

theory is extended by [8], where authors conceptualized and operationalized related dimensions of 

inclusive entrepreneurial ecosystem. It uses multidimensional constructs including resources, 

governance, culture and markets. Construct validity is established through Kaiser Meyer Olkin 

(KMO >0.7) and Bartlett’s test (P < 0.001) using 115 country panel data. It is theory driven 

conceptualization of the proposed framework rather an ad hoc variable selection. The valid framework 

is used to apply predicted modeling. Moreover, the dynamic capability theory broadly operates at a 

firm level; however, this study actually operates at a country level ecosystem. This study addresses 

which ecosystem configurations predicts nascent entrepreneurial activities.  

The integration of the IEE theory with optimization is based on ML models that forecast nascent 

entrepreneurship, which is considered as a critical gap in the current field of entrepreneurship. The 

contributions are threefold in the theoretical, methodological, and practical domains: the theoretical 

contribution extends the IEE research into predictive modeling; the methodological contribution 

demonstrates ML/AI modeling for nascent entrepreneurship prediction; and finally, the practical 

contribution provides feature importance for policymaking implications, which align with the SDGs. 

4. Literature review 

The entrepreneurial development process explains how social groups identify new business 

opportunities and exploit them effectively [31]. Entrepreneurial development focuses beyond 

interaction of individual attributes and environmental forces; instead, it extends the role of all actors 

and factors who interact to prompt productive entrepreneurship towards socio-economic development. 

The theoretical evolution of the EE explain the interaction of actors, institutional, and governance 

elements [38]. This theory extends from personal attributes to contextual, spatial, and temporal 

dimensions, and furthermore also acknowledges that the role of human capital, culture, finance, and 
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infrastructure are interdependent and interconnected in a region to produce new business 

opportunities [39–41]. However, the role of all dimensions needs a holistic understanding in the way 

they interact and achieve the desired outcomes. The EE explains the interaction between individual 

factors and environmental forces. Recent developments of the EE field has shifted towards an 

inclusivity perspective. Moreover, the notion of the EE in the context of inclusivity requires theoretical 

justification to integrate with solving complex relationships of related factors [6]. Historically studies 

have been mainly focused on addressing the main outcomes, such as entrepreneurial activities and 

nascent entrepreneurship, in association with the antecedents, including economic, cultural, and social 

structures [42]. However, the association of these structural factors with the behavioral traits and 

accessibility of resources has remained a challenge among researchers and scholars. Individual level 

variables alongside structural and other systemic factors such as inclusivity, diversity, and resilience 

interact in a complex way. Their complex interaction is labeled as an EE [8].  

The ecosystem concept is borrowed from biology, thereby reflecting on how species interact in a 

natural habitat and evolve. They share certain characteristics, such as complexity and nonlinearity, 

indicating there are dynamic, adaptive, and emergent systems that rely on multiple interactions and 

feedback loops among their constituents [43]. However, their purposes and dimensions are distinct. 

Later, the ecosystem concept is used in business ecosystem that focuses on how firms can leverage 

their relationships with other actors of ecosystem to create competitive advantage. Further innovation 

ecosystem concept is conceptualized that is concerned with process of innovation including process 

and system level transformation. The paradigm shift in the field of entrepreneurship occurred when 

the idea of entrepreneurial ecosystem started emerging in between 1980s and 1990s. In this era, 

entrepreneurial studies had shifted from individualistic perspective towards broader societal context 

including culture, economic and social forces [44]. It was argued that one group of actors cannot 

control resources by themselves unless markets, government support, and institutions channelize their 

efforts. The entrepreneurs from both public and private sector come together and build industrial 

infrastructure to promote entrepreneurial activities. Entrepreneurial ecosystem focuses level of support 

provided by environmental contextual factors along with personal attributed to produce entrepreneurial 

development. Table 1 shows the exclusive difference among various types of ecosystems.  

Table 1. Evolution of ecosystem concept. 

Ecosystems Business ecosystems Innovation ecosystems Inclusive ecosystems Entrepreneurial ecosystems 

Definition The economic 

interactions create 

through the 

relationship between 

various stakeholders 

including customers, 

and suppliers.  

Focus on knowledge 

sharing and collaboration 

among stakeholders that 

cultivate creativity.  

The inclusive context 

promotes equitable 

opportunities for 

wide range of diverse 

groups, and removing 

social and economic 

discrimination.  

EE promotes holistic 

perspective interconnected 

and interdependent 

stakeholders including 

industry, investors, and 

organizations.  

Recent developments in the literature focused on regional and social factors that influence 

entrepreneurial infrastructure. Now, the entrepreneurial context broadened in its scope and now 

includes spatial and temporal markets alongside social dimensions [45]. Within this broad context, the 

literature has not focused on inclusive factors that are important for entrepreneurial development but 

are crucial to foster entrepreneurial activity [8,46]. Empirical studies have shown financial capital, 

educational opportunities, and networks play a pivotal role in enabling entrepreneurship [3]. For 
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instance, by analyzing the data from various countries, it is found that inclusive markets, characterized 

by equitable access and reduced entry barriers, significantly enhance the entrepreneurial outcomes [4]. 

Empirical studies have witnessed the role of governance and its support toward entrepreneurial 

development [38]. It is witnessed that countries with more inclusive governance structures exhibit 

higher levels of entrepreneurial development [39]. Furthermore, the inclusive cultural factors, such as 

societal norms embrace risk-taking and innovation that are strongly associated with entrepreneurial 

nascent activities across different regions and societies [47]. However, these studies have demonstrated 

mixed results and showed limited explanations regarding their collective interdependent role towards 

entrepreneurial activities. In fact explain the interdependency of all factors and show that their complex 

interactions enhance entrepreneurial activities.  

Inclusiveness promotes equity in resource sharing among all stakeholders. It allows all 

communities to openly participate and have equal access of resources. These contextual conditions 

promote socioeconomic development as everyone has an equal opportunity to explore and exploit the 

available resources. Therefore, inclusiveness requires a holistic or systemic approach within EE 

entrepreneurial ecosystem and it encompasses the policy framework, structure and supportive 

environment of entrepreneurial activities for all communities [48]. Previous studies have given less 

attention on inclusiveness context within the EE, which is an important outcome according to the 

SDGs [49]. Inclusiveness refers to the equal participation of all stakeholders in entrepreneurial 

activities [50]. 

The inclusiveness of socioeconomic progression follows principles of equal opportunities and 

equity in the distribution of resources. It is essential to achieve inclusive growth; policymakers use 

policy instruments along with the active involvement of all stakeholders, including non-government 

organizations (NGOs), businesses, government, and social target groups (e.g., transgender). 

Inclusive resources foster entrepreneurial activities that include training, finances, education, 

technology, and skills/competencies. Inclusive culture welcomes inclusive societies and accepts 

marginalized communities. It includes freedom of expression, and gender acceptability. Inclusive 

governance, and inclusive markets support all communities through rules and regulations and the 

accessibility of markets [8].  

Previously, many studies have found the significant role of inclusive factors on entrepreneurial 

activities. In a cross-country analysis they found that inclusive factors provide an important 

contribution towards entrepreneurial activities [51]. However, the model that was used only captured 

linear relationship and had limited power to make predictive relationships. Additionally, other inclusive 

factors, including markets and governance, have influenced entrepreneurial development [52]. While the 

study provided valuable insights into the causal mechanisms, it lacked a predictive component, thus 

leaving a gap in understanding how these factors interact to influence future entrepreneurial trends [52]. 

The inclusive cultural factors have a significant impact on entrepreneurial activities [53]. However, 

the methodological approach limited their ability to predict the entrepreneurial activity under different 

contexts and boundary conditions of a region [53]. The economic context has a supportive role for 

entrepreneurial activities. Studies have identified the association of inclusive institutions and 

infrastructure, with entrepreneurial activities having a critical role in fostering entrepreneurial 

development [54,55]. However, traditional economic models have limitations in accurately predicting 

the future of entrepreneurial nascent activities. This gap could be addressed using ML models.  

While the empirical studies have discussed the understanding of how inclusive factors impact 

entrepreneurial activity, there are significant gaps in their approaches. First, most studies rely on 

regression models, which focus on inferring causality but are limited in their ability to capture non-

linear and complex relationships between variables. These models often assume that relationships are 
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stable over time, which may not accurately reflect real-world dynamics. Second, empirical studies 

have often been constrained by small datasets or a limited geographic scope. For instance, previous 

studies have focused on European countries, thus leaving open question of whether their findings are 

generalizable to other regions [51,52]. Additionally, their reliance on static models limits the ability to 

forecast future entrepreneurial trends, which is crucial for policymaking and strategic planning. Third, 

very few studies have explored the use of ML in entrepreneurship research. ML models, such as 

decision trees, random forests, and XGBoost, offer the potential to address these gaps by capturing 

complex relationships and improving the accuracy of predictions. Additionally, these models can also 

analyze large and diverse datasets, providing insights into how inclusive factors dynamically influence 

total entrepreneurial development. Most studies on nascent entrepreneurship do not incorporate the 

theoretical framework of inclusivity, which is crucial to understand how diverse socio-economic 

groups participate in entrepreneurship [56].  

