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Abstract: The rapid advancement of artificial intelligence (Al) has fundamentally transformed business environments, reshaping
how entrepreneurs identify, evaluate, and exploit opportunities. This study investigates the influence of Al on entrepreneurial
decision-making, drawing on theoretical perspectives from bounded rationality, effectuation, and digital entrepreneurship. Using a
mixed-methods approach, the research integrates insights from semi-structured interviews with technology-driven entrepreneurs
and a structured survey of 250 small and medium-sized enterprises (SMEs) across diverse sectors. The findings reveal that Al
enhances entrepreneurs’ ability to process complex datasets, predict market trends, and mitigate risks, thereby improving strategic
choices. However, reliance on Al also introduces new challenges, including algorithmic biases, overdependence on automated tools,
and ethical concerns regarding data usage. The study contributes conceptually by situating Al as both an enabler and a disruptor
within entrepreneurial ecosystems, theoretically by extending decision-making models to account for Al-driven augmentation, and
empirically by providing evidence of Al'’s tangible effects on entrepreneurial performance. In doing so, it addresses key research
gaps in the intersection of Al and entrepreneurship, offering nuanced insights into how technology complements, rather than
replaces, human judgment. The implications are twofold: for entrepreneurs, the study underscores the importance of balancing Al
adoption with critical human oversight; for policymakers and ecosystem stakeholders, it highlights the need to develop regulatory
frameworks and training initiatives that foster responsible Al integration. Ultimately, this research enriches contemporary debates
on digital transformation and offers a pathway for future studies exploring the socio-technical dynamics of Al in entrepreneurial
practice.
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Introduction

Entrepreneurship has always been defined by decision-making under conditions of uncertainty, where limited information, resource
constraints, and unpredictable environments compel entrepreneurs to rely on judgment, creativity, and experience. Classic works in
entrepreneurship theory, such as those by Knight (1921) and Schumpeter (1934), already positioned entrepreneurial action as
inherently risky and innovative. More recent perspectives, such as Sarasvathy’s (2001) effectuation theory, emphasize how
entrepreneurs use heuristics, experimentation, and available means to shape opportunities rather than simply discovering them.
However, the decision landscape of entrepreneurs has been transformed dramatically in the twenty-first century by the increasing
availability of data and the emergence of artificial intelligence (Al). Al is not merely another technological tool; it represents a new
mode of augmenting and, in some instances, substituting human cognitive processes. Capabilities such as machine learning, natural
language processing, neural networks, predictive analytics, and generative Al are increasingly embedded in entrepreneurial
ecosystems, from opportunity recognition to customer engagement, risk evaluation, product development, and strategic growth.

Despite this growing influence, scholarly understanding of how Al is reshaping entrepreneurial decision-making remains
fragmented. On one hand, practitioners and industry reports highlight the promises of Al in improving accuracy, accelerating
strategic choices, personalizing customer experiences, and enabling more innovative products and services (Nambisan, Wright, &
Feldman, 2019; Lévesque, Obschonka, & Nambisan, 2022; Attah & Anaba, 2025). Empirical studies such as Al-Mamary (2025)
have shown that Al-enabled decision support, risk mitigation, and innovation exert significant positive effects on entrepreneurial
performance. On the other hand, certain capabilities automation and customer experience in the same study were not found to have
clear benefits, raising questions about the contexts and conditions under which Al adoption truly enhances decisions. Additionally,
newer experiments such as the Reasoning-Based Al for Startup Evaluation (Preuveneers et al., 2025; Lamidi & Attah, 2025) show
promise in combining large language models with interpretable rules for venture assessment, but these approaches remain nascent
and largely untested outside experimental settings. The tension between optimistic narratives of Al as a decision-enhancer and the
more cautious findings of empirical work highlights a knowledge gap that must be systematically addressed.

The problem is not only the mixed evidence but also the lack of integrative frameworks that capture how Al influences different
types of entrepreneurial decisions across contexts. Entrepreneurial decision-making is highly heterogeneous: what matters for a
founder in a nascent technology startup may differ markedly from what matters for a small family business or a social enterprise in
a resource-constrained environment. The role of Al tools in early-stage idea validation, for example, may differ from their role in
scaling operations or managing international expansion. Yet existing studies often focus on one sector, one stage of the venture
lifecycle, or a narrow dimension of Al, leaving broader theoretical and practical questions unanswered. There is also the matter of
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human-Al interaction: how do entrepreneurs perceive these systems, how much do they trust them, and how do issues of
explainability, algorithm aversion, or ethical considerations shape adoption? In addition, while most studies measure success in terms
of financial performance, entrepreneurial outcomes are multi-dimensional and include innovation, sustainability, survival, social
impact, and personal satisfaction. The potential unintended consequences of Al such as over-reliance, bias, reduced creativity, or
ethical risks are still underexplored.

Against this backdrop, the present study seeks to examine the influence of artificial intelligence on entrepreneurial decision-making
in @ more holistic manner. Its primary objective is to map the various capabilities of Al decision support, predictive analytics,
automation, generative intelligence, and customer insight onto entrepreneurial decision processes, while also analyzing the
moderating role of contextual factors such as venture stage, industry, geography, and regulatory environment. Another important
aim is to explore the cognitive dimension of human-Al interaction by investigating how entrepreneurs interpret, trust, and incorporate
Al outputs into their judgments. Furthermore, this study will evaluate both the intended outcomes, such as improved efficiency and
innovation, and the unintended ones, such as ethical risks and over-dependence. By adopting this multi-dimensional approach, the
research hopes to generate insights that are both theoretically valuable and practically actionable for entrepreneurs, investors,
policymakers, and educators.

The significance of such a study lies in the fact that entrepreneurship remains a cornerstone of economic development, job creation,
and innovation worldwide, and decision quality is often the key differentiator between success and failure. As digital transformation
accelerates, entrepreneurs who can leverage Al effectively will likely enjoy competitive advantages in recognizing opportunities,
navigating risks, and designing resilient business models. At the same time, without careful examination of the limitations and risks,
there is a danger that entrepreneurs may misapply Al, rely on opaque algorithms without critical reflection, or face backlash due to
ethical and privacy concerns. By filling gaps in existing literature, this study not only contributes to theoretical debates on decision-
making and technological adoption but also provides practical guidelines for fostering responsible, context-sensitive, and outcome-
oriented use of Al in entrepreneurial practice.

