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Abstract
This study explores the application of Artificial Intelligence (AI) and fuzzy logic as innovative methodological tools in management, specifically within the context of entrepreneurial crowdfunding. By simulating a dynamic model of entrepreneurial self-efficacy (ESE), we investigate how digital crowdfunding platforms influence entrepreneurs' confidence and decision-making processes. Our research bridges gaps in behavioral operational research (BOR) by integrating fuzzy logic to model the uncertainty and subjectivity inherent in entrepreneurial cognition. Findings highlight the pivotal role of cognitive biases, such as overconfidence, in shaping ESE within Tunisia's crowdfunding landscape. This work contributes to the emerging field of behavioral entrepreneurial finance, offering practical insights for policymakers and platform designers to enhance engagement and funding outcomes. As one of the first studies to combine fuzzy logic simulation with crowdfunding dynamics, it opens new avenues for understanding the interplay between digital finance and entrepreneurial psychology.
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1. Introduction
The creation of new entrepreneurial ventures is widely recognized today as a key driver of economic growth and innovation. As such, it has become a central concern for both developed and emerging economies seeking to stimulate job creation and competitiveness (Kuratko, 2005; OECD, 2021). However, one of the most persistent challenges faced by new and aspiring entrepreneurs is access to financing. When internal resources are insufficient, entrepreneurs must turn to external sources of capital yet traditional financing channels often prove difficult to access, especially for early-stage ventures (Bradford, 2012).
In this context, the rise of the internet and digital platforms has transformed how individuals and organizations mobilize collective intelligence. In particular, the emergence of crowdfunding platforms (digital spaces where entrepreneurs pitch their projects to a wide audience of potential micro-investors ) has opened up new avenues for entrepreneurial finance (Belleflamme, Lambert, & Schwienbacher, 2014). By reducing information asymmetry and transaction costs, the web allows more efficient matching between entrepreneurs and supporters (Agrawal, Catalini, & Goldfarb, 2013). These platforms also offer entrepreneurs enhanced visibility and the opportunity to engage in community-based validation of their ideas.
Beyond the technical or financial aspects, entrepreneurial self-efficacy (ESE) (defined as an individual's belief in their ability to successfully perform entrepreneurial tasks) plays a critical role in entrepreneurial behavior (Zhao, Seibert, & Hills, 2005). Research has shown that ESE significantly influences entrepreneurial intentions, persistence, and ultimately the success of a venture (Wilson, Kickul, & Marlino, 2007). Yet, few studies have explored how new forms of digital finance, such as crowdfunding, can interact with and potentially shape an entrepreneur’s self-efficacy.
In light of these gaps, our study introduces an innovative methodological approach by simulating a dynamic model of entrepreneurial self-efficacy using tools from fuzzy logic and fuzzy set theory. This simulation allows us to model the uncertainty, ambiguity, and subjectivity inherent in human cognition, elements that are particularly relevant in entrepreneurial decision-making.
To our knowledge, this research is among the first to integrate fuzzy logic simulation with crowdfunding dynamics, offering a novel contribution to the behavioral science of entrepreneurial finance. Through this exploratory work, we aim to better understand how digital environments can support or hinder the psychological dimensions of entrepreneurship, especially in emerging markets such as Tunisia.
2. Literature review
2.1. Entrepreneurial Self-Efficacy: A Complex and Contextual Cognitive Belief
Entrepreneurial self-efficacy (ESE) refers to the belief individuals hold about their ability to successfully execute tasks associated with entrepreneurial activity (Chen, Greene, & Crick, 1998; McGee et al., 2009). Unlike general self-efficacy, which applies broadly across contexts, ESE is embedded in specific entrepreneurial domains and situations. It has been repeatedly linked to stronger entrepreneurial intention and greater resilience in the face of uncertainty or failure (Wilson, Kickul, & Marlino, 2007; Drnovšek, Wincent, & Cardon, 2010).
Bandura (1997) proposed four principal sources that shape this belief: enactive mastery experiences, vicarious learning, verbal persuasion, and physiological or affective states. This framework has since been extended to reflect the multidimensional nature of ESE, which varies depending on the type of entrepreneurial activity, such as opportunity recognition, resource mobilization, or dealing with uncertainty (McGee et al., 2009). Within the crowdfunding context, these dimensions take on particular relevance, as entrepreneurs must not only design and launch a campaign but also tell compelling stories, build social proof, and generate emotional engagement.
