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Abstract
PURPOSE: This study examines the relationship between entrepreneurial competencies and intention‑related characteristics among 
university students, addressing the need for a deeper understanding of how psychological traits shape entrepreneurial tendencies 
in young populations. Focusing on students at the University of Information Technology and Management (UITM) in Poland, 
the research explores how adaptability, problem‑solving, and cognitive flexibility contribute to the conceptual configuration of 
entrepreneurial intention. METHODOLOGY: A hybrid methodological approach was adopted, combining bibliometric analysis 
using SciMAT with data‑mining techniques. A survey of 1,520 students provided the empirical basis for the analysis. Rough set theory 
was used to address incomplete data, while the C5.0 decision-tree classifier and feature interdependency analysis were applied to 
identify informative item-level patterns in the dataset. Demographic variables were incorporated to examine group‑differentiating 
structural patterns across student groups. The study draws on TPB and self‑efficacy as theoretical lenses for interpreting the conceptual 
patterns identified, without modelling TPB constructs as predictive variables. FINDINGS: The analysis highlights that adaptability 
(A12), problem‑solving ability (A19), goal orientation (A18), and cognitive flexibility (A13) recur in the most informative branches 
of the decision‑tree structures, indicating their central role within the broader configuration of entrepreneurial competencies. The 
results reflect how these attributes cluster within intention‑related patterns rather than forming predictive relationships. The study 
also reveals distinct competency profiles across gender, age, nationality, and field of study, underscoring the heterogeneous nature of 
entrepreneurial characteristics in the student population. IMPLICATIONS: The findings contribute to the entrepreneurship literature 
by demonstrating conceptual coherence between intention-related attributes observed at the item level and dominant thematic patterns 
identified in recent research. Rather than testing or extending formal intention theories, the study offers an interpretative perspective 
on how adaptability, resilience, and problem-solving attributes cluster within student populations. From a practical standpoint, the 
results highlight the importance of entrepreneurship education initiatives that foster adaptive learning, coping with difficulty, and 
problem-solving skills. The use of data-driven decision-support tools may further assist educators in designing personalized learning 
environments that respond to heterogeneous student profiles. ORIGINALITY/VALUE: This study offers a novel contribution by 
integrating bibliometric validation with machine‑learning‑based pattern discovery. By mapping the conceptual landscape of 
intention‑related attributes rather than predicting entrepreneurial intention, it provides a  distinctive analytical perspective and 
actionable insights for educators and policymakers seeking to cultivate entrepreneurial competencies among university students.
Keywords: entrepreneurial intentions, entrepreneurial competencies, rough set theory, decision tree classifier, attribute 
dependency analysis, cognitive flexibility, problem-solving, resilience, entrepreneurship education, self-efficacy, machine learning, 
bibliometric analysis.
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INTRODUCTION 