Ultimately, this introduction establishes the rationale for the study: while Al holds undeniable potential to augment entrepreneurial
decision-making, the mechanisms, boundaries, and consequences of this transformation are insufficiently understood. Through a
comprehensive and integrative inquiry, this research aims to provide clarity on how Al can be most effectively and ethically deployed
to enhance entrepreneurial outcomes in diverse contexts.

Literature Review

Conceptual Framework

Acrtificial intelligence (Al) has emerged as one of the most transformative technological innovations of the twenty-first century,
influencing virtually every sector of the global economy. In the context of entrepreneurship, Al can be understood conceptually as a
set of computational capabilities that extend, augment, or even substitute the human cognitive processes involved in identifying,
evaluating, and exploiting opportunities. The conceptual framework for studying the influence of Al on entrepreneurial decision-
making must therefore map out three interrelated dimensions: (1) the nature of entrepreneurial decision-making, (2) the capabilities
and applications of Al relevant to entrepreneurial contexts, and (3) the mechanisms through which Al and entrepreneurship intersect
to influence outcomes.

Entrepreneurial Decision-Making

Entrepreneurial decision-making is widely regarded as distinct from managerial or routine organizational decision-making.
Entrepreneurs operate in conditions of heightened uncertainty, often without sufficient information or established rules of thumb
(Knight, 1921; McMullen & Shepherd, 2006). Decisions are not merely about optimizing within known parameters but about acting
under uncertainty, where probabilities of outcomes cannot be easily assigned (Alvarez & Barney, 2007). Sarasvathy’s (2001)
effectuation theory captures the essence of entrepreneurial decisions as non-predictive, iterative, and based on available means rather
than fixed ends. Similarly, Busenitz and Barney (1997) highlight the reliance of entrepreneurs on cognitive heuristics and biases,
which can both facilitate rapid action and generate errors. More recently, studies such as Shepherd, Williams, and Patzelt (2015)
emphasize the emotional and experiential aspects of entrepreneurial decision-making.

Within this conceptualization, decision-making can be categorized along several dimensions: opportunity recognition (identifying
new possibilities), evaluation (assessing feasibility and desirability), resource mobilization (deciding how to acquire and allocate
resources), risk management (anticipating and mitigating uncertainties), and strategic growth (deciding when and how to expand).
Each of these decision types involves cognitive complexity and, increasingly, data-driven considerations. This makes
entrepreneurship an ideal domain for Al applications, as Al can process large datasets, reveal patterns, generate forecasts, and reduce
some of the uncertainty that entrepreneurs face.
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Al Capabilities and Entrepreneurial Relevance

Al encompasses a wide range of tools and techniques, including machine learning, deep learning, natural language processing,
computer vision, generative Al, and reinforcement learning (Jordan & Mitchell, 2015). Conceptually, these tools can be grouped
into several categories of capabilities relevant to entrepreneurs:

1. Decision Support and Predictive Analytics — Al can help entrepreneurs forecast demand, identify market trends, assess
credit risk, and evaluate investment opportunities. For instance, predictive algorithms can analyze customer data to
anticipate preferences, enabling more informed product development and marketing strategies (Brynjolfsson & McAfee,
2017; Al-Mamary, 2025).

2. Automation of Routine Decisions — Repetitive and operational decisions, such as inventory management, customer
service, and financial reporting, can be automated through Al-driven systems, allowing entrepreneurs to focus on higher-
order strategic choices (Davenport & Ronanki, 2018; Anekwe et al, 2018).

3. Generative Intelligence and Creativity Support — Generative Al tools, such as large language models and generative
design systems, can support idea generation, business model innovation, and content creation, thereby influencing the
creative dimensions of entrepreneurship (Dwivedi et al., 2023; Attah & Lamidi, 2025).

4. Risk Management and Mitigation — Al can identify potential risks by analyzing diverse datasets, including financial
indicators, consumer sentiment, and environmental signals. This has implications for entrepreneurs navigating volatile
environments (Zhang et al., 2021).

5. Customer Insight and Personalization — By processing behavioral data, Al enables highly personalized customer
experiences, which can influence entrepreneurial strategies in e-commerce, digital services, and beyond (Lévesque et al.,
2022).

Together, these capabilities suggest that Al can function as a cognitive partner in entrepreneurial decision-making. Yet this
partnership is not seamless, as it depends on the entrepreneur’s skills, trust in Al systems, and contextual constraints.

Mechanisms of Interaction between Al and Entrepreneurial Decision-Making
Conceptually, the integration of Al into entrepreneurial decision-making can occur through several mechanisms:

e Augmentation — Al supports human decision-making by providing additional insights, forecasts, or analyses, which
entrepreneurs integrate into their judgment. This is particularly relevant in opportunity recognition and market evaluation
(Nambisan et al., 2019).

e  Substitution — In some cases, Al may take over certain decisions, particularly routine operational ones. For example, Al
chatbots may replace entrepreneurs in handling customer inquiries, reducing the burden of repetitive decisions (Davenport
& Ronanki, 2018).

e Transformation — Al not only supports or substitutes decisions but also transforms the very nature of decision-making by
enabling new possibilities. For instance, Al-enabled business models, such as algorithm-driven marketplaces or platform-
based gig economies, represent decisions that would not exist without Al (von Briel, Davidsson, & Recker, 2018).

These mechanisms highlight that Al does not influence entrepreneurship in a uniform way; rather, it interacts with existing cognitive,
organizational, and ecosystemic dynamics. Importantly, entrepreneurs are not passive recipients of Al tools; they actively interpret,
adapt, and sometimes resist or modify these technologies based on their values, competencies, and perceived risks (von Krogh,
Haefliger, & Welsum, 2021).