2.2. Crowdfunding as a Catalyst for Entrepreneurial Agency
Crowdfunding platforms have emerged as powerful enablers of entrepreneurial projects, providing an alternative to traditional financing mechanisms. By allowing direct access to a crowd of potential investors, these platforms help overcome early-stage funding barriers (Belleflamme, Lambert, & Schwienbacher, 2014). Beyond their financial function, they also create new dynamics of visibility, trust-building, and collective validation, where emotional resonance and narrative quality play an essential role (Block, Colombo, Cumming, & Vismara, 2018).
In this context, the entrepreneur's self-efficacy becomes a central factor in campaign success. Research shows that the ability to mobilize a community, communicate with authenticity, and convey personal confidence strongly influences funding outcomes (Macht & Weatherston, 2014). Crowdfunding platforms, therefore, act not only as funding intermediaries but also as psychological spaces that shape and reflect the entrepreneur’s sense of agency and competence.
2.3. Modeling Entrepreneurial Dynamics Beyond Conventional Boundaries
Traditional research methods often struggle to capture the cognitive complexity and emotional nuance of entrepreneurial behavior. In response, management scholars have increasingly turned to alternative approaches like fuzzy logic (Zadeh, 1975), which allows for the modeling of vagueness, subjectivity, and linguistic uncertainty. This is especially useful for representing constructs such as self-efficacy, which are based more on perception and belief than on quantifiable traits.
Although fuzzy systems have been widely applied in fields such as risk management (Ross, 2010), multi-criteria decision-making (Kahraman, Özdemir, & Tolga, 2007), and consumer behavior (Chen & Hwang, 2017), their application in entrepreneurship (  and ESE in particular )  remains rare. The current study seeks to contribute to this emerging niche by integrating fuzzy inference models to simulate entrepreneurial cognition in digital environments like crowdfunding platforms. This methodological shift aligns with the growing field of Behavioral Operational Research (BOR), which aims to bridge decision science and cognitive realism (Kunc, Malpass, & White, 2016).
2.4. A Middle Path: Simulation Between Numbers and Narratives
The simulation method used in this research breaks away from the conventional binary between quantitative and qualitative approaches. It does not rely on statistical modeling nor on interpretative storytelling alone. Instead, it adopts a hybrid methodology based on fuzzy logic, capable of processing subjective or ambiguous variables ( such as trust, perception of competence, or entrepreneurial intention ) by translating them into a system of interpretable inference rules.
This approach, inspired by BOR principles, makes it possible to retain the complexity of human cognition while achieving a structured, replicable form of analysis (Kunc et al., 2016). Rather than forcing simplification, the fuzzy system accommodates uncertainty, allows for gradation in perception, and models interactions that are dynamic and contextual. For constructs like ESE, this is particularly valuable, as it offers a simulation method that reflects the fluctuating, often non-binary nature of entrepreneurial confidence.
2.5. The Contribution of Behavioral Operational Research (BOR)
Behavioral Operational Research (BOR) is an emerging subfield that blends insights from psychology, artificial intelligence, and operations research to account for the cognitive, emotional, and behavioral components of decision-making (Kunc, Malpass, & White, 2016). It challenges the assumptions of perfect rationality found in traditional models and incorporates more realistic portrayals of how people make choices under uncertainty and cognitive pressure.
BOR embraces the messiness of human decision-making (including overconfidence, bias, and heuristics) and translates them into analytical frameworks using tools like fuzzy cognitive maps, expert systems, and agent-based models (Hämäläinen, Luoma, & Saarinen, 2013). In this study, BOR offers a conceptual foundation for simulating ESE in a way that is both scientifically rigorous and psychologically credible. Through fuzzy logic, the model captures how entrepreneurs evaluate their own capacities, interpret external feedback, and adjust their behavior over time, all within the iterative environment of crowdfunding.