The globalization of the business world has made the establishment of new ventures both more important and worth 
investigating (Mueller, 2001). Entrepreneurship is considered as one of the main determinants of the growth and 
innovation capacity of modern economies in the context of the process of transforming individuals’ innovative ideas 
(Braunerhjelm & Henrekson, 2024) into economic and social products (Sendra-Pons, Comeig, & Mas-Tur, 2022). 
The stronger the entrepreneurship ecosystem, the more efficient the technology becomes, thereby increasing its impact 
on economic growth (Zahra, Liu, & Si, 2023). In this context, entrepreneurs act as a bridge, transforming innovative ideas 
into economic growth by bringing them to market (Acs, Estrin, Mickiewicz, et al., 2018). When literature is examined, 
it is evident that entrepreneurship research largely focuses on adults, and studies of young individuals are insufficient 
(Anwar & Saleem, 2019). In particular, the entrepreneurial tendencies of young individuals are of strategic importance for 
combating unemployment, fostering innovation, and advancing local development policies (Mutarubukwa, 2015). In this 
context, it is believed that this study will provide valuable information for examining the entrepreneurship competencies 
and tendencies of university students, for developing education policies and support mechanisms, and for filling the gap 
in this field. Entrepreneurial competencies are influenced by multidimensional variables such as individuals’ intrinsic 
characteristics, psychological tendencies, environmental factors, and demographic structures (Maheshwari et al., 2023). 
Accurate analysis of this complex structure is possible not only with traditional statistical methods but also with more 
powerful analytical approaches, such as data mining techniques (Shu & Ye, 2023). In this study, a hybrid analysis method 
was adopted using rough set theory to handle incomplete data, the pattern discovery method for pattern inference, and 
the C5.0 algorithm for classification (Bujlow et al., 2012). The aim of this study is to reveal the relationships between 
entrepreneurial competencies and entrepreneurial intention among the students at the University of Information 
Technology and Management (UITM) in Poland. The research was carried out using data from 1,520 students, and 
the main variables affecting students’ entrepreneurial tendencies were identified. Although this study was theoretically 
inspired by TPB, rather than an empirical design aimed at testing a TPB-oriented structural model, this study examines 
entrepreneurial intent and related characteristics using the entrepreneurial potential tool, which does not include standard 
TPB components as separate constructs. Accordingly, the present study aims to (i) examine the conceptual structure 
of entrepreneurial competencies among university students using pattern-mining and science-mapping techniques, (ii) 
explore how adaptability, resilience, problem-solving, and related attributes cluster within this structure, and (iii) identify 
how these attributes conceptually align with the thematic evolution of the entrepreneurship literature revealed through 
SciMAT analysis. The study ultimately seeks to provide an integrated understanding of intention-related characteristics 
by linking survey-based item patterns with bibliometric thematic development.

In the following sections, the article first situates the study within the existing literature on entrepreneurial competencies 
and intention‑related attributes, highlighting conceptual gaps that motivate the present analysis. The  methodological 
section then outlines the hybrid research design, including the bibliometric validation procedure and the machine‑learning 
techniques applied to the student dataset. The results section presents the thematic structures emerging from SciMAT 
and the item‑level patterns identified through decision‑tree modelling. This is followed by a discussion that interprets 
these patterns considering contemporary entrepreneurship research. The article concludes by summarizing the main 
contributions and outlining implications for future studies and educational practice.

LITERATURE REVIEW

Entrepreneurship research has identified key personality traits that lead individuals to engage in entrepreneurial behavior 
(Awwad & Al-Aseer, 2021). In this context, the two characteristics that stand out the most are internal locus of control 
and innovativeness (Nisula & Olander, 2025). While the internal locus of control refers to the belief that individuals can 
direct events in their lives through their own efforts (Tentama & Abdussalam, 2020), innovation is the ability to generate 
and implement new ideas, as emphasized in Schumpeter’s definition of an entrepreneur. According to Fong et al. (2016), 
culture is one of the factors that shape the behavior of individuals. Hofstede’s (1980) theory of cultural dimensions has 
been a guide to understanding differences between countries in values, beliefs, and ways of doing business. In this context, 
how entrepreneurial characteristics differ across cultures and the reasons for these differences emerge as important 
research questions (Mueller, 2001). According to Heredia-Carroza et al. (2024), entrepreneurship is an important tool 
for economic and social development in rural areas and mobilizes local potential. In this respect, it offers a promising 
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opportunity to revitalize rural areas and ensure sustainable growth. In their study, Heredia-Carroza et al. (2024) examined 
the factors that increase entrepreneurial intentions among university students in Comarca Sierra Sur, Andalusia, a rural 
region of Spain. They also emphasized that individual values and psychological factors should be considered to promote 
entrepreneurship in rural areas, and suggested that entrepreneurship education, gaining a sense of personal control and 
supporting entrepreneurial role models in the family should be supported. While supportive tax policies encourage 
entrepreneurship (Tsou et al., 2023). In some cultures, rewarding risk-taking, viewing failure as a learning process, and 
emphasizing individual success are among the factors that strengthen entrepreneurial intention. In cultures with a high fear 
of failure and dominant collectivist structures, the tendency toward entrepreneurship may be relatively low (Henriquez-
Daza et al., 2023). Henriquez-Daza et al. (2023) found that fear of failure negatively affects entrepreneurs’ growth targets. 
They also noted that collectivist culture significantly mitigates this negative impact in developing countries. This situation 
underscores the need for culturally aware education and policy approaches to develop entrepreneurial competencies. 
Accordingly, entrepreneurial competencies should be considered as a multidimensional structure (Tetteh et al., 2024). 
Understanding this structure is critical for developing effective entrepreneurship policies, supporting entrepreneurial 
individuals, and achieving sustainable development goals. 