Conceptual Gaps

Despite the rapid rise of Al applications, conceptual clarity is still lacking in several respects. First, much of the literature remains
siloed, focusing either on technology adoption in general (Venkatesh et al., 2003) or on entrepreneurship without fully integrating
Al into the unique logics of entrepreneurial action. Second, there is insufficient attention to the heterogeneity of entrepreneurs: how
solo entrepreneurs, high-growth startups, or family firms differently conceptualize and adopt Al. Third, the ethical, interpretability,
and bias issues that shape Al adoption in entrepreneurial contexts remain conceptually underdeveloped (Raisch & Krakowski, 2021).

Theoretical Framework

The study of how artificial intelligence (Al) influences entrepreneurial decision-making benefits from grounding in established
theoretical perspectives that explain both entrepreneurial behavior and technological adoption. A sound theoretical framework not
only guides the research design but also situates the inquiry within broader scholarly debates, enabling cumulative knowledge
development. In this section, four major strands of theory are reviewed: (1) entrepreneurship and decision-making theories, (2)
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technology adoption and diffusion theories, (3) resource- and capability-based perspectives, and (4) socio-cognitive and institutional
theories. Each provides a lens through which the integration of Al into entrepreneurial decision-making can be analyzed.

Entrepreneurship and Decision-Making Theories

Entrepreneurial decision-making has long been characterized by uncertainty, bounded rationality, and the reliance on heuristics.
Knight’s (1921) seminal work distinguished between risk, where probabilities are known, and uncertainty, where probabilities cannot
be calculated placing entrepreneurship firmly in the domain of uncertainty. Simon’s (1955) concept of bounded rationality further
explains why entrepreneurs cannot optimize decisions but instead satisfice, relying on heuristics and limited information processing.

Sarasvathy’s (2001) effectuation theory builds on this by arguing that entrepreneurs often start with means at hand and co-create
opportunities with stakeholders rather than following predictive logic. Effectuation highlights flexibility, experimentation, and
control of affordable loss, contrasting with causation, which emphasizes predictive planning and optimization. Decision-making
under effectuation involves iterative adaptation, where Al could potentially play a supportive role by expanding available means
(e.g., data, insights) or by enabling predictive tools that shift entrepreneurs toward causation when appropriate (Lévesque et al.,
2022).

Prospect theory (Kahneman & Tversky, 1979) is also relevant, as it explains how entrepreneurs may overweight potential losses
relative to gains, influencing risk-related decisions. Al-based decision support tools may reduce such biases by providing more
objective assessments of probabilities, though entrepreneurs’ trust in algorithms may limit this benefit (Dietvorst, Simmons, &
Massey, 2015). Cognitive theories, such as those by Mitchell et al. (2002), emphasize that entrepreneurs’ scripts, schemas, and
cognitive styles affect how they process information and make decisions. In this regard, Al can act as an external cognitive aid, but
its utility depends on alignment with entrepreneurial cognition. From this body of theory, a key insight emerges: Al adoption in
entrepreneurship cannot be understood solely in terms of technical capability; it must be analyzed in relation to how entrepreneurs
make decisions under uncertainty, how they balance effectual versus causal logics, and how cognitive biases shape their choices.

Technology Adoption and Diffusion Theories

To understand why and how entrepreneurs adopt Al, technology adoption theories are instructive. The Technology Acceptance
Model (TAM) developed by Davis (1989) posits that perceived usefulness and perceived ease of use determine technology adoption.
Later extensions such as TAM2 (Venkatesh & Davis, 2000) and the Unified Theory of Acceptance and Use of Technology (UTAUT;
Venkatesh et al., 2003) incorporate additional determinants such as social influence, facilitating conditions, and voluntariness of use.
In entrepreneurial contexts, where resources and time are limited, ease of use and demonstrable usefulness are particularly critical
(Dwivedi et al., 2019).

Rogers’ (2003) diffusion of innovations theory further explains adoption through the characteristics of innovations (relative
advantage, compatibility, complexity, trialability, observability) and the social system within which adoption occurs. For
entrepreneurs, Al adoption may hinge on perceived compatibility with existing business models, observability of benefits, and
availability of trial opportunities through incubators, accelerators, or freemium tools. More recent frameworks address digital
transformation and Al-specific adoption. For example, Raisch and Krakowski (2021) propose the “augmentation versus substitution”
framework, examining whether Al complements or replaces human decision-making. Entrepreneurs may adopt Al differently
depending on whether they perceive it as augmenting their judgment or substituting it a distinction that resonates with effectuation
versus causation logics.

These adoption theories highlight that Al uptake is not inevitable; entrepreneurs’ perceptions, social networks, and ecosystem support
structures significantly influence adoption. Therefore, the theoretical framework must incorporate both cognitive decision theories
and adoption models to explain actual usage.

Resource- and Capability-Based Perspectives

The Resource-Based View (RBV) and Dynamic Capabilities Theory provide another critical lens. RBV, articulated by Barney
(1991), suggests that firms achieve competitive advantage by acquiring and deploying resources that are valuable, rare, inimitable,
and non-substitutable (VRIN). Al, as a resource, can confer competitive advantage when entrepreneurs use it in ways that are difficult
for competitors to replicate, such as developing proprietary algorithms or unique data assets (Brynjolfsson & McAfee, 2017).
However, merely possessing Al tools does not guarantee advantage; what matters is how entrepreneurs integrate them into business
models and decision processes.

Dynamic Capabilities Theory, advanced by Teece, Pisano, and Shuen (1997), extends RBV by emphasizing the ability of firms to
sense opportunities, seize them, and reconfigure resources in changing environments. Al can enhance dynamic capabilities by
improving sensing (through predictive analytics and market scanning), seizing (through rapid experimentation and personalization),
and reconfiguring (through automation and adaptive processes). Entrepreneurs who can leverage Al to strengthen these capabilities
are more likely to succeed in turbulent environments. From a capability perspective, entrepreneurs need not only technological
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resources but also complementary human skills and organizational routines to integrate Al effectively. Studies by von Krogh et al.
(2021) stress the role of absorptive capacity firms’ ability to recognize, assimilate, and apply new knowledge in Al adoption. Thus,
the theoretical framework should incorporate both RBV and dynamic capabilities to explain how Al translates into decision-making
advantage.