The reliance on traditional statistical methods limits the predictive capacity of studies, as these 

methods assume linear relationships and ignore the complex interactions between the EE 

components [57]. Policymakers could not drive actionable results out of the static models. They need 

dynamic predictions to make timely and accurate decisions [3]. Therefore, methods should perfectly 

align with research hypothesis in order to validate the underlying theories. Recent studies have 

conceptualized IEE that requires further investigations of their complex association with the real 

world [8]. This framework emphasizes four key inclusive factors: Inclusive Resources, Inclusive 

Governance, Inclusive Markets, and Inclusive Culture. The importance of an IEE can be witnessed from 

real-world examples, such as the Silicon Valley EE demonstrate how an inclusive access to resources, 

including venture capital, mentorship, and technological infrastructure, fosters high levels of innovation 

and business success [58]. On the other hand, there are many economies around the world struggling 

to access inclusive governance and market inclusive accessibility such as Nigeria and Bangladesh, thus 

leading to lower participation of nascent entrepreneurship [37].  

Additionally, past studies have witnessed the role of the ecosystem towards boosting 

entrepreneurial activities. For instance, Startup India and Brazil’s SEBRAE showcases the importance 

of inclusive governance to propagate public policies and actively create opportunities for marginalized 

entrepreneurs [36]. This transition reflects the importance of studying the systemic perspective of 

entrepreneurship leveling up from a human centric approach. The integration of ML techniques, as 

demonstrated in the study that utilized XGBoost, Random Forest, and Decision Tree models, 

represents a methodological breakthrough in predicting entrepreneurial nascent activities across a 

region. The conceptualization of inclusive resources has witnessed the most influential predictor of 

early-stage entrepreneurial activity, thus reinforcing the argument that equal access to financial, 

technological, and human capital is critical for entrepreneurial success. Second, inclusive Governance 

and Inclusive Markets play substantial roles, indicating that institutional quality, regulatory support, 

and market accessibility significantly shape entrepreneurial opportunities [59]. Finally, Inclusive 

Culture exhibits a varying but notable impact, suggesting that social norms and cultural perceptions of 

entrepreneurship influence entrepreneurial motivation and sustainability [8,57]. In addition, previous 

studies mostly focused on conventional statistical models as they hold value in predicting the model 

results that closely match with reality. However, reality is dynamic and complex, which requires 

complex models that capture the model’s accuracy by capturing its non-linear relationship. Therefore, 

recent advancements in the field of AI have enabled researchers to adopt advance models by providing 

model weights that are more generalized towards theoretical frameworks. By employing ML, the study 

provides a dynamic, predictive, and data driven approach to entrepreneurial research, thus equipping 

policymakers with more precise tools to foster inclusive economic growth [8]. This critical literature 
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review underscores the need to move beyond traditional approaches to study entrepreneurial activity 

by integrating IEE theory and ML methodologies. Inclusive entrepreneurship provides foundational 

framework to understand the inclusion of all stakeholders [8]. ML based predictive models offer a 

novel methodological tool. As global economies strive for sustainable and inclusive growth, embracing 

these innovative research paradigms is not just an academic necessity but a policy imperative.  

This study aims to bridge the gaps identified in the literature by applying ML techniques to 

predict nascent entrepreneurship levels based on inclusive resources, governance, culture, and 

markets. Unlike previous studies that focused on causality, this research will utilize ML models—

such as logistic regression, decision trees, random forests, and XGBoost—to predict entrepreneurial 

activity. These models can uncover hidden patterns in the data that traditional methods may overlook, 

thus offering a more nuanced understanding of how inclusive factors interact to drive 

entrepreneurship nascent. Moreover, this study will take a global approach by analyzing data from 

various regions, thus addressing the limitations of previous studies that were geographically 

constrained. By improving the accuracy of predictions, this study will contribute to the broader 

literature on entrepreneurship and sustainable development, offering valuable insights for 

policymakers, businesses, and researchers. Finally, by aligning with the SDGs, particularly SDG 8 

and SDG 9, this study will demonstrate how fostering inclusive entrepreneurship can contribute to 

sustainable economic growth. However, the SDGs 4 and 10 are also embedded in the IEE, which 

emphasize equity and reduce the regional disparities. By using advanced predictive models, this 

research will provide actionable insights that can help governments and organizations develop 

strategies to support entrepreneurship and achieve the SDGs. While previous empirical studies have 

deepened our understanding of the role of inclusive factors in driving entrepreneurial activity, they 

have been limited by their methodological approaches and geographic focus. This study will fill 

these gaps by applying ML models to predict nascent entrepreneurship levels globally, thus offering 

new insights into the dynamic relationships between inclusive factors and entrepreneurship. By 

doing so, this research will contribute to the achievement of the SDGs and provide practical guidance 

to foster inclusive and sustainable entrepreneurial development. 

In the context of inclusive entrepreneurship, it invites all stakeholders to leverage entrepreneurial 

activities at a high rate within the EE. In this case, distinct ecosystems are required to facilitate and 

support in significantly different ways than a traditional EE [12,57]. The inclusive entrepreneurship 

concept is defined as the representation and participation of marginalized groups in the 

entrepreneurship development process. It facilitates them by addressing their social and economic 

problems [59]. It encompasses the entrepreneurial activity that embraces inclusive opportunities [60], 

inclusive participation, and sharing inclusiveness [61]. By considering the realized and intended 

impact of inclusive entrepreneurship, it differs significantly from conventional entrepreneurship.  

The current field of entrepreneurship is evolving towards the utilization of AI models [62,63]. 

Scholars have highlighted the role of AI to explore entrepreneurial practices in the area of automation, 

data driven decisions, and ML applications that guide in predicting new opportunities [20]. However, 

few studies have recently started exploring the integration of advanced AI models in the field of 

entrepreneurship. A recent study that used the Delphi technique identified AI as important theme that 

to shape entrepreneurship’s future by 2030. Moreover, scholars have critical concerns about AI 

applications in entrepreneurial research, and state that it is still fragmented [64].  

Previous empirical studies have validated and established the legitimacy of using of ML in the 

field of entrepreneurship. For instance, previous studies have used ML models for investment decision 

making [65]. Additionally, scholars have also acknowledged the prediction of startup success is a 

critical aspect of entrepreneurship research [66]. ML models, including Random forest, and gradient 
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boosting, are considered robust algorithms that provide robust analyses for startups outcomes by 

achieving up to 82 % accuracy [67]. More importantly, entrepreneurship theories are built around how 

to manage uncertainty. By using AI algorithms researchers can reduce the uncertainty by identifying 

hidden patters within the large datasets [64]. However, entrepreneurship research predominantly 

focuses on startup success, venture capital investments, and risk assessments, which are firm based the 

outcome indicators. Considering this limitation, the integration of ML applications at the ecosystem 

level has not yet been considered [68]. 

This study extend the current body of knowledge by optimizing ML applications and integrating 

ML algorithms at the country level, which includes the IEE dimension and feature importance rather 

just driving prediction on the basis of ML models. Moreover, this study attempts to connect policy 

makers and their strategic decisions to prioritize the IEE factors to achieve sustainability in a region. 

Considering the current debate on methodological challenges of integration of ML in 

entrepreneurship research, scholars have started to recognize the importance of this paradigm [69]. ML 

usage is not limited to just optimizing the predictive accuracy; it advances in SHapley Additive 

exPlanations values and permutation importance. For policymakers, it provides a feature contribution 

analysis. This study goes beyond econometric approaches, thereby merely focusing on the internal 

validity and unbiased treatment effect. 

5. Methodology 

This study seeks to understand the contextual inclusive conditions of the EE that influences the 

nascent entrepreneurship. The data is taken from a recent study on an IEE, where a global index is 

developed on this construct [8]. The present study uses the most recent GEM data set, and “nascent 

entrepreneurship” is taken as the outcome variable. The core objective of this study is to examine the 

influence of an IEE on nascent entrepreneurship. Four related dimensions are taken to predict nascent 

entrepreneurship: inclusive culture, inclusive markets, inclusive resources, and inclusive policies. In 

this regard, ML models are used to identify predictive patterns and assess relative importance of these 

variables. This objective aligns with the conceptual framework established in prior work [8]. Table 2 

shows the related variables and relevant indicators of each dimension, along with the definition and 

sources given. Each variable follows conceptualization and operationalization and is linked to the 

underlying theoretical justification. 

Table 2. Inclusive entrepreneurial ecosystem variables. 