Despite the increasing number of studies on entrepreneurial intention among students, literature lacks an integrated 
perspective that connects item-level behavioral patterns with the evolving thematic structure of entrepreneurship research. 
No existing study simultaneously examines (i) how intention-related traits cluster together within student populations 
and (ii) how these clusters align with thematic trajectories identified in recent bibliometric analyses. Therefore, a clear 
gap exists in bridging individual-level response patterns with the macro-level evolution of entrepreneurship knowledge, 
which the present study aims to address.

Entrepreneurial competencies, intention, and tendency 

Entrepreneurship is not just the process of starting a business. It is also the capacity to create value through innovation 
and is one of the key drivers of economic development (Sedeh, Pezeshkan, & Caiazza, 2022). Schumpeter (1934) defines 
entrepreneurs as „people who try to change the production model by using untested technical possibilities to produce an 
invention or a new product, or to produce an old product in a new way.” This definition emphasizes that entrepreneurship 
is not a static activity but a dynamic, creative process. Especially in today’s digital age, qualities such as technological 
literacy, innovation capacity, and rapid adaptation skills have become important determinants of entrepreneurship (Baron 
& Shane, 2008). It can be considered as a reflection of individuals’ entrepreneurial intentions, potential, and competencies. 
When considered within the framework of Ajzen’s planned behavior theory (1991), entrepreneurial intention is 
a combination of factors such as attitudes, perceived behavioral control, and social norms that shape an individual’s desire 
to be an entrepreneur, and it is a phenomenon that has micro-level effects (Morales-Pérez et al., 2022). Studies conducted 
especially among university students associate entrepreneurial intentions with factors such as risk-taking, innovation, and 
autonomy of individuals in this group (Liñán et al., 2011).

Entrepreneurial intention is defined as an individual’s desire and determination to become an entrepreneur in the 
future. It is considered the starting point of the entrepreneurial process and a psychological factor that strongly affects 
the probability of entrepreneurship (Krueger et al., 2000). The most widely used theoretical framework in entrepreneurial 
intention research is Ajzen’s theory of planned behavior (Ajzen, 1991). TPB was developed to describe the intention 
of individuals to perform a certain behavior. In this model, in the context of entrepreneurship, attitude indicates that 
entrepreneurship is seen as beneficial and meaningful for the individual (Baba et al., 2025), while perceived behavioral 
control reflects an individual’s self-confidence in entrepreneurial skills and access to resources (Liñán & Chen, 2009). Liñán 
and Fayolle (2015) examined a large number of studies on entrepreneurial intention and found that TPB components 
have high explanatory power in understanding entrepreneurial intention. In a  study by Liñán and Chen (2009), the 
scales developed within the TPB framework were found to be reliable and valid for measuring entrepreneurial intention. 
Studies conducted especially on university students have shown that attitude and perceived behavioral control are the 
most determining factors in entrepreneurial intention (Fayolle & Liñán, 2014). 