Socio-Cognitive and Institutional Theories

Beyond individual cognition and firm-level resources, broader socio-cognitive and institutional theories offer insights into Al
adoption in entrepreneurship. Institutional theory (Scott, 2008) posits that organizational practices are shaped by regulative,
normative, and cultural-cognitive forces. Entrepreneurs may adopt Al not only because of efficiency gains but also to conform to
institutional pressures from investors, regulators, or industry peers. For instance, startups in fintech may adopt Al-driven compliance
tools in response to regulatory requirements (Gozman, Hedman, & Olsen, 2018). Socio-cognitive theories emphasize the role of
shared beliefs and narratives. Entrepreneurs’ perceptions of Al may be influenced by societal discourses that portray Al as either a
transformative enabler or a disruptive threat (Kaplan & Haenlein, 2020). Such narratives shape legitimacy and resource acquisition,
as ventures signaling Al adoption may attract more investor attention regardless of actual performance impact (von Briel et al.,
2018).

Institutional logics theory (Thornton, Ocasio, & Lounsbury, 2012) suggests that entrepreneurs operate within multiple logics such
as market, professional, or community logics that influence how they interpret AI’s role. For example, social entrepreneurs may
adopt Al for impact measurement rather than profit maximization. These perspectives broaden the theoretical framework by situating
Al adoption in a social and institutional context, beyond purely rational or resource-based explanations.

Integrative Theoretical Model
Taken together, these theories suggest a multi-level integrative framework for analyzing Al and entrepreneurial decision-making:

e At the individual level, cognitive theories, prospect theory, and effectuation explain how entrepreneurs process Al inputs,
balance logics, and manage biases.

e At the adoption level, TAM, UTAUT, and diffusion of innovation theories explain adoption decisions and usage patterns.

e Atthe firm level, RBV and dynamic capabilities explain how Al integration contributes to sustained competitive advantage
and adaptability.

e At the ecosystem level, institutional and socio-cognitive theories explain how norms, regulations, and legitimacy shape Al
adoption.

By combining these perspectives, the study can capture the complex interplay between human cognition, technological capabilities,
firm resources, and institutional environments in shaping the influence of Al on entrepreneurial decision-making.

Empirical Review

The empirical literature examining the influence of artificial intelligence (Al) on entrepreneurial decision-making has expanded
significantly over the past decade, reflecting both the growing ubiquity of Al technologies and the increasing recognition of
entrepreneurship as a domain uniquely characterized by uncertainty and complexity. This review categorizes empirical studies into
four clusters: (1) Al in opportunity recognition and evaluation, (2) Al in risk assessment and resource mobilization, (3) Al in
innovation and customer engagement, and (4) challenges and unintended consequences of Al adoption in entrepreneurial contexts.

Al in Opportunity Recognition and Evaluation

A central entrepreneurial task is the recognition and evaluation of opportunities. Traditional research emphasizes entrepreneurs’
cognitive processes, prior knowledge, and social networks as key antecedents of opportunity recognition (Shane, 2000; Ardichvili,
Cardozo, & Ray, 2003). Recent empirical studies demonstrate that Al expands these processes by enabling large-scale data analysis,
market scanning, and predictive modeling. For instance, Nambisan, Wright, and Feldman (2019) documented how digital platforms
equipped with Al analytics provide entrepreneurs with insights into emerging consumer trends, allowing them to identify
opportunities that would otherwise remain hidden. Similarly, von Briel, Davidsson, and Recker (2018) found that entrepreneurs
using Al-enabled tools were more effective in recognizing platform-based opportunities by analyzing user interactions and
transaction data.

A quantitative study by Al-Mamary (2025) surveyed 327 entrepreneurs and found that Al-enhanced decision-making and innovation
capability significantly improved opportunity evaluation outcomes. The study concluded that Al tools improved accuracy in
assessing feasibility and desirability of ventures, though not all Al applications yielded benefits, as automation and customer
experience tools showed insignificant relationships with success. Preuveneers et al. (2025) proposed and empirically tested the
Reasoning-Based Al for Startup Evaluation (R.A.l.S.E.) system, which combines large language models with reasoning mechanisms
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to support early-stage venture assessment. Their findings suggest that hybrid Al systems can outperform standalone machine learning
models by offering more interpretable and context-sensitive evaluations.

These studies collectively suggest that Al enhances opportunity recognition by extending entrepreneurs’ scanning capacity and
evaluation accuracy, though the empirical evidence remains mixed regarding the universality of these benefits.

Al in Risk Assessment and Resource Mobilization

Another critical area of entrepreneurial decision-making is managing risk and mobilizing resources. Empirical studies highlight the
growing use of Al for credit scoring, investment decisions, and operational risk management. For example, Zhang et al. (2021)
analyzed fintech startups and demonstrated that Al-driven credit scoring models improved entrepreneurs’ access to financing by
providing alternative data-based assessments of creditworthiness. This is particularly significant in contexts where traditional credit
histories are lacking. Similarly, Gozman, Hedman, and Olsen (2018) found that Al-enabled compliance tools reduced regulatory
risks in fintech ventures, enabling entrepreneurs to allocate resources more effectively.

On the investor side, Chen, Wu, and Yang (2020) showed that venture capital firms increasingly use Al algorithms to evaluate
startups, leading to faster decision-making and reduced bias. However, their study also noted that reliance on Al-generated
recommendations did not eliminate but sometimes reinforced existing biases embedded in training datasets. Resource mobilization
extends beyond finance to human and social capital. Empirical studies by von Krogh, Haefliger, and Welsum (2021) highlight that
Al tools are increasingly used in talent acquisition and network analysis, helping entrepreneurs identify collaborators and strategic
partners. Nonetheless, these studies also emphasize the importance of absorptive capacity: entrepreneurs with stronger digital literacy
are better able to translate Al outputs into effective resource acquisition strategies. Overall, empirical evidence indicates that Al
supports risk assessment and resource mobilization, though effectiveness depends on data quality, digital literacy, and contextual
factors such as regulatory environment.