2.6. Fuzzy Theory: Modeling Human-Like Reasoning under Uncertainty
Originally introduced by Lotfi Zadeh in 1975, fuzzy theory has emerged as a powerful framework for modeling human reasoning in the face of vagueness, ambiguity, and imprecision (Zadeh, 1975). Unlike classical logic, which relies on binary true/false distinctions, fuzzy logic allows for partial truths and graded membership, enabling a more nuanced representation of real-world phenomena. This approach has found wide-ranging applications in engineering, artificial intelligence, social sciences, and management research (Chaudhuri, De, & Chatterjee, 2009; Ross, 2010).
Fuzzy logic is grounded in the concept of fuzzy sets, which extend traditional ("crisp") set theory by allowing elements to belong to a set with varying degrees of membership, typically expressed on a scale from 0 to 1 (Zadeh, 1984). In contrast to classical set theory ( where an object either belongs to a set or not ) fuzzy sets acknowledge the gradations in human perception and language. For instance, descriptors such as “tall,” “fast,” or “likely” do not correspond to fixed thresholds but vary by context, culture, and personal interpretation (Zimmermann, 2001).
This flexibility makes fuzzy systems particularly well-suited for decision-making environments characterized by uncertainty and qualitative data, where human-like reasoning is required (Dubois & Prade, 1997; Kahraman, Öztayşi, & Tolga, 2010). As a result, fuzzy logic has become an essential tool in multi-criteria decision-making (MCDM), behavioral modeling, and intelligent systems design, offering a bridge between human cognitive ambiguity and computational precision (Chen & Hwang, 2017; Dursun & Karsak, 2010).
3.  Methodology
3.1. Research Design and Simulation Approach
This research adopts an Artificial Intelligence–based simulation approach grounded in fuzzy logic theory. Rather than employing traditional quantitative or qualitative methodologies, our study aligns with the growing body of work in Behavioral Operational Research (BOR), which emphasizes the modeling of complex human behaviors through computational techniques (Franco & Hämäläinen, 2016). Our central contribution lies in the design of a fuzzy inference system that simulates the dynamic evolution of entrepreneurial self-efficacy (ESE) in the context of crowdfunding and entrepreneurial finance.
The Fuzzy Logic Toolbox™ of MATLAB   was employed to construct and test the simulation model. Fuzzy logic is particularly suited for representing ambiguous, linguistic, and qualitative variables ( such as confidence, fear of failure, or perceived feasibility) that are commonly encountered in entrepreneurship research (Zadeh, 1975; Kahraman, 2008). By translating subjective perceptions into fuzzy membership functions, we were able to model the non-linear and adaptive nature of ESE across different funding scenarios.
This methodological stance offers a non-classical lens in management sciences, allowing the capture of human-centered reasoning and uncertainty often overlooked in conventional statistical models (Chai & Liu, 2011). It also enables us to test hypothetical interactions between psychological variables and external stimuli (e.g., crowdfunding signals), providing a flexible platform for behavioral experimentation.
3.2. Participants and Data Collection
To calibrate the fuzzy system and inform its linguistic rule base, empirical data were collected via a structured survey administered to a sample of 120 recent university graduates in Tunisia. These individuals were selected purposively for their entrepreneurial potential and exposure to digital finance tools. The interviews were conducted face-to-face between March and April 2025, with each session lasting between 20 and 30 minutes.
The questionnaire explored variables such as perceived entrepreneurial ability, financial risk tolerance, platform trust, and motivation for using crowdfunding. The linguistic responses were then translated into fuzzy variables and used to build the knowledge base of the fuzzy inference engine. This hybrid approach (empirical data supporting simulation) provides both behavioral grounding and computational rigor (Tseng & Lin, 2009).
4. Results 
4.1. Fuzzy inference systems
A fuzzy inference system is a framework designed to manage information from inputs to produce desired outputs (Mathworks, 2007). the fuzzy inference system is known by a number of names, such as fuzzy-rule-based system, fuzzy expert system, fuzzy model, fuzzy associative memory, fuzzy logic controller, and simply or ambiguously fuzzy system (Mathworks, 2007). This system is based on three steps: fuzzyfication, fuzzy inference and defuzzyfication. a wide description of this can be found in Ross (2004). The fuzzyfication means that the real variables are transferred on linguistic variables.