Entrepreneurship tendency is considered as a basic determinant that affects the entrepreneurial intention of individuals 
and the processes of transforming this intention into behavior. Research conducted especially on university students reveals 
that this trend plays an important role in shaping future entrepreneur profiles (Zhao et al., 2005; Lüthje & Franke, 2003). 
In this regard, various studies conducted among students show that individual characteristics and demographic factors 
influence entrepreneurship tendencies and yield meaningful findings on their effects (Anwar & Saleem, 2019).
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Numerous studies among university students show that this group exhibits a  high level of entrepreneurship. 
In comparative analyses, especially among students studying in different academic fields such as business, economics, 
engineering and social sciences, significant differences in entrepreneurship tendency have been observed (Wilson et 
al., 2007). In addition, it is emphasized that entrepreneurship courses, seminars, and practical training significantly increase 
students’ entrepreneurial orientation (Fayolle & Gailly, 2008). Gender is one of the main demographic factors influencing 
the propensity for entrepreneurship. The literature generally indicates that male students exhibit higher entrepreneurial 
tendencies than female students (Zhao et al., 2005; Wilson et al., 2007). Zhao et al. (2005) found that self-efficacy perceptions 
among American college students have a strong effect on entrepreneurial intention. Business management students had 
higher entrepreneurial tendencies. In addition, applied entrepreneurship programs (incubators, competitions, mentoring, 
etc.) have been shown to significantly increase students’ motivation to become entrepreneurs at many universities in the 
USA. Lüthje and Franke (2003) demonstrated, in studies conducted at German technical universities, that engineering 
students are highly entrepreneurial but that environmental factors limit the transformation of this potential into an 
intention to start a  business. Among these factors, risk perception, uncertainty, avoidance and financing difficulties 
stood out. In studies conducted among university students in Spain, it has been found that entrepreneurship tendency is 
closely related to cultural values. Entrepreneurial intention was observed to be stronger, especially in students with a high 
level of individualism (Liñán et al., 2011). For this reason, it is thought that entrepreneurship training carried out with 
interdisciplinary approaches can increase the entrepreneurship tendencies of students in different fields.

Use of data mining methods in social sciences

In the social sciences, data mining offers a variety of technologies that allow previously undetected patterns (Shu & Ye, 2023) 
and autonomous decision-making (Kusiak, 2001). In this way, it becomes possible to generate innovative ideas and 
develop new theoretical approaches in different disciplines (Shu & Ye, 2023). According to Shu and Ye (2023), to increase 
predictive power and manage causal diversity, data mining methods evaluate many variables – whether cooperating or 
independent – systematically and often automatically. Data mining is an emerging field of computational intelligence that 
is often used to go beyond traditional analysis and reveal complex relationships among multiple variables (Kusiak, 2001). 

The rough set theory developed by Pawlak (1982) is an effective method for handling incomplete data. Rough clusters 
provide a solid foundation for decision support systems in data sets where uncertainty and incompleteness are intense. 
Rough set theory is a  tool for data mining and knowledge discovery (Mroczek, 2023). Missing data can be estimated 
effectively using the maximum consistent blocks (MCB) method (Sun et al., 2021; Kryszkiewicz, 1998; Leung & Li, 2003). 
The C5.0 algorithm is a decision tree-based classification technique that provides high accuracy, especially when working 
with categorical data (Quinlan, 1993).

METHODOLOGY

Research sample and data collection process

The aim of the study is not to generalize to all university students, but to identify conceptual and behavioral patterns 
within a well-defined student population.

The data source for the research was an original survey questionnaire developed in collaboration with experts in 
economics, sociology, and psychology (see Appendix 1). The research was conducted between 17.01.2023 and 21.03.2023 
and covered students of all fields of study offered at the University of Information Technology and Management in 
Rzeszów, UITM (Poland), i.e. Computer graphics and multimedia production, Programming, Computer science, 
Cybersecurity, Data science, Game design and development, Dietetics, Cosmetology, English Philology, English Philology 
with Chinese, Finance and accounting in management, Aviation Management, Global aviation management, Graphic 
design, Management, International business management, Journalism and social communication, Logistics, Nursing, 
Physiotherapy and Psychology in management), both modes of study (full-time and part-time studies), as well as both 
study paths (Polish and English) and both levels of education (first and second cycle studies).

In the research process, it was assumed that each field of study must be represented by at least 20% of students. 
As a result, a sample of 1,520 respondents (i.e., research participants) was obtained (i.e., 29.8% of all UITM students), 
which was representative of all fields of study and the population of students studying at UITM (see Appendix 2).
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The first part of the survey (A), consisting of 28 questions, examined the characteristics of respondents’ entrepreneurship. 
The second part of the survey (B) included a set of questions on gender, age, professional situation, mode and path of 
study, country of origin, level, and field of study. Cronbach’s alpha was used solely as a basic reliability indicator; the study 
does not aim to validate latent constructs or test measurement invariance across language versions (see Appendix 3).