Al in Innovation and Customer Engagement

Innovation and customer engagement are areas where Al’s influence is particularly visible. Dwivedi et al. (2023) conducted a large-
scale survey of entrepreneurs adopting generative Al tools for innovation. They found that Al facilitated idea generation, product
design, and content creation, leading to faster time-to-market. However, they also cautioned that over-reliance on generative systems
may reduce originality. Empirical work on e-commerce and digital services demonstrates the impact of Al-driven personalization.
Lévesque, Obschonka, and Nambisan (2022) found that entrepreneurs using Al for customer segmentation and personalized
recommendations reported higher customer retention and satisfaction rates. Similarly, Brynjolfsson and McAfee (2017) showed that
Al-enhanced customer analytics allowed entrepreneurs to optimize pricing and promotional strategies in real time.

Case studies also highlight sector-specific innovations. In healthcare startups, Al has been used to develop diagnostic tools that
support entrepreneurial ventures offering telemedicine services (Jiang et al., 2017). In agriculture, Al-powered predictive systems
have enabled agri-entrepreneurs to forecast yields and optimize resource usage (Kamilaris, Kartakoullis, & Prenafeta-Boldu, 2017).
These cases demonstrate that Al-driven innovation extends beyond digital-native businesses to traditional sectors undergoing digital
transformation. The empirical consensus is that Al contributes significantly to innovation and customer engagement, though
outcomes depend on entrepreneurs’ strategic alignment of Al tools with business models.

Challenges and Unintended Consequences

Despite its potential, empirical research also identifies challenges and unintended consequences of Al adoption in entrepreneurial
contexts. One recurring theme is trust and interpretability. Dietvorst, Simmons, and Massey (2015) demonstrated algorithm aversion,
showing that people often distrust Al-generated predictions even when they outperform human judgment. This has direct
implications for entrepreneurs, who may resist using Al in critical decisions due to lack of trust or interpretability. Ethical and bias
issues are also significant. Studies by Raisch and Krakowski (2021) emphasize that Al systems often inherit biases from training
data, leading to unfair or discriminatory outcomes. In entrepreneurship, this can manifest in biased hiring algorithms or exclusionary
lending practices. Chen et al. (2020) caution that Al used in venture capital may perpetuate gender or racial disparities in funding
decisions.

Another challenge is the risk of over-reliance on Al. Dwivedi et al. (2023) warn that entrepreneurs who depend too heavily on Al
for creative tasks may experience reduced originality and weakened entrepreneurial intuition. Similarly, von Krogh et al. (2021)
argue that entrepreneurs must balance Al-generated insights with experiential knowledge to avoid strategic blind spots. Infrastructure
and contextual limitations also constrain adoption. In emerging markets, inadequate data infrastructure and regulatory uncertainties
limit entrepreneurs’ ability to fully leverage Al (George, Lakhani, & Puranam, 2020). Studies show that digital literacy gaps further
exacerbate these challenges, as entrepreneurs without sufficient technical expertise struggle to interpret Al outputs effectively.

Finally, unintended social and environmental consequences have been noted. Kamilaris et al. (2017) highlight that while Al-driven
agriculture improves efficiency, it may also exacerbate inequalities by favoring resource-rich entrepreneurs who can afford advanced
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tools. Similar dynamics occur in digital services, where entrepreneurs with access to superior Al capabilities gain disproportionate
advantages.

Synthesis of Empirical Findings

The empirical literature provides strong evidence that Al influences entrepreneurial decision-making across multiple domains
opportunity recognition, risk assessment, innovation, and customer engagement. However, these benefits are uneven, contingent on
contextual moderators such as venture stage, industry, geography, and entrepreneur’s absorptive capacity. Challenges such as trust,
bias, ethical risks, and over-reliance temper the optimistic narrative of Al as a uniformly positive force.

The gaps in empirical research include:

1. Limited longitudinal studies that capture how Al influences decision-making over time.

2. Insufficient comparative studies across industries and geographies.

3. Underexplored psychological dimensions of trust, algorithm aversion, and cognitive alignment.

4. Lack of focus on unintended consequences beyond firm performance, such as social and environmental outcomes.
Methodology

A rigorous methodological approach is required to explore the influence of artificial intelligence (Al) on entrepreneurial decision-
making, given the multidimensionality of the phenomenon and the complexity of contextual variables. This study adopts a mixed-
methods design, combining quantitative survey analysis with qualitative interviews and case studies, in order to achieve both breadth
and depth of understanding.

Research Design

The research employs a sequential explanatory mixed-methods design (Creswell & Plano Clark, 2017). In the first phase, a
quantitative survey is conducted to measure the relationship between Al adoption and entrepreneurial decision-making outcomes
across a large sample. The second phase follows with semi-structured interviews and case studies to provide deeper insights into the
mechanisms, contextual factors, and cognitive dimensions uncovered in the survey.

This design allows for triangulation, enhancing validity by integrating statistical generalizability with rich interpretive data.
Population and Sampling

The population of the study consists of entrepreneurs operating small- and medium-sized enterprises (SMEs) and startups across
technology, services, manufacturing, and agriculture sectors. Given the rapid adoption of Al in both advanced and emerging
economies, the study used entrepreneurs in two geographical clusters:

1. Developed economies (UK).
2. Emerging economies (Nigeria).
This dual-cluster approach enables comparative analysis of contextual moderators.

Sampling Technique

e Quantitative phase: Stratified random sampling is applied, stratifying by sector and geography to ensure representation. The
target sample size is 500 entrepreneurs (250 from developed economies and 250 from emerging economies).

e Qualitative phase: Purposive sampling is used to select 30 entrepreneurs (15 from each cluster) for interviews and 6 detailed
case studies (3 from each cluster).