Variables Indicators  Definition (Units) Source  

Inclusive Resources  Advanced Education Tertiary education (years) 

Advanced education of females (%) 

Quality weighted universities (points) 

Number of citations documents (documents/1,000) 

Academic freedom (0=low; 1=high) 

SPI 

 Basic Knowledge  No schooling of females (% of women) 

Primary school enrollment (% of children) 

Secondary school attainment (% of population) 

SPI 

 Essential services   Access to essential services  SPI 

Continued on next page 
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 Information and 

Communications 

Subscriptions of Mobile phones 

(subscriptions/100 people) 

Media censorship (0=frequent; 4=rare) 

Internet users (% of pop) 

SPI 

 Justice awareness Justice accessibility (0=non-existent; 1=observed) SPI 

 Online governance  Governance online (0=low; 1=high) SPI 

 Quality education  Quality education and equal accessibility 

(0=unequal; 4=equal) 

SPI 

 Financial activities and services  Financial services affordability (0=low; 1=high) SPI 

Inclusive Policies  Political power by gender  Equality of political power by gender (0=unequal 

power; 4=equal power 

SPI 

 Political power by social group  Equality of political power by socioeconomic 

position (0=unequal power; 4=equal power) 

SPI 

 Political power by socio-

economic position  

Equality of political power by social group 

(0=unequal power; 4=equal power) 

SPI 

 Government Support policies The extent to which public policies support 

entrepreneurship - entrepreneurship as a relevant 

economic issue 

GEM 

 Governmental programs  Inclusive government policies SPI 

 Decisions of government 

officials  

Favoritism in decisions of government officials, 

1-7 (best) 

SPI/WEF 

 Government regulation  Burden of government regulations SPI 

Inclusive culture Acceptance of all Genders   Acceptance of marginalized gender (0=low; 

100=high) 

SPI 

 Discrimination and violence 

against minorities 

Discrimination and violence against minorities 

(0=low; 10=high) 

SPI 

 Freedom of expression Freedom of expression (0=no freedom; 1=full 

freedom) 

SPI 

 Freedom of religion Freedom of religion (0=no freedom; 4=full 

freedom) 

SPI 

 Gender parity in secondary 

attainment 

Gender parity in secondary attainment (distance 

from parity) 

SPI 

Inclusive Markets Internal market openness Freedom to enter existing markets 

 

GEM 

 Internal market dynamics and 

stability 

Change in market dynamics from year to year 

 

GEM 

 Market Efficiency The Goods Market Efficiency Index WEF 

 Domestic market size Gross domestic product (GDP) based on the 

purchasing-power-parity (PPP) (billions). 

WEF 

*Note: Source: (Hameed et al. [8]) 

https://tcdata360.worldbank.org/indicators/h8fac4119
https://tcdata360.worldbank.org/indicators/h8fac4119
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115 countries were taken to model the dataset. The dataset is taken from the Social Progress Index, 

the World Economic Forum, and the GEM index. After removing the missing values, there are 4964 

data points of inclusive resources and governance, 9528 data points of inclusive culture, inclusive 

market includes 6990 and 8515 data points of nascent entrepreneurship. In order to test the model, we 

utilized a standard practice of 70-30. Therefore, the chosen sample for training and testing provided a 

meaningful evaluation. ML is for the most predictive modeling, and not meant to be used to infer 

causal relationships between input variables and some studied output. In previous studies, scholars 

have used ML tools to predict business outcomes such as eco-finance networks and to simulate 

corporate economic behaviors [70].   

There are two issues when applying ML models in social sciences: the first deals with technical 

lacking and the second research traditions focus on limited datasets to perform advanced models. With 

the advancement of data footprints of social science captured by famous world indexes, social science 

fields are invited to apply advanced models such as logistic regression, decision tree, random forest, 

and xgboost. 

Before applying ML models, missing values and outliers are handled. There are multiple 

strategies to handle missing values such as imputation using mean/median. Considering the large 

dataset, the missing values can be handled the imputation method by taking the mean value.  

The following Figure 1 shows that inclusive resources and inclusive culture contains fewer 

outliers. However, inclusive governance and inclusive markets appear to have balanced distributions 

with fewer extreme deviations. It can be seen that the models use large dataset and these outliers may 

not severely impact the model’s performance.  

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Outlier detection. 

Panel data models are often used in economic studies where the data is comprised of multiple 

entities (such as countries or firms) observed over time. These models are advantageous for 

controlling unobserved heterogeneity across entities and over time, using techniques such as fixed 

and random effects [48]. However, despite their widespread use in entrepreneurship studies, panel 

data models may not be the most appropriate approach for all research questions, particularly when 

non-linear relationships and complex interactions exist among variables. Traditional panel data models, 

such as fixed and random effects models, heavily rely on linear relationships between the independent 

and dependent variables [71]. In this study, the relationships between variables such as Inclusive 

Resources, Inclusive Government, Inclusive Culture, and Inclusive Markets and the outcome variable 

nascent entrepreneurship are likely non-linear. 
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This complexity limits the explanatory power of panel data models, which are not well-suited to 

capturing non-linear interactions between variables [72]. In an IEE, variables like government policy 

and market inclusiveness likely non-linearly affect entrepreneurial activities. For example, access to 

resources may have diminishing returns as the ecosystem becomes saturated. Panel data models 

typically assume constant marginal effects, which is a limitation in capturing the true nature of such 

diminishing returns or threshold effects [73]. XGBoost and Random Forests are ML models that 

capture non-linear relationships between the inputs and the output features [74]. Unlike linear models, 

using these models closely handles more complex relationships related to reality. The selected models 

capture nonlinear interactions and feature importance which determine usefulness for robust analysis 

on small samples. This rationale is aligned with the study’s objective that focuses on optimization and 

prediction of nascent entrepreneurial activities with accuracy. It is important to note the current 

limitation of ML models that they do not capture permanent structural relationship but capture 

conditional patterns 

In this study, an IEE is a complex phenomenon with inclusive resources, markets, and cultural 

dimensions. Their predictability towards entrepreneurial activities remained challenging for 

researchers [75]. However, this could be captured through XGBoost, Random Forests, and a decision 

tree model. ML models are more capable of handling high-dimensional data and identifying 

interactions between variables that traditional econometric models, including panel data models, 

struggle to capture [76]. The equations of each model are given below. 

𝑋1 =  Inclusive resources, 

𝑋2 =  Inclusive policies, 

𝑋3 =  Inclusive culture, 

𝑋4 =  Inclusive markets, 

5.1. XGBoost 

XGBoost predictions combine multiple trees to minimize error: 

𝑦̂𝑖 = ∑  𝐾
𝑘=1 𝑓𝑘(𝑥𝑖), 

𝑦̂𝑖 which predicts the nascent entrepreneurship for data point, 𝑖  

𝐾 = Number of decision trees, 

𝑓𝑘(𝑥𝑖) ∶ Prediction from tree k based on the input vector 𝑥𝑖 of the variables [inclusive resources, 

inclusive policies, inclusive culture, inclusive markets. 

The objective function (loss + regularization) is minimized as follows: 

obj(𝜃) = ∑  𝑛
𝑖=1 𝑙(𝑦𝑖, 𝑦̂𝑖) + ∑  𝐾

𝑘=1 Ω(𝑓𝑘), 

𝑦𝑖 : True nascent entrepreneurship, 

𝑙 ∶ Loss function (e.g., squared error), 

Ω : Complexity regularization on trees, 

This model follows gradients and Hessians optimize the model by improving the ensemble of 

trees to better predict the outcome. 
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5.2. Decision tree 

A decision tree partitions the data by choosing the best splits on variables to minimize impurities 

or variance. For the regression, the prediction at leaf 𝑚 is as follows: 

𝑦̂𝑚 =
1

𝑁𝑚
∑  𝑖∈𝑅𝑚

𝑦𝑖, 

𝑅𝑚 ∶ Region of data points in leaf 𝑚, 

𝑁𝑚 ∶  Number of points in leaf 𝑚, 

 𝑦𝑖 ∶ Observed outcome (nascent entrepreneurship). 

The tree recursively splits attributes or features (for instance inclusive resources, policies, etc.) 

by either maximizing the information gain or by minimizing squared error loss until the stopping 

criteria are fully addressed.  

5.3. Random forest 

A Random Forest functions on the basis of decision trees using bootstrap samples and random 

feature subsets. The prediction for a new data point 𝑥 is the average of predictions from all 𝑀 trees: 

𝑦̂ =
1

𝑀
∑  𝑀

𝑗=1 ℎ𝑗(𝑥), 

ℎ𝑗(𝑥) = Prediction of the  𝑗𝑡ℎ decision tree for input 𝑥, 

𝑀 =  Total number of trees 

Each tree uses random subsets of variables (e.g., inclusive resources, policies, culture, and 

markets) to create diverse models, thereby reducing variance and improving the generalization. 

5.4. Suggested mathematical equations according to the proposed model 

5.4.1. XGBoost model 

𝑦̂𝑖 = ∑  𝐾
𝑘=1 𝑓𝑘(resources𝑖 , policies

𝑖
, culture𝑖 , markets𝑖). 

Minimize the following: 

∑  𝑛
𝑖=1 (𝑦𝑖 − 𝑦̂𝑖)

2 + ∑  𝐾
𝑘=1 Ω(𝑓𝑘). 

5.4.2. Decision tree prediction 

𝑦̂𝑚 =
1

𝑁𝑚
∑  𝑖∈𝑅𝑚

𝑦𝑖,. 

with splits based on conditions of inclusive variables such as inclusive culture, policies, resources, and 

marekts. 
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5.4.3. Random forest prediction 

𝑦̂𝑖 =
1

𝑀
∑  𝑀

𝑗=1 ℎ𝑗(resources𝑖 , policies
𝑖
, culture𝑖 , markets𝑖). 

These models help to transform the complex association of inclusive factors and 

entrepreneurship. These mathematical equations act as functions that optimize the prediction 

accuracy, which is an essential objective of this study. Furthermore, these equations, measure and 

quantify the variable significance and complex interactions. This follows rigorous process of tree 

structures, gradient boosting, and ensemble averaging. 