After the fuzzyfication the fuzzy inference defines the behavior of system by means of rules based on the three main standard fuzzy set operations: AND (conjunction, intersection), OR (disjunction, union) and NOT (negation, complementation).
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Figure 1: Fuzzy logic operators
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Figure 2: Fuzzy inference system
4.2.The defuzzification
Step transfers the results of fuzzy inference on the output variable that describes the results verbally. In general, there are five built-in defuzzification methods supported (Ross, 2004): centroid, bisector, middle of maximum, largest of maximum, and smallest of maximum.







4.3.Fuzzy inference diagram
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Figure 3: Fuzzy inference diagram for the Entrepreneurial Intention 

The Fuzzy inference diagram is a very compact way of showing everything at once, from linguistic variable fuzzification all the way through defuzzification of the aggregate output (Mathworks, 2007). There are two types of fuzzy inference systems that can be implemented in the Fuzzy Logic Toolbox: Mamdani type and Sugeno type (Roger & Gulley, 1995). 
[image: Capture5]
Figure 4: Synthesizing our integrative model of determinants of of entrepreneurial self-efficacy via crowdfunding platforms

4.4. Description of the model: fuzzy rules and membership functions 
All the implementations and testing was carried out using the Matlab  programming. Rules should cover every possible combination of variables. A rule from Table 1 above can be extracted as: If (Entrepreneurial skills = Yes) and (sur-confiance = Yes) and (RS_crowdfunding = Yes) and … and (Gender = Female) and (Occupation = not working) then (Entrepreneurial self efficacy = High).
Once the rules have been defined, all the variables, including the output variable, must be scaled. To do this, we have used the Matlab Fuzzy Logic Toolbox 8.2 .Figure 3 shows how the Entrepreneurial self-efficacy determinations arise from the first seven rules. The five vertical lines that cut through all seven rules are the scores for.
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Figure 5: Example of Triangular Membership Function

Finally, we can see the output surfaces in terms of the inputs covering both the whole input space and the whole output space, in order to show the interaction between inputs and outputs. In the following figure, we can observe how a determinate value of two input values affects the one output; it’s very useful because just with one view we can see the interaction. Since this is a two-input one-output case, we can see the entire mapping as three-dimensional plots and it helps us to improve the fuzzy rules if some characteristic of performance isn’t right. An example of this shape is shown below by considering entrepreneurial skills and financial skills as inputs and Entrepreneurial Self efficacy as output figure 6.
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Figure 6: Surface viewer for the Entrepreneurial self-efficacy via crowdfunding platforms with two inputs
5.Conclusion 
This study has developed and simulated a dynamic model of entrepreneurial self-efficacy (ESE) through crowdfunding platforms using fuzzy logic theory. By mobilizing tools from artificial intelligence, particularly fuzzy set theory, we offer an innovative methodological framework that captures the cognitive and emotional nuances of entrepreneurs engaging with digital finance platforms.
Our findings highlight the central role of cognitive biases, particularly overconfidence, as a determinant of entrepreneurial self-efficacy in the context of crowdfunding in Tunisia. This echoes prior research emphasizing that entrepreneurial intentions are among the most reliable predictors of entrepreneurial behavior (Krueger, Reilly, & Carsrud, 2000). By modeling imprecise, subjective factors with fuzzy logic, we provide a more flexible and psychologically realistic approach to understanding entrepreneurial decision-making under uncertainty.
This work contributes to the emerging field of behavioral entrepreneurial finance, by integrating Behavioral Operational Research (BOR) methods into the study of crowdfunding dynamics (Kunc, Malpass, & White, 2016). From a practical perspective, our simulation can support policymakers and platform designers in optimizing engagement and financial contributions, by identifying psychological levers that can be enhanced through communication and platform design.
Future research may enhance this exploratory model by incorporating additional behavioral and contextual variables, and refining the fuzzy inference system with cognitive mapping techniques or hybrid AI approaches. Such improvements would strengthen the explanatory power of the model and provide even richer insights into how digital ecosystems influence entrepreneurial trajectories.
As one of the first studies to simulate ESE through crowdfunding using fuzzy logic, this research opens new avenues for exploring the interplay between digital finance and entrepreneurial cognition, an increasingly vital area for both scholars and practitioners.
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