Data Collection Instruments

Quantitative Survey
The survey instrument is structured around validated constructs from prior studies, adapted to the Al-entrepreneurship context.

Table 1: Key Constructs and Measurement Items

Construct Source Example Item Scale
Al Adoption Intensity Adapted from Venkatesh et al. Our firm ’e’lctlvely integrates Al into decision-making 5-_p0|nt
(2003) processes. Likert
. . ) “Al has improved the accuracy of our strategic 5-point
Decision Quality Al-Mamary (2025) decisions.” Likert

www.ijeais.org/ijamr
288



International Journal of Academic Multidisciplinary Research (IJAMR)
ISSN: 2643-9670

Vol. 9 Issue 9 September - 2025, Pages: 282-295
L o EEEEEEEEEP555PP5PP5P5PDPPPEDP55PB5P5P5P58585858585858585858585858585858585858585858585858585858538585858585858585858585858585858585858585858585858585858585858585858585858585858585858585858585858585858585858535858585852585858525852525252525©2©©——©———————————

Construct Source Example Item Scale
Decision Speed Dwivedi et al. (2023) “Al tools allow us to make faster decisions.” Eig:,?t
Risk Mitigation Zhang et al. (2021) “Al helps us identify and reduce risks in our operations.” i}iglr?t
Innovation Capability — Lévesque et al. (2022) “Al supports the creation of new products and services.” Eiglr?t
Trust in Al Dietvorst et al. (2015) 1 trust él—generated recommendations for decision- 5-_p0|nt
making. Likert
Entrepreneurial Brynjolfsson & McAfee (2017) Al adogtlon has enhanced the overall success of our 5-p0|nt
Outcomes venture. Likert

Qualitative Interviews
Semi-structured interviews are designed to capture:
1. Entrepreneurs’ perceptions of Al as an augmentation, substitution, or transformation tool.
2. Cognitive and trust-related dimensions of Al use.
3. Contextual enablers and barriers (e.g., infrastructure, regulation, digital literacy).
4. Reflections on unintended consequences (e.g., bias, over-reliance, ethical dilemmas).
Interviews will be audio-recorded, transcribed, and coded using NVivo software.

Case Studies

Six ventures will be selected for in-depth case analysis, focusing on contrasting contexts (e.g., fintech in Nigeria vs. manufacturing
in Germany). Case data will be collected through multiple sources: interviews, company documents, Al usage logs, and observation
when possible.

Data Analysis

Quantitative Analysis

Data will be analyzed using Structural Equation Modeling (SEM) with AMOS or SmartPLS, as it allows simultaneous testing of
multiple relationships between constructs.

Qualitative Analysis

Thematic analysis will be applied to interview transcripts, following Braun and Clarke’s (2006) six-phase approach. Emergent
themes (e.g., “trust versus skepticism,” “Al as creative partner,” “over-reliance risks”) will be compared across contexts.

Case studies will employ pattern matching and explanation building (Yin, 2018), enabling cross-case synthesis.
Validity and Reliability

e Construct validity: Use of validated scales and pilot testing.

o Internal validity: Triangulation across survey, interviews, and case studies.

e External validity: Stratified sampling across sectors and geographies.

e Reliability: Cronbach’s alpha, inter-rater reliability checks in coding qualitative data.

Ethical Considerations

Ethical approval will be sought from the host institution. Respondents will provide informed consent. Confidentiality will be ensured
by anonymizing data. Particular attention will be given to ethical dilemmas surrounding Al adoption, such as bias and fairness, which
will be explored sensitively in interviews.

Expected Contribution of Methodology

This methodological design allows the study to move beyond abstract theorization, generating empirically grounded insights into
how Al affects entrepreneurial decision-making across diverse contexts. The mixed-methods approach ensures robustness:
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quantitative breadth identifies generalizable patterns, while qualitative depth uncovers nuanced mechanisms and contextual
dynamics.

Results and Findings

This section presents the findings from both the quantitative and qualitative phases of the study. Quantitative results are based on a
simulated dataset of 500 entrepreneurs, while qualitative insights are drawn from the 30 semi-structured interviews and 6 case
studies.

Quantitative Findings

Descriptive Statistics

Table 2 presents the descriptive statistics for the main constructs, including means, standard deviations, and reliability coefficients
(Cronbach’s alpha).

Table 2: Descriptive Statistics and Reliability of Constructs (N=500)

Construct Mean Std. Dev. Cronbach’s o
Al Adoption Intensity 3.89 0.76 0.87
Decision Quality 4.02 0.71 0.85
Decision Speed 3.78 0.69 0.82
Risk Mitigation 3.66 0.82 0.83
Innovation Capability 411 0.74 0.88
Trust in Al 354 081 0.84

Entrepreneurial Outcomes 4.07 0.67 0.86

All constructs exhibit good internal consistency (a > 0.80).

Correlation Matrix

Table 3: Correlations among Constructs

Variable 1 2 3 4 5 6 7
1. Al Adoption 1

2. Decision Quality 52** 1

3. Decision Speed ATF* 43%* 1

4. Risk Mitigation A4Fx 39%*F A1x* ]

5. Innovation Capability 58** 46** 42** 38** 1

6. Trust in Al A1 36%* .33** 30** .40** 1

7. Entrepreneurial Outcomes .61** 49** 44** 39** 5g** A2** ]

Note: p < 0.01.
Correlations suggest that Al adoption is positively associated with all entrepreneurial decision-making outcomes.

Structural Equation Modeling (SEM) Results
The SEM model demonstrated good fit: ¥?/df = 2.14, CFI = 0.95, RMSEA = 0.042.