While these models provide robust findings, there is a tradeoff of loss minimization, variance 

reduction, and model regularization embedded within these algorithms. Therefore, this study 

achieves robust findings on how inclusive resources, policies, culture, and markets drive nascent 

entrepreneurship. 

These equations provide the basis to capture the way each model learns relationships between 

inclusive variables and nascent entrepreneurship. Regularization and tree depth control help balance 

bias and variance. 

For instance, the combined effect of Inclusive Culture and Inclusive Government on 

entrepreneurial outcomes can be effectively modeled by tree-based algorithms such as Random Forests, 

which excels in modelling complex interactions without pre-specification by the researcher. 

Overfitting issues can be handled in ML methods like XGBoost and Random Forest, especially when 

cross-validation and regularization are required in the application [77]. Unlike a panel data analysis, 

where overfitting undermines the model’s accuracy, ML models ensure that the model generalizes well 

to unseen data in the study. 

XGBoost, Random Forests, and Decision tree models are used in this study, and they are famous 

for their robustness in handling non-linear relationships. These models are used in the predictive 

modeling of entrepreneurial outcomes. Using random search with cross validation, such as a 5-fold 

approach, is used to optimize parameters such as the learning rate, the number of trees, and the 

maximum depth of decision trees. Further model evaluation is based on specific metrics such as the 

model accuracy, precision, recall, and F1-score. Finally, the area under the ROC curve (AUC) is 

analyzed with the justification that these metrics provide a comprehensive assessment of the 

predictive performance of nascent entrepreneurship. 

ML models identified Inclusive Resources as the most important driver of entrepreneurial activity 

across all models. This finding suggests that the access to resources such as capital, infrastructure, and 

knowledge is paramount to fostering entrepreneurship, more so than government policies or cultural 

factors, which were previously considered to be equally important [78]. The ML models demonstrated 

that the effects of an Inclusive Market on the entrepreneurial activity are non-linear, which indicate 

that while favorable market conditions are crucial, their impact may plateau or even diminish under 

certain conditions. This insight adds depth to our understanding of EE, which is difficult to capture 

with traditional linear panel data methods [22]. The ability of machine learning models to handle 

complex interactions provides a deeper understanding of the interconnectedness of the ecosystem 

components. For example, the combined impact of Inclusive Government and Inclusive Culture on 

entrepreneurship can now be understood as synergistic rather than additive, offering new pathways for 

policy intervention.  

While panel data models are valuable to control unobserved heterogeneity and explore linear 

relationships, their limitations in capturing non-linear and complex interactions make them less robust 
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for this study. The ML models employed here—XGBoost, Decision Trees, and Random Forests—

provide a more flexible and powerful framework to analyze the intricate relationships within an IEE. 

These models not only reveal the key drivers of entrepreneurial activity but also uncover novel insights 

into the non-linear and interconnected nature of the ecosystem components, thus offering richer, data-

driven perspectives for fostering entrepreneurship. In this context, one of the key advantages of ML 

models is the ability to automatically assess the importance of features. In this study, ML models 

identified inclusive resources as the most important factor to promote early-stage entrepreneurial 

activity. This is a novel finding, as traditional econometric models typically require manual interaction 

terms or transformations to test such relationships. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. ROC curve. 

6. Model performance interpretation 

The model hyperparameters are optimized using accuracy, recall, and AUC, which are considered 

primary evaluation criteria. For the classification performance, a ROC analysis is employed, but SHAP 

values provide feature contributions across the ML models [79]. Accuracy is calculated as the ratio of 

correct predictions to the total predictions. The results of the study demonstrates that XGBoost and 

Random Forest have the highest accuracy at 0.80597 (Table 3 and Figure 2). It means that these models 

correctly predict nascent entrepreneurship 80.6% of the cases. Furthermore, the Decision Tree has a 

lower accuracy at 0.746269 (74.6%). Sensitivity, also known as recall, measures the proportion of 

actual positives that are correctly identified by the model (true positives). Additionally, a sensitivity 

analysis of these models represents the model’s adequacy in predicting the outcome. Random Forest 

performs the best with a sensitivity of 0.678571 (67.9%), closely followed by XGBoost at 0.642857 

(64.3%). Finally, the Decision Tree has lowest sensitivity level, about 0.535714 (53.6%). Therefore, 

the analysis reveals that random forest is better than the other models. 

Table 3. Model performance. 

Model Accuracy Sensitivity (Recall) Specificity AUC 

XGBoost 0.80597 0.642857 0.923077 0.782967 

Decision Tree 0.746269 0.535714 0.897436 0.716575 

Random Forest 0.80597 0.678571 0.897436 0.788004 
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Specificity measures the proportion of actual negatives that are correctly identified by the model 

(true negatives). XGBoost shows the highest specificity at 0.923077 (92.3%), meaning it is the most 

effective at correctly identifying negative cases. Decision Tree and Random Forest have a slightly 

lower specificity at 0.897436 (89.7%). The AUC measures the model’s ability to distinguish between 

classes, where higher values indicate better performances. Random Forest has the highest AUC at 

0.788004, thus suggesting that it has the best overall ability to differentiate between positive and 

negative cases. XGBoost is close behind with an AUC of 0.782967, and Decision Tree has the lowest 

AUC at 0.716575. 

6.1. Feature importance interpretation 

Table 4. Feature importance. 

Feature XGBoost Importance Decision tree importance Random forest importance 

Inclusive Resources 0.480633 0.479713 0.375506 

Inclusive Government 0.177016 0.171196 0.189652 

Inclusive Culture 0.161584 0.109753 0.24455 

Inclusive Market 0.180767 0.239337 0.190293 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Feature importance. 

Figure 3, highlights the feature importance of predictors across all three models. Table 4, shows 

that XGBoost has highest importance at 0.480633, followed by the Decision Tree at 0.479713 and 

Random Forest at 0.375506. This suggests that the access to resources is the most critical factor to 

predict the outcome. Inclusive Government is the second most important feature for Decision Tree 

(0.171196) and XGBoost (0.177016), while Random Forest gives it a slightly higher importance 

(0.189652). This indicates that governance is a consistently significant factor, although less so than 

resources. Inclusive Culture has moderate importance across the models. It is ranked third in XGBoost 

(0.161584) and Decision Tree (0.109753), while Random Forest gives it a higher weight (0.24455), 

suggesting that Random Forest may consider cultural factors more significant than the other models. 

Inclusive Market ranks as a moderately important factor in all models, with XGBoost assigning it a 

weight of 0.180767, Decision Tree giving it 0.239337, and Random Forest assigning it 0.190293. This 

shows that the access to inclusive markets is also a key predictor, though not as influential as resources 

or governance. 
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The findings are aligned with one of research objective to transform complex associations through 

mathematical equations and to predict the accuracy. The results use algorithms that reveals hidden 

pattern of how inclusive forces drive entrepreneurial activities.  

Table 5 summarizes the key hyperparameter settings for the three ML models. Decision Tree has 

a maximum depth of 6. Furthermore, a minimum of 5 samples are required to split a node, which 

balances the flexibility and helps control. Second, Random Forest is employed on a large ensemble of 

500 trees. Furthermore, it has shallow individual trees with a maximum depth of 3 and a minimum 

sample split of 5. These five features are considered at each split that promotes robustness and variance 

reduction while maintaining reproducibility. Gradient Boosting (XGBoost) was specified with 100 

boosting iterations. Additionally, it shows a learning rate of 0.3 with a maximum tree depth of 6. 

Moreover, L2 regularization shows a strength of 3 and full data subsampling. Finally, it enables the 

capturing of complex nonlinear relationships and controlling overfitting by regularization and 

replicable training. 

Table 5: Model hyperparameter summary. 

 Model Parameter value 

0 Decision Tree Maximum Depth     6 

1 Decision Tree Minimum Samples Split     5 

2 Decision Tree Replicable Training   Yes 

3 Random Forest Number of Trees   500 

4 Random Forest Maximum Depth     3 

5 Random Forest Minimum Samples Split     5 

6 Random Forest Maximum Features     5 

7 Random Forest Replicable Training   Yes 

8 Gradient Boosting (XGBoost) Number of Estimators   100 

9 Gradient Boosting (XGBoost) Learning Rate   0.3 

10 Gradient Boosting (XGBoost) Maximum Depth     6 

11 Gradient Boosting (XGBoost) Regularization Strength (Lambda)     3 

12 Gradient Boosting (XGBoost) Subsample   1.0 

13 Gradient Boosting (XGBoost) Replicable Training   Yes 

7. Geographical footprints of nascent entrepreneurship 

Across all models, inclusive resources consistently emerged as the most important feature to 

predict early-stage entrepreneurial activity. This suggests that the access to resources is a critical factor 

in fostering entrepreneurship. Additionally, Inclusive Market had substantial importance, especially in 

the Decision Tree and Random Forest models, thus indicating that favorable market conditions are 

crucial for entrepreneurship. Inclusive Government and Inclusive Culture had a relatively lower 

importance but still meaningfully contributed to the models, thus indicating that government policies 

and cultural factors, while secondary, do influence the entrepreneurial activity. Using Pandas and 

plotly.express libraries are used in python for geospatial analyses. The following world maps show the 

relative importance of feature variables towards entrepreneurial development across countries. As seen 

in Figure 4, North America, Europe, and some parts of Asia display higher footprints of inclusive 

resources. However, other regions of Africa and South America show moderate to low scale use of 

inclusive resources, thereby having a limited capacity of these resources. It means that the high 
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concentration in certain areas might correspond to better resource accessibility, infrastructure, or 

supportive policies. These resources that cover physical, financial, or institutional resources are 

necessary for IEE. The map seems to emphasize structural disparities globally, thereby revealing where 

resources are more impactful or better aligned with entrepreneurial activities. This is aligned with 

empirical evidence where micro-finance, venture capital, and government financial support in form of 

grants significantly boost entrepreneurial activities [71]. Inclusive financial access mitigates barriers 

faced by marginalized populations. However, high-performing regions (as shown on the map) 

highlight that they have robust financial ecosystems which enable early-stage entrepreneurship [3]. 