Since this study does not include Ajzen’s TPB scales, attitude, subjective norm, and perceived behavioral control 
structures are not measured separately. The empirical analysis is based on a trait‑ and attitude‑based survey instrument 
designed to capture entrepreneurial competencies and intention‑related characteristics. In this context, the term 
“pattern‑level analysis” refers to identifying recurring configurations of responses within the Likert‑type items, rather 
than to product‑level or market‑related patterns. The analytical focus is therefore on conceptual and behavioral structures 
emerging from students’ psychological attributes.

To ensure easy access to the survey and the largest possible study scale, data was collected using the LimeSurvey 
online platform. The platform allowed all students to access the survey in both language versions (Polish and English). 
This was important due to the dual nature of the courses of study offered at the university. The solution used eliminated 
language barriers and thus removed limitations in the study.

Although the sample size is large and covers all programmes at UITM, the data come from a single university in Poland. 
Therefore, the findings should not be generalised to “university students” globally. Rather, they reflect patterns observed 
among students in this specific institutional and cultural context. Future studies should incorporate multi-institutional or 
cross-country samples to enhance generalizability and test the robustness of the patterns identified in this research.

The survey was distributed among the student population through three channels. First, use a link sent directly to 
students’ email accounts with an invitation to the survey. Second, by providing students with QR codes connecting to the 
LimeSurvey platform. Finally, a direct approach was also used, inviting students to take part in the survey during breaks 
in subject classes. The research design was discussed with the Research Ethics Committee at UITM and subsequently 
approved for implementation. In line with the adopted approach, the privacy and confidentiality of participants were 
strictly maintained, and the collected data was used only for research purposes.

Bibliometric analysis–based validation of the research questionnaire

This bibliometric procedure serves as a conceptual validation of thematic relevance, not as a psychometric validation 
of the survey instrument (Cobo et al., 2012; as cited in Vila-Lopez & Küster-Boluda, 2021). Based on this approach, 
a bibliometric analysis was conducted using the SciMAT software (Cobo et al., 2012), incorporating a systematic literature 
review focused on factors influencing students’ entrepreneurial intentions. As a result of the search based on competency-
related keywords and entrepreneurship-related terms, a total of 7,424 studies published in English and available in open 
access through the Web of Science (WOS) database were identified.

The Web of Science search was conducted using the following Boolean structure applied to titles, abstracts, and author 
keywords (TS): (“entrepreneur*” OR “entrepreneurial intention*”) AND (“adaptability” OR “resilience” OR “cognitive 
flexibility” OR “self-efficacy” OR “problem solving” OR “grit” OR “initiative” OR “goal orientation” OR “open-mindedness”).

The restriction to open-access publications was applied to ensure full-text accessibility required for reliable keyword 
standardization and thesaurus construction in SciMAT. While this introduces a systematic selection mechanism that may 
affect topic distributions, the bibliometric analysis in this study is used for conceptual validation and thematic alignment 
rather than for estimating population-level research prevalence.

The bibliometric analysis identified 22,421 keyword groups related to entrepreneurship. Keyword standardization 
was performed using a manually curated thesaurus, following SciMAT guidelines. Singular–plural forms, spelling variants 
(e.g., British/American English), acronyms, and semantically equivalent expressions were merged into unified word 
groups. As a result of this preprocessing, the number of keyword groups was reduced to 1,139, enabling more accurate 
thematic analysis and strategic mapping in SciMAT. Because these standardization decisions directly affect cluster density 
and centrality values, the bibliometric results are interpreted at a conceptual rather than a strictly quantitative level.

RESULTS 

In the first step of the SciMAT analysis, keywords are aggregated into “word groups,” which represent conceptually similar 
terms and act as the basic units for subsequent analysis (Table 1). In the second step, SciMAT uses these word groups 
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to generate thematic clusters based on co-occurrence networks and the strategic diagram (Tables 3–5). Thus,  “word 
groups” are the building blocks of the analysis, while “clusters” represent higher-level thematic structures formed from 
these groups.