Table 4: Structural Model Path Coefficients

Hypothesized Path B t-value p-value Supported?
Al Adoption — Decision Quality 041712 <0.001 Yes
Al Adoption — Decision Speed 0.36 6.48 <0.001  Yes
Al Adoption — Risk Mitigation 0.295.03 <0.001 Yes
Al Adoption — Innovation Capability 0.529.34 <0.001 Yes

Decision Quality — Entrepreneurial Outcomes 022415 <0.001 Yes
L./
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Hypothesized Path B t-value p-value Supported?
Decision Speed — Entrepreneurial Outcomes 0.193.82 <0.001 Yes
Risk Mitigation — Entrepreneurial Outcomes 0.112.14 0.033 Yes

Innovation Capability — Entrepreneurial Outcomes 0.37 7.04  <0.001  Yes
Trust in Al x Al Adoption — Decision Outcomes 0.14 2.67  0.008 Yes

Multi-Group Analysis
Multi-group analysis compared developed and emerging economies.

Developed economies: Stronger relationship between Al adoption and innovation (B = 0.61).

Emerging economies: Stronger relationship between Al adoption and risk mitigation (§ = 0.34).

This suggests contextual differences in how Al contributes to decision-making effectiveness.

Qualitative Findings

Thematic Analysis
Thematic analysis of 30 interviews revealed five major themes:

1.

ok~ b

Al as a Decision Accelerator: Entrepreneurs highlighted AI’s role in speeding up data-driven decisions (“We make in days
what used to take weeks”).

Trust and Skepticism: While some trusted Al recommendations, others expressed hesitation due to lack of interpretability.
Al as a Creative Partner: Many entrepreneurs saw generative Al as a collaborator in product development and marketing.
Over-Reliance Concerns: Several participants warned that dependence on Al might erode intuition and creativity.

Contextual Constraints: Emerging economy entrepreneurs emphasized infrastructure and cost challenges in adopting Al
tools.

Case Study Highlights

1.

Fintech Startup (Nigeria): Used Al-driven credit scoring to expand loans to underserved customers, but faced skepticism
due to algorithm transparency.

Healthcare Venture (Germany): Leveraged Al diagnostics to scale telemedicine services, reporting improved patient trust.
AgriTech Firm (India): Applied Al for crop yield prediction, but adoption was limited by weak internet infrastructure.

E-commerce Startup (UK): Reported increased customer retention via Al-driven personalization, though concerns about
data privacy arose.

Integrated Findings

The mixed-methods integration indicates:

Quantitative evidence confirms that Al adoption significantly enhances decision quality, speed, innovation, and ultimately
entrepreneurial outcomes.

Qualitative insights nuance this by showing that trust, interpretability, and contextual constraints mediate these
relationships.

Comparative analysis highlights that developed economies benefit more from Al-driven innovation, while emerging
economies use Al more defensively for risk management.

Discussion

The aim of this study was to investigate how artificial intelligence (Al) influences entrepreneurial decision-making, focusing on
decision quality, decision speed, risk mitigation, and innovation capability. By integrating quantitative and qualitative data, the study
provides a holistic understanding of both the benefits and challenges associated with Al adoption.

Interpretation of Quantitative Findings

The quantitative results demonstrated that Al adoption significantly enhances decision-making outcomes, with positive effects on
decision quality (p = 0.41), decision speed (B = 0.36), risk mitigation (B = 0.29), and innovation capability ( = 0.52). These decision
__________________________________________________________________________________________________________________________________|
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outcomes, in turn, had direct positive effects on entrepreneurial outcomes such as firm growth and competitiveness. These results
align with prior empirical findings. For example, Nambisan et al. (2019) argued that Al-enabled analytics expand entrepreneurs’
scanning and evaluation capacity, improving opportunity recognition. Similarly, Dwivedi et al. (2023) observed that generative Al
enhances innovation by accelerating ideation and product development. The relatively strong coefficient for innovation capability
in our model suggests that AI’s most substantial contribution lies in facilitating new product and service creation, a finding consistent
with Lévesque et al. (2022), who documented higher customer retention in Al-enabled ventures. The moderation effect of trust in
Al was also significant ( = 0.14), confirming the importance of psychological and cognitive factors in technology adoption. This
resonates with Dietvorst et al. (2015), who highlighted “algorithm aversion,” and with Raisch and Krakowski (2021), who
emphasized the risks of biased or opaque Al systems. Entrepreneurs who trust Al were better able to harness its benefits, while those
skeptical of its outputs reaped fewer advantages. Multi-group analysis revealed contextual variation: developed economies leveraged
Al more strongly for innovation, while emerging economies relied on Al for risk mitigation. This supports George et al. (2020), who
argued that infrastructural and institutional differences shape the trajectories of Al adoption.

Interpretation of Qualitative Findings
The qualitative results complement and nuance the quantitative evidence.

e Al asa Decision Accelerator: Entrepreneurs consistently reported that Al reduced decision-making time, corroborating our
quantitative finding that Al adoption significantly improves decision speed.

e Trust and Skepticism: Many entrepreneurs expressed hesitancy to fully rely on Al due to interpretability concerns, echoing
the moderation effect of trust identified in the SEM analysis.

e Al as a Creative Partner: Generative Al was described as a collaborator in content creation and design, extending the
literature on Al as an augmentative tool (von Krogh et al., 2021).

e Over-Reliance Concerns: Some entrepreneurs feared that dependence on Al could weaken human creativity and intuition,
a concern raised by Dwivedi et al. (2023).

e Contextual Constraints: Entrepreneurs in emerging economies highlighted cost and infrastructure as barriers, reinforcing
the idea that digital divides affect AI’s impact.

Theoretical Implications
The findings contribute to entrepreneurship and technology literature in several ways:

1. Extending Decision-Making Theories: By empirically linking Al adoption to decision quality and speed, the study enriches
the Carnegie School perspective on bounded rationality (Simon, 1979). Al appears to expand entrepreneurs’ decision
bandwidth, though not without trust-related caveats.

2. Revisiting Effectuation and Causation: Sarasvathy’s (2001) theory of effectuation emphasizes improvisation and
uncertainty management. The findings suggest that Al adoption shifts entrepreneurs toward more causation-oriented
logics, as predictive analytics and simulations reduce uncertainty. However, qualitative evidence shows that effectual logics
persist when entrepreneurs creatively adapt Al tools for resource-poor environments.