The regions with dominance of inclusive resources have a high level Information and Communication 

Technology (ICT) manifestation, thus projecting more innovation and low-cost nascent 

entrepreneurial activities [80]. Moreover, it is witnessed that the countries that invest in inclusive 

education platforms see an upsurge in entrepreneurial activity [81]. 

 

 

 

 

 

 

 

 

 

Figure 4. Inclusive resources. 

*Note: Source: Authors’ own elaboration using Python 3.7.12 (Plotly Express 5.24.1; Pandas 1.3.5; NumPy 1.21.6). Data 

compiled from: Global Entrepreneurship Monitor, GEM Global Report (2008–2020), 

https://www.gemconsortium.org/data; World Economic Forum, Global Competitiveness Report (2008–2020), 

https://www.weforum.org/publications/; Social Progress Imperative, Social Progress Index (2013–2020), 

https://www.socialprogress.org/social-progress-index. All sources accessed: March 2025.  

 

 

 

 

 

 

 

 

 

Figure 5. Inclusive governance. 

*Note: Source: Authors’ own elaboration using Python 3.7.12 (Plotly Express 5.24.1; Pandas 1.3.5; NumPy 1.21.6). Data 

compiled from: Global Entrepreneurship Monitor, GEM Global Report (2008–2020), 

https://www.gemconsortium.org/data; World Economic Forum, Global Competitiveness Report (2008–2020), 

https://www.weforum.org/publications/; Social Progress Imperative, Social Progress Index (2013–2020), 

https://www.socialprogress.org/social-progress-index. All sources accessed: March 2025.  

https://www.gemconsortium.org/data
https://www.weforum.org/publications/
https://www.socialprogress.org/social-progress-index
https://www.gemconsortium.org/data
https://www.weforum.org/publications/
https://www.socialprogress.org/social-progress-index
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Figure 5 demonstrates the level of inclusive governance across regions. [82] demonstrated that 

inclusive institutions significantly influence the entrepreneurial entry rates, with a particular emphasis 

on how the governance quality affects opportunity-based entrepreneurship. The authors note that a one 

standard deviation improvement in inclusive governance can lead to a 20-40% increase in opportunity 

entrepreneurship. The map clearly shows that the darker red regions around the globe (indicating 

higher importance = 0.8) appear prominently in North America, Australia, and Russia. It shows that 

strong governance, political stability, and institutional support influence nascent entrepreneurial 

activities. South America and African nations depict moderate importance of inclusive governance 

support in these regions. Africa, south Asia, and some part of Middle East demonstrate lower 

importance, which may be due to certain challenges such as political instability and the lack of a 

regulatory environment. Finally the USA, Canada, and Germany have focused on development of 

inclusive governance, leading to stable EE.   

 

 

 

 

 

 

 

 

 

 

Figure 6. Inclusive culture. 

*Note: Source: Authors’ own elaboration using Python 3.7.12 (Plotly Express 5.24.1; Pandas 1.3.5; NumPy 1.21.6). Data 

compiled from: Global Entrepreneurship Monitor, GEM Global Report (2008–2020), 

https://www.gemconsortium.org/data; World Economic Forum, Global Competitiveness Report (2008–2020), 

https://www.weforum.org/publications/; Social Progress Imperative, Social Progress Index (2013–2020), 

https://www.socialprogress.org/social-progress-index. All sources accessed: March 2025.  

Inclusive culture only promotes entrepreneurial development when there is diversity, social 

acceptability, and tolerance in a region (Figure 6). Inclusive culture with lighter shades (0.2-0.4) appear 

in some parts of Asia and Africa. Inclusive culture is supportive in North America and Western Europe 

because these regions have a higher tolerance for failure, strong collaborative networks, role models, 

and cultural acceptance to become entrepreneur [83]. Moreover, the cultural norms manifested in 

family businesses reflect high respect given to entrepreneurs that can be witnessed in the indigenous 

entrepreneurial activities [84]. Therefore, cultural values promote diverse ideas, social networking, 

and business collaborations that lead to successful entrepreneurial activities in a region.   
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Figure 7. Inclusive markets. 

*Note: Source: Authors’ own elaboration using Python 3.7.12 (Plotly Express 5.24.1; Pandas 1.3.5; NumPy 1.21.6). Data 

compiled from: Global Entrepreneurship Monitor, GEM Global Report (2008–2020), 

https://www.gemconsortium.org/data; World Economic Forum, Global Competitiveness Report (2008–2020), 

https://www.weforum.org/publications/; Social Progress Imperative, Social Progress Index (2013–2020), 

https://www.socialprogress.org/social-progress-index. All sources accessed: March 2025.  

Entrepreneurial success largely depends on market accessibility, financial inclusion, and friendly 

entrepreneurial policies (Figure 7). Inclusive markets can be witnessed in Africa and developing 

nations of Asia. Developing countries are adopting market accessibility policies to encourage 

marginalized communities to take active participation in entrepreneurial activities. Inclusive markets 

have been emerging in Latin America (Figure). Furthermore, cultural acceptance has been increasing 

in Latin America [57]. Due to shift in economic priorities, a shift from necessity to opportunity-based 

ventures have been seen. Social models of entrepreneurship are also receiving more attention by policy 

makers. This study reveals model predictability of inclusive features towards inclusive nascent 

entrepreneurial activities. The empirical evidence helpful for the policymakers to more accurately 

design an entrepreneurial development framework that boosts nascent entrepreneurship as the used 

framework to capture complex interconnected EE. 

8. Discussion  

The predictive analysis showed has shown the role of inclusive entrepreneurial activities to predict 

nascent entrepreneurial activities. Random forest, XGboost, and decision tree adequately predicted the 

entrepreneurial activities. Radom forest achieved a higher accuracy (80%) compared to the other 

models. For policymakers, the feature importance helps to prioritize the resources accordingly and 

provides a systematic way to optimize the entrepreneurial activities in a region. It means that providing 

quality education and information, enabling communication services and giving financial support are 

initial steps required by policymakers for nascent entrepreneurship. Second, focus must be shifted to 

governance related factors such as gender equality, government support programs, and effective 

government regulations. Then, inclusive culture practices should be focused where policymakers can 

encourage all communities to participate in entrepreneurial activities, which is possible by promoting 

gender equality and the freedom of expression. Additionally, they should work on market accessibility 

to all communities and they work on increasing domestic market size for optimizing local economic 

activities. Moreover, a geospatial analysis is helpful to understand the positioning of all inclusive 

ecosystem forces across the globe. This is helpful for countries to identify how they can boost nascent 

https://www.gemconsortium.org/data
https://www.weforum.org/publications/
https://www.socialprogress.org/social-progress-index
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entrepreneurial activities by focusing on the dimensions with low performances. The finding support 

with similar studies where ML models were used to predict entrepreneurial activities [67,85,89].  

9.  Future research 

The applicability of these ML models could be applied across different economic contexts and 

EEs [8]. Second, the intersectionality of inclusivity factor should examine how gender, ethnicity, and 

socioeconomic status interact within entrepreneurial environments [57]. Moreover, it is important to 

understand the long-term impact of inclusive ecosystem interventions on sustainable economic 

development [3]. Conventional approaches have limitations in exclusively explaining the inclusive 

role of EE. In this regard, further empirical evidence opens new empirical insights for researchers and 

policymakers. 

In this study, python based libraries were used to operationalize ML classification to Random 

Forest, Logistic regression, and XGBoost, and to predict IEE outcomes. Future research could use 

theoretical rigorous and alternative models for non-linear modeling such as Conic Multivariate 

Adaptive Regression Splines (CMARS), as well as the more advanced robust extension RCMARS 

[40,86,87]. Moreover, management and innovation frameworks could be used to explain human and 

organizational capital dimensions [88,89]. 

10.  Conclusions 

This study used factors of IEE to predict nascent entrepreneurial activities. The theoretical 

framework of an EE was tested to see the nonlinear association of underlying variables within the 

context of inclusiveness. First, the current research in the field of an IEE was extended by applying 

predicted ML models. Second, the outcomes of the predicted models can help policymakers to 

prioritize their efforts while taking entrepreneurial development decisions. Third, global footprints of 

nascent entrepreneurial activities were evaluated by taking input features of IEE. It was demonstrated 

that XGBoost and Random Forest perform better than decision tree determined through fine-tuning 

process, relevant AUC and model accuracy score. Random Forest had the best recall and AUC 

measurements, making it particularly useful in cases where identifying positives is crucial. However, 

XGBoost showed the highest specificity, meaning it is very effective at identifying negatives. Finally, 

all models followed mathematical equations to adopt algorithms and predict the accuracy. 

In terms of feature importance, this study revealed that inclusive resources are the most influential 

factor across all models, followed by Inclusive Government, Inclusive Market, and Inclusive Culture. 

The policymakers could lever their efforts by focusing on this hidden pattern to achieve key strategic 

efficiencies. The fact that Random Forest assigned a higher importance to Inclusive Culture may 

indicate that this model captures cultural effects more effectively than the others. Policymakers can 

formulate entrepreneurial policies by aligning the inclusive factors according to their level of 

importance. Intuitively deploying inclusive resources is critical for success of startups. This analysis 

suggests that Random Forest may be the most balanced and effective model for this particular 

application, especially in scenarios where the correct classification of positive and negative cases is 

equally important. Additionally, the focus on Inclusive Resources should be central in any 

interventions or policy designs aimed at fostering entrepreneurial activity.  

The findings provided practical insights for policymakers where they could use inclusive forces 

such as inclusive resources education, information and communication, quality of education, and 

financial services to promote entrepreneurial activities. Furthermore, political power of gender, 

government support, and inclusive government policies are considered important attributes. Inclusive 

culture includes the acceptance of all marginalized groups, and religion freedom, where inclusive 
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markets include market openness, market efficiency, and the dynamics of domestic markets. All these 

elements of the IEE configure in a certain way that promotes nascent entrepreneurial activities and 

reflects social implications for inclusive growth. In future studies, researchers could evaluate other 

advanced neural network models to improve the predicted accuracy of the model and theoretically test 

the nonlinear relationship among inclusive factors of entrepreneurial activities.  

Author contributions 

Conceptualization, K.H.; Data curation, Z.A.; Formal analysis, K.H. and T.O.B.; Funding 

acquisition, R.A.M.; Investigation, K.H. and Z.A.; Methodology T.O.B.; Project administration T.O.B.; 

Resources R.A.M.; Software Z.A.; Supervision T.O.B.; Validation Z.A.; Visualization K.H. and Z.A.; 

Writing – original draft, K.H.; Writing – review & editing, Z.A. and R.A.M. 

Use of Generative-AI tools declaration  

The authors declare they have not used Artificial Intelligence tools in the creation of this article. 

Acknowledgments 

The authors extend their appreciation to the Deanship of Research and Graduate Studies at King 

Khalid University for funding this work through Large Research Project under grant number 

RGP2/572/46. 

Conflict of interest 

The authors declare no conflicts of interest. 

References 

1. D. B. Audretsch, M. Belitski, Entrepreneurial ecosystems in cities: establishing the framework 

conditions, J. Technol. Transf., 42 (2017), 1030–1051. https://doi.org/10.1007/s10961-016-9473-8 

2. D. Valliere, Measuring regional variations of entrepreneurial intent in India, J. Entrep., 25 (2016), 

111–128. https://doi.org/10.1177/0971355716650362 

3. Z. J. Acs, S. Estrin, T. Mickiewicz, L. Szerb, Entrepreneurship, institutional economics, and 

economic growth: An ecosystem perspective, Small Bus. Econ., 51 (2018), 501–514. 

https://doi.org/10.1007/s11187-018-0013-9 

4. S. Wennekers, A. V. Wennekers, R. Thurik, P. Reynolds, Nascent entrepreneurship and the level 

of economic development, Small Bus. Econ., 24 (2005), 293–309. https://doi.org/10.1007/s11187-

005-1994-8 

5. D. B. Audretsch, A. N. Link, Entrepreneurship and innovation: Public policy frameworks, J. 

Technol. Transf., 37 (2012), 1–17. https://doi.org/10.1007/s10961-011-9240-9 

6. B. Spigel, The relational organization of entrepreneurial ecosystems, Entrep. Theory Pract., 41 

(2017), 49–72. https://doi.org/10.1111/etap.12167 

7. E. Stam, Entrepreneurial ecosystems and regional policy: A sympathetic critique, Eur. Plan. Stud., 

23 (2015), 1759–1769. https://doi.org/10.1080/09654313.2015.1061484 

https://doi.org/10.1177/0971355716650362
https://doi.org/10.1007/s11187-018-0013-9
https://doi.org/10.1007/s10961-011-9240-9
https://doi.org/10.1111/etap.12167
https://doi.org/10.1080/09654313.2015.1061484


2721 

Journal of Industrial and Management Optimization                              Volume 22, Issue 6, 2697–2725. 

8. K. Hameed, K. Shahzad, N. Yazdani, Global incidences of inclusive entrepreneurial ecosystem: 

Conceptualization and measurement framework, J. Knowl. Econ., 14 (2023), 5033–5064. 

https://doi.org/10.1007/s13132-023-01427-1 

9. T. Hastie, R. Tibshirani, J. Friedman, The elements of statistical learning, Springer, 2009. 

https://doi.org/10.1007/978-0-387-84858-7 

10. D. W. E. Allen, The private governance of entrepreneurship: An institutional approach to 

entrepreneurial discovery, RMIT University, 2017. 

11. D. J. Isenberg, How to start an entrepreneurial revolution, Harvard Bus. Rev., 88 (2010), 40–50. 

12. E. Autio, L. Szerb, É. Komlósi, M. Tiszberger, The european index of digital entrepreneurship 

systems, JRC Technical Reports, 153 (2018), 39256. https://doi.org/10.2760/39256 

13. J. Gupta, N. R. Pouw, M. A. Ros-Tonen, Towards an elaborated theory of inclusive development, 

Eur. J. Dev. Res., 27 (2015), 541–559. https://doi.org/10.1057/ejdr.2015.30 

14. W. Easterly, J. Ritzen, R. Woolcock, Social cohesion, institutions, and growth, Econ. Politics, 18 

(2006), 103–120. https://doi.org/10.1111/j.1468-0343.2006.00165.x 

15. E. Brynjolfsson, T. Mitchell, D. Rock, What can machines learn and what does it mean for 

occupations and the economy? AEA Pap. Proc., 108 (2018), 43–47. 

https://doi.org/10.1257/pandp.20181019 

16. L. Einav, J. Levin, Economics in the age of big data, Science, 346 (2014), 1243089. 

https://doi.org/10.1126/science.1243089 

17. I. M. Cockburn, R. Henderson, S. Stern, The impact of artificial intelligence on innovation, 

National Bureau of Econ. Res., 2018. https://doi.org/10.3386/w24449 

18. S. L. Andresen, John mccarthy: Father of ai, IEEE Intell. Syst., 17 (2002), 84–85. 

https://doi.org/10.1109/MIS.2002.1039837 

19. S. Athey, G. W. Imbens, Machine learning methods that economists should know about, Annu. 

Rev. Econ., 11 (2019), 685–725. https://doi.org/10.1146/annurev-economics-080217-053433 

20. D. Chalmers, R. Matthews, A. Hyslop, Blockchain as an external enabler of new venture ideas: 

Digital entrepreneurs and the disintermediation of the global music industry, J. Bus. Res., 125 

(2021), 577–591. https://doi.org/10.1016/j.jbusres.2019.09.002 

21. N. Zhang, C. Y. Wu, Application of deep learning in career planning and entrepreneurship of 

college students, J. Comput. Methods Sci. Eng., 24 (2024), 2927–2942. 

https://doi.org/10.3233/JCM-247531 

22. E. Autio, M. Kenney, P. Mustar, D. Siegel, M. Wright, Entrepreneurial innovation: The 

importance of context, Res. Policy, 43 (2014), 1097–1108. 

https://doi.org/10.1016/j.respol.2014.01.015 

23. C. Steyaert, J. Katz, Reclaiming the space of entrepreneurship in society: geographical, discursive 

and social dimensions, Entrep. Reg. Dev., 16 (2004), 179–196.  

https://doi.org/10.1080/0898562042000197135 

24. T. Baker, R. E. Nelson, Creating something from nothing: Resource construction through 

entrepreneurial bricolage, Adm. Sci. Q., 50 (2005), 329–366. 

https://doi.org/10.2189/asqu.2005.50.3.329 

25. G. Daily, T. Söderqvist, S. Aniyar, K. Arrow, P. Dasgupta, P. R. Ehrlich, et al., The value of nature 

and the nature of value, Science, 289 (2000), 395–396. 

https://doi.org/10.1126/science.289.5478.395 

https://doi.org/10.1007/s13132-023-01427-1
https://doi.org/10.1007/978-0-387-84858-7
https://dx.doi.org/10.2760/39256
https://doi.org/10.1057/ejdr.2015.30
https://doi.org/10.1111/j.1468-0343.2006.00165.x
https://doi.org/10.1257/pandp.20181019
https://doi.org/10.1126/science.1243089
https://doi.org/10.3386/w24449
https://doi.org/10.1109/MIS.2002.1039837
https://doi.org/10.1146/annurev-economics-080217-053433
https://doi.org/10.1016/j.jbusres.2019.09.002
https://doi.org/10.3233/JCM-247531
https://doi.org/10.1016/j.respol.2014.01.015
https://doi.org/10.2189/asqu.2005.50.3.329
https://doi.org/10.1126/science.289.5478.395


2722 

Journal of Industrial and Management Optimization                              Volume 22, Issue 6, 2697–2725. 