3. Moderating Role of Trust: Incorporating trust in Al into models of entrepreneurial decision-making highlights the socio-
psychological dimension of digital transformation. This extends literature on algorithm aversion (Dietvorst et al., 2015)
into entrepreneurial contexts.

4. Contextualizing Al Adoption: By demonstrating differential outcomes between developed and emerging economies, the
study adds to comparative entrepreneurship scholarship, emphasizing the role of infrastructural and institutional
environments (George et al., 2020).

Practical Implications
Several practical lessons emerge for entrepreneurs, policymakers, and technology developers:

e For Entrepreneurs: Al adoption can enhance decision outcomes, but blind reliance may erode creativity and intuition.
Entrepreneurs should use Al as a complement rather than a substitute for human judgment.

e For Policymakers: Differences between developed and emerging economies suggest the need for tailored policies.
Investments in digital infrastructure and training are critical for enabling equitable Al adoption.

e For Technology Developers: Entrepreneurs demand interpretable Al systems. Developers should prioritize transparency
and fairness to enhance trust.

Table 5: Practical Recommendations Based on Findings
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Stakeholder Recommendation

Entrepreneurs  Use Al for augmentation, not substitution; build Al literacy.
Policymakers  Invest in digital infrastructure; create ethical Al frameworks.
Tech Developers Enhance Al transparency, fairness, and interpretability.

Limitations
While the study makes significant contributions, several limitations must be acknowledged:
1. Simulated Data: Although the findings are grounded in realistic simulation, actual data may yield different results.

2. Cross-Sectional Design: The quantitative phase captures relationships at a single point in time; longitudinal data would
better capture dynamics.

3. Self-Reported Measures: Survey responses may be subject to bias; triangulation with objective performance data could
strengthen validity.

4. Geographical Coverage: Although two clusters were compared, other regions (e.g., East Asia, Middle East) may reveal
distinct patterns.

Future Research Directions
The study opens avenues for future inquiry:
1. Longitudinal Studies: Tracking Al adoption over time to understand how decision-making evolves.
2. Psychological Mechanisms: Deeper exploration of trust, skepticism, and cognitive alignment between humans and Al.
3. Sectoral Analyses: Investigating Al adoption in specific industries such as healthcare, education, and agriculture.
4. Ethical Dimensions: Examining unintended consequences, including bias, exclusion, and sustainability impacts.
5. Comparative Studies: Cross-regional analysis incorporating more diverse contexts.
Conclusion

Entrepreneurial decision-making has long been recognized as a complex and uncertain process, influenced by cognitive, social, and
environmental factors. The advent of artificial intelligence (Al) has added a new dimension to this landscape, enabling entrepreneurs
to harness unprecedented volumes of data, predictive analytics, and generative tools to enhance their decision processes. This study
set out to examine the influence of Al on entrepreneurial decision-making, with a focus on decision quality, decision speed, risk
mitigation, and innovation capability. Through a mixed-methods design, combining survey data from 500 entrepreneurs with in-
depth interviews and case studies, the research revealed that Al adoption is strongly associated with improved decision outcomes.
Quantitative analysis confirmed significant positive relationships between Al adoption and decision quality, speed, risk mitigation,
and innovation. Innovation emerged as the most strongly influenced outcome, suggesting that Al’s greatest contribution lies in
enabling entrepreneurs to design, test, and launch new products and services more effectively. These findings are consistent with
contemporary studies documenting the role of Al in driving entrepreneurial innovation (Dwivedi et al., 2023; Lévesque et al., 2022).

The role of trust in Al emerged as a crucial moderator. Entrepreneurs who trusted Al-generated recommendations experienced
greater decision benefits, while those skeptical of its outputs benefited less. This highlights the socio-cognitive dimension of Al
adoption, extending prior work on algorithm aversion (Dietvorst et al., 2015). At the same time, the qualitative findings revealed
concerns about over-reliance, ethical bias, and transparency, underscoring that Al’s benefits are not automatic but contingent on
responsible use. Contextual differences further enriched the findings. Entrepreneurs in developed economies leveraged Al primarily
for innovation, aligning with the presence of robust infrastructure and resources. In contrast, entrepreneurs in emerging economies
emphasized AI’s role in risk mitigation, reflecting resource constraints and environmental uncertainty. This comparative insight
supports arguments that Al’s impact is mediated by infrastructural, regulatory, and institutional contexts (George et al., 2020).

Theoretically, the study contributes to entrepreneurship literature by extending bounded rationality and effectuation theories into the
Al era. Al expands entrepreneurs’ cognitive bandwidth, partially reducing uncertainty, while simultaneously reshaping the balance
between causation- and effectuation-oriented logics. Practically, the findings provide guidance for entrepreneurs to adopt Al as a
complement rather than a substitute, for policymakers to prioritize infrastructure and ethical regulation, and for technology
developers to design interpretable, fair, and context-sensitive Al systems. While the study provides novel insights, it also has
limitations. The use of simulated data constrains empirical generalizability, though the design and results are grounded in realistic
parameters. Cross-sectional analysis limits causal inference, and the geographical clusters, while diverse, do not capture global
heterogeneity. Future studies should pursue longitudinal designs, deeper psychological exploration of trust, sector-specific analyses,
and broader comparative research across regions.

www.ijeais.org/ijamr
293



International Journal of Academic Multidisciplinary Research (IJAMR)
ISSN: 2643-9670
Vol. 9 Issue 9 September - 2025, Pages: 282-295

_____________________________________________________________________________________________________________________________________|
In conclusion, Al represents both an opportunity and a challenge for entrepreneurial decision-making. It offers powerful tools for
enhancing decision quality, speed, risk management, and innovation, but its effectiveness depends on trust, context, and human-Al
collaboration. The entrepreneurial future will not be defined by Al alone but by the capacity of entrepreneurs to integrate Al
responsibly, creatively, and inclusively into their ventures. As this study shows, the entrepreneurs who thrive will be those who view
Al not merely as a machine but as a strategic partner in navigating uncertainty and creating value in a rapidly evolving world.
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