26. P. Davidsson, J. H. Gruenhagen, Fulfilling the process promise: A review and agenda for new 

venture creation process research, Entrep. Theory Pract., 45 (2021), 1083–1118. 

https://doi.org/10.1177/1042258720930991 

27. G. George, T. Baker, P. Tracey, H. Joshi, Inclusion and innovation: A call to action, Handbook of 

Inclusive Innovation, 2 (2019), 2–22. https://doi.org/10.4337/9781786436016.00008 

28. N. C. Churchill, W. D. Bygrave, The entrepreneurship paradigm (ii): Chaos and catastrophes 

among quantum jumps? Entrep. Theory Pract., 14 (1990), 7–30. 

https://doi.org/10.1177/104225879001400203 

29. M. Obschonka, D. B. Audretsch, Artificial intelligence and big data in entrepreneurship: A new 

era has begun, Small Bus. Econ., 55 (2020), 529–539. https://doi.org/10.1007/s11187-019-00202-4 

30. D. A. Shepherd, A. Majchrzak, Machines augmenting entrepreneurs: Opportunities (and threats) 

at the nexus of artificial intelligence and entrepreneurship, J. Bus. Ventur., 37 (2022), 106227. 

https://doi.org/10.1016/j.jbusvent.2022.106227 

31. N. A. Ahmad, M. S. Rasul, N. Othman, N. A. Jalaludin, Generating entrepreneurial ideas for 

business development, Sustainability, 14 (2022), 4905. https://doi.org/10.3390/su14094905 

32. C. Allen, G. Metternicht, T. Wiedmann, Initial progress in implementing the sustainable 

development goals (sdgs): A review of evidence from countries, Sustain. Sci., 13 (2018), 1453–

1467. https://doi.org/10.1007/s11625-018-0572-3 

33. L. Dovleac, I. B. Chițu, E. Nichifor, G. Brătucu, Shaping the inclusivity in the new society by 

enhancing the digitainability of sustainable development goals with education, Sustainability, 15 

(2023), 3782. https://doi.org/10.3390/su15043782 

34. B. Kalkanci, M. Rahmani, L. B. Toktay, The role of inclusive innovation in promoting social 

sustainability, Prod. Oper. Manag., 28 (2019), 2960–2982. https://doi.org/10.1111/poms.13112 

35. B. Wurth, E. Stam, B. Spigel, Toward an entrepreneurial ecosystem research program, Entrep. 

Theory Pract., 46 (2022), 729–778. https://doi.org/10.1177/1042258721998948 

36. E. Liguori, C. Winkler, J. Vanevenhoven, D. Winkel, M. James, Entrepreneurship as a career 

choice: Intentions, attitudes, and outcome expectations, J. Small Bus. Entrep., 32 (2020), 311–

331. https://doi.org/10.1080/08276331.2019.1600857 

37. F. Sautet, Local and systemic entrepreneurship: Solving the puzzle of entrepreneurship and 

economic development, Entrep. Theory Pract., 37 (2013), 387–402. 

https://doi.org/10.1111/j.1540-6520.2011.00469.x 

38. E. Stam, A. V. Stel, Types of entrepreneurship and economic growth, Entrepreneurship, Innovation, 

and Economic Development, 3 (2011), 78–95. 

https://doi.org/10.1093/acprof:oso/9780199596515.003.0004 

39. S. W. Kwon, P. Arenius, Nations of entrepreneurs: A social capital perspective, J. Bus. Ventur., 25 

(2010), 315–330. https://doi.org/10.1016/j.jbusvent.2008.10.008 

40. A. Özmen, G. W. Weber, İ. Batmaz, E. Kropat, Rcmars: Robustification of cmars with different 

scenarios under polyhedral uncertainty set, Commun. Nonlinear Sci. Numer. Simul., 16 (2011), 

4780–4787. https://doi.org/10.1016/j.cnsns.2011.04.001 

41. J. P. Yang, M. J. Zhang, The value of entrepreneurship and the entrepreneurial ecosystem: 

Evidence from 265 cities in china, Growth Change, 52 (2021), 2256–2271. 

https://doi.org/10.1111/grow.12543 

42. Z. J. Acs, D. B. Audretsch, Handbook of entrepreneurship research, Springer New York, 2010. 

https://doi.org/10.1007/978-1-4419-1191-9 

https://doi.org/10.1177/1042258720930991
https://doi.org/10.4337/9781786436016.00008
https://doi.org/10.1007/s11187-019-00202-4
https://doi.org/10.1016/j.jbusvent.2022.106227
https://doi.org/10.3390/su14094905
https://doi.org/10.1007/s11625-018-0572-3
https://doi.org/10.3390/su15043782
https://doi.org/10.1111/poms.13112
https://doi.org/10.1177/1042258721998948
https://doi.org/10.1080/08276331.2019.1600857
https://doi.org/10.1111/j.1540-6520.2011.00469.x
https://doi.org/10.1093/acprof:oso/9780199596515.003.0004
https://doi.org/10.1016/j.jbusvent.2008.10.008
https://doi.org/10.1016/j.cnsns.2011.04.001
https://doi.org/10.1111/grow.12543
https://doi.org/10.1007/978-1-4419-1191-9


2723 

Journal of Industrial and Management Optimization                              Volume 22, Issue 6, 2697–2725. 

43. M. Iansiti, R. Levien, Strategy as ecology, Harvard Bus. Rev., 82 (2004), 68–78. 

44. H. V. D. Ven, The development of an infrastructure for entrepreneurship, J. Bus. Ventur., 8 (1993), 

211–230. https://doi.org/10.1016/0883-9026(93)90028-4 

45. S. A. Zahra, M. Wright, S. G. Abdelgawad, Contextualization and the advancement of 

entrepreneurship research, Int. Small Bus. J. 32 (2014), 479–500. 

https://doi.org/10.1177/0266242613519807 

46. M. S. Shahid, M. Hossain, S. Shahid, T. Anwar, Frugal innovation as a source of sustainable 

entrepreneurship to tackle social and environmental challenges, J. Clean. Prod., 406 (2023), 

137050. https://doi.org/10.1016/j.jclepro.2023.137050 

47. S. A. Brieger, D. De Clercq, J. Hessels, C. Pfeifer, Greater fit and a greater gap: How 

environmental support for entrepreneurship increases the life satisfaction gap between 

entrepreneurs and employees, Int. J. Entrep. Behav. Res., 26 (2020), 561–594. 

https://doi.org/10.1108/IJEBR-03-2019-0185 

48. M. Kolehmainen, Rethinking heteronormativity in relationship counseling, Lexington Books, 

(2019), 65. 

49. C. Volkmann, K. Fichter, M. Klofsten, D. B. Audretsch, Sustainable entrepreneurial ecosystems: 

An emerging field of research, Small Bus. Econ., 56 (2021), 1047–1055. 

https://doi.org/10.1007/s11187-019-00253-7 

50. R. Agarwal, D. Audretsch, M. B. Sarkar, Knowledge spillovers and strategic entrepreneurship, 

Strateg. Entrep. J., 4 (2010), 271–283. https://doi.org/10.1002/sej.96 

51. N. Bosma, J. Content, M. Sanders, E. Stam, Institutions, entrepreneurship, and economic growth 

in europe, Small Bus. Econ., 51 (2018), 483–499. https://doi.org/10.1007/s11187-018-0012-x 

52. P. Van Der Zwan, R. Thurik, I. Verheul, J. Hessels, Factors influencing the entrepreneurial 

engagement of opportunity and necessity entrepreneurs, Eurasian Bus. Rev., 6 (2016), 273–295. 

https://doi.org/10.1007/s40821-016-0065-1 

53. J. E. Amorós, C. Felzensztein, E. Gimmon, Entrepreneurial opportunities in peripheral versus core 

regions in chile, Small Bus. Econ., 40 (2013), 119–139. https://doi.org/10.1007/s11187-011-9349-0 

54. M. Minniti, M. Lévesque, Entrepreneurial types and economic growth, J. Bus. Ventur., 25 (2010), 

305–314. https://doi.org/10.1016/j.jbusvent.2008.10.002 

55. W. Naudé, Entrepreneurship, developing countries, and development economics: New 

approaches and insights, Small Bus. Econ., 34 (2010), 1–12. https://doi.org/10.1007/s11187-009-

9198-2 

56. J. M. P. Kansheba, A. E. Wald, Entrepreneurial ecosystems: A systematic literature review and 

research agenda, J. Small Bus. Enterp. Dev., 27 (2020), 943–964. https://doi.org/10.1108/JSBED-

11-2019-0364 

57. B. Spigel, R. Harrison, Toward a process theory of entrepreneurial ecosystems, Strateg. Entrep. 

J., 12 (2018), 151–168. https://doi.org/10.1002/sej.1268 

58. B. Feld, Startup communities: Building an entrepreneurial ecosystem in your city, Wiley, 2012. 

59. A. Pilková, Z. Jančovičová, Z. Kovačičová, Inclusive entrepreneurship in visegrad4 countries, 

Procedia Soc. Behav. Sci., 220 (2016), 312–320. https://doi.org/10.1016/j.sbspro.2016.05.504 

60. A. Vargas-Zeledon, S. Y. Lee, Configurations of institutional enablers that foster inclusive 

entrepreneurship: A fuzzy-set qualitative comparative analysis, J. Innov. Knowl., 9 (2024), 

100549. https://doi.org/10.1016/j.jik.2024.100549 

https://doi.org/10.1016/0883-9026(93)90028-4
https://doi.org/10.1177/0266242613519807
https://doi.org/10.1016/j.jclepro.2023.137050
https://doi.org/10.1108/IJEBR-03-2019-0185
https://doi.org/10.1007/s11187-019-00253-7
https://doi.org/10.1002/sej.96
https://doi.org/10.1007/s11187-018-0012-x
https://doi.org/10.1007/s40821-016-0065-1
https://doi.org/10.1007/s11187-011-9349-0
https://doi.org/10.1007/s11187-009-9198-2
https://doi.org/10.1007/s11187-009-9198-2
https://doi.org/10.1002/sej.1268
https://doi.org/10.1016/j.sbspro.2016.05.504


2724 

Journal of Industrial and Management Optimization                              Volume 22, Issue 6, 2697–2725. 

61. J. Du, J. Lu, Y. Jiang, Broaden the pathway to inclusive entrepreneurship: A transaction cost 

proposition, Entrep. Res. J., 13 (2023), 1169–1206. https://doi.org/10.1515/erj-2020-0077 

62. M. Obschonka, D. A. Grégoire, B. Nikolaev, F. Ooms, M. Lévesque, J. M. Pollack, et al., 

Artificial intelligence and entrepreneurship: A call for research to prospect and establish the 

scholarly ai frontiers, Entrep. Theory Pract., 49 (2025), 620–641. 

https://doi.org/10.1177/10422587241304676 

63. F. M. Fossen, T. McLemore, A. Sorgner, Artificial intelligence and entrepreneurship, Found. 

Trends Entrep., 20 (2024), 781–904. https://doi.org/10.1561/0300000130 

64. S. Çelik, Ö. F. Öztürk, U. Akkucuk, M. Ü. Şaşmaz, Global sustainability performance and 

regional disparities: A machine learning approach based on the 2025 sdg index, Sustainability, 17 

(2025), 7411. https://doi.org/10.3390/su17167411 

65. I. Blohm, T. Antretter, C. Sirén, D. Grichnik, J. Wincent, It’s a peoples game, isn’t it?! A 

comparison between the investment returns of business angels and machine learning algorithms, 

Entrep. Theory Pract., 46 (2022), 1054–1091. https://doi.org/10.1177/1042258720945206 

66. J. Kim, H. Kim, Y. Geum, How to succeed in the market? Predicting startup success using a 

machine learning approach, Technol. Forecast. Soc. Change., 193 (2023), 122614. 

https://doi.org/10.1016/j.techfore.2023.122614 

67. M. R. Bidgoli, I. R. Vanani, M. Goodarzi, Predicting the success of startups using a machine 

learning approach, J. Innov. Entrep., 13 (2024), 80. https://doi.org/10.1186/s13731-024-00436-x 

68. D. B. Audretsch, H. Rocha, S. Aggarwal, A. Bramanti, Do entrepreneurial ecosystems foster 

sustainable development? Int. Entrep. Manag. J., 20 (2024), 1–37. 

https://doi.org/10.1007/s11365-023-00916-8 

69. S. Mullainathan, J. Spiess, Machine learning: An applied econometric approach, J. Econ. 

Perspect., 31 (2017), 87–106. https://doi.org/10.1257/jep.31.2.87 

70. A. Özmen, E. Kropat, G. W. Weber, Spline regression models for complex multi-modal 

regulatory networks, Optim. Methods Softw., 29 (2014), 515–534. 

https://doi.org/10.1080/10556788.2013.821611 

71. J. M. Wooldridge, Econometric analysis of cross section and panel data, MIT Press, 2010. 

72. B. H. Baltagi, Econometric analysis of panel data, Springer Nature Link, 4 (2008), 135–145. 

73. W. H. Greene, The econometric approach to efficiency analysis, Oxford Academic, 1 (2008), 92–

250. https://doi.org/10.1093/acprof:oso/9780195183528.003.0002 

74. T. Q. Chen, C. Guestrin, Xgboost: A scalable tree boosting system, ACM, 10 (2016), 785–794. 

https://doi.org/10.1145/2939672.2939785 

75. L. Aisenberg, S. Heikkilä, A. Noya, F. Santos, Boosting social entrepreneurship and social 

enterprise development in the netherlands: In-depth policy review, OECD Publ., 1 (2019). 

76. G. Biau, E. Scornet, A random forest guided tour, Springer Nature Link, 25 (2016), 197–227. 

https://doi.org/10.1007/s11749-016-0481-7 

77. J. Franklin, The elements of statistical learning: Data mining, inference and prediction, Springer 

Nature Link, 27 (2005), 83–85. https://doi.org/10.1007/978-0-387-84858-7 

78. D. B. Audretsch, M. Belitski, Entrepreneurial ecosystems in cities: Establishing the framework 

conditions, J. Technol. Transf., 42 (2017), 1030–1051. https://doi.org/10.1007/s10961-016-9473-8 

79. D. Spatharakis, I. Dimolitsas, E. Vlahakis, D. Dechouniotis, N. Athanasopoulos, P. Papavassiliou, 

Distributed resource autoscaling in kubernetes edge clusters, CNSM 2022, 2022, 163–169. 

https://doi.org/10.23919/CNSM55787.2022.9965056 

https://doi.org/10.1515/erj-2020-0077
https://doi.org/10.1177/10422587241304676
https://doi.org/10.1561/0300000130
https://doi.org/10.3390/su17167411
https://doi.org/10.1177/1042258720945206
https://doi.org/10.1016/j.techfore.2023.122614
https://doi.org/10.1007/s11365-023-00916-8
https://doi.org/10.1257/jep.31.2.87
https://doi.org/10.1080/10556788.2013.821611
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1007/s11749-016-0481-7
https://doi.org/10.1007/s10961-016-9473-8
https://doi.org/10.23919/CNSM55787.2022.9965056


2725 

Journal of Industrial and Management Optimization                              Volume 22, Issue 6, 2697–2725. 

80. K. Chowdhury, Cultural norms and their effect on entrepreneurial endeavors: perspectives from 

bangladesh, J. Dev. Entrep., 29 (2024), 2450007. https://doi.org/10.1142/S1084946724500079 

81. C. G. Brush, A. De Bruin, F. Welter, A gender-aware framework for women’s entrepreneurship, 

Int. J. Gend. Entrep., 1 (2009), 8–24. https://doi.org/10.1108/17566260910942318 

82. S. Estrin, Z. X. Liang, D. Shapiro, M. Carney, State capitalism, economic systems and the 

performance of state owned firms, Acta Oecon., 69 (2019), 175–193. 

https://doi.org/10.1556/032.2019.69.s1.11 

83. U. Stephan, Cross-cultural innovation and entrepreneurship, Annu. Rev. Organ. Psychol. Organ. 

Behav., 9 (2022), 277–308. https://doi.org/10.1146/annurev-orgpsych-012420-091040 

84. C. Y. Liu, L. Ye, B. Feng, Migrant entrepreneurship in china: Entrepreneurial transition and firm 

performance, Small Bus. Econ., 52 (2019), 681–696. https://doi.org/10.1007/s11187-017-9979-y 

85. P. Schade, M. C. Schuhmacher, Predicting entrepreneurial activity using machine learning, J. Bus. 

Ventur. Insights, 19 (2023), e00357. https://doi.org/10.1016/j.jbvi.2022.e00357 

86. A. Özmen, E. Kropat, G. W. Weber, Robust optimization in spline regression models for multi-

model regulatory networks under polyhedral uncertainty, Optimization, 66 (2017), 2135–2155. 

https://doi.org/10.1080/02331934.2016.1209672 

87. P. Taylan, G. W. Weber, A. Beck, New approaches to regression by generalized additive models 

and continuous optimization for modern applications in finance, science and technology, 

Optimization, 56 (2007), 675–698. https://doi.org/10.1080/02331930701618740 

88. M. Graczyk-Kucharska, G. S. Erickson, A person-organization fit model of generation z: 

Preliminary studies, J. Entrep. Manag. Innov., 16 (2020), 149–176. 

https://doi.org/10.7341/20201645 

89. J. D. Angrist, J. S. Pischke, Mostly harmless econometrics: An empiricist’s companion, Princeton 

University Press, 2009. https://doi.org/10.1515/9781400829828 

 

© 2026 the Author(s), licensee AIMS Press. This is an open access 

article distributed under the terms of the Creative Commons 

Attribution License (https://creativecommons.org/licenses/by/4.0) 

https://doi.org/10.1142/S1084946724500079
https://doi.org/10.1108/17566260910942318
https://doi.org/10.1556/032.2019.69.s1.11
https://doi.org/10.1146/annurev-orgpsych-012420-091040
https://doi.org/10.1007/s11187-017-9979-y
https://doi.org/10.1080/02331934.2016.1209672
https://doi.org/10.1080/02331930701618740
https://doi.org/10.7341/20201645
https://doi.org/10.1515/9781400829828