In SciMAT, “word groups” represent standardized keyword units created during preprocessing, while “clusters” refer 
to higher-level thematic structures formed from co-occurrence networks of these word groups. This two-stage process is 
consistently applied throughout the analysis.

Table 1. Groups of words

Group name Number of docs Group name Number of docs Group name Number of docs
Innovation 1305 Technology 375 Opportunities 261
Impact 1149 Perspective 374 Intentions 253
Model 677 Capabilities 351 Orientation 247
Business 671 Organizations 336 Enterprise 236
Firms 584 Behavior 336 Resources 231
Strategy 578 Networks 336 Social-Entrepreneurship 215
Knowledge 503 Dynamic-Capabilities 336 Market 210
SMEs 389 Framework 283 Identity 199

The clusters in Table 1 represent key concepts identified in the literature, along with the number of articles associated 
with each. “Innovation” and “impact” are the most frequently discussed topics, confirming their central importance in 
the research landscape. Other significant concepts include “model,” “business,” “strategy,” and “knowledge,” encompassing 
both theoretical and practical dimensions (e.g., SMEs, social-entrepreneurship). The analysis reveals a balanced research 
structure grounded in a multidisciplinary approach. Topics with fewer associated documents, such as “market” or “identity,” 
point to potential gaps and emerging directions for future research. 

Table 2. Word groups statistics

Period Documents Units Mean Standard Dev. Variance
2020-2021 2227 900 3.57 2.28 5.18
2022-2023 2870 977 3.96 2.24 5.03
2024-2025 (May) 2290 895 3.76 2.19 4.79

Statistical information on the periodic keyword groups is presented in Table 2. The “Mean” values in Table 2 do not 
represent the ratio of documents to units. Instead, they reflect the average normalized frequency of keyword occurrences 
within each period, as calculated by SciMAT. Because SciMAT applies frequency weighting and normalization during 
preprocessing, the resulting means (3.57, 3.96, 3.76) are higher than the simple documents/units ratios (2.47, 2.94, 2.56). 
The explanation in the text has been revised to clarify this distinction. Table 2 presents the number of documents, units, 
and descriptive statistics for three periods. In 2020–2021, 2,227 documents were published; in 2022–2023, the number 
increased to 2,870 (a 29% rise); and in 2024–2025 (up to May), it decreased to 2,290 (a 20% drop). Despite the decline 
in the number of units, the count remains comparable, indicating sustained thematic richness. The mean normalized 
frequency of keyword occurrences increased to 3.96 in 2022–2023, indicating a higher concentration of research activity 
around core thematic units. The standard deviation (2.28 → 2.19) and variance (5.18 → 4.79) have steadily decreased, 
indicating a more even thematic distribution.

Figure 1 presents the temporal overlap of thematic units across periods. The continuity between periods is evaluated 
using a continuity ratio, calculated by dividing the number of units that persist into the subsequent period by the size of 
the earlier period. Between 2020–2021 and 2022–2023, 778 of 900 units continued, yielding a continuity ratio of 0.86. 
In the following transition, 766 of 977 units persisted, corresponding to a continuity ratio of 0.78. These values indicate 
a high degree of thematic stability across periods, while also reflecting the emergence of new thematic units over time. 
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Figure 1. Overlapping map

Tables 3–5 present clusters of keywords by time interval. Each cluster includes four indicators: centrality (strength of 
the cluster’s connections to the network), centrality range (normalized value between 0 and 1), density (internal cohesion 
of the cluster), and density range (normalized cohesion value).

Table 3. Cluster information (2020-2021)

Name Centrality Centrality range Density Density range
Knowledge 204.60 1.00 7.96 0.25
Business 168.96 0.99 8.37 0.29
Framework 150.62 0.95 13.47 0.52
Opportunities 146.83 0.93 17.09 0.69
Market 159.32 0.96 7.17 0.21
Perceptions 145.14 0.92 8.52 0.31
Competitive-Advantage 160.68 0.97 7.38 0.24
Uncertainty 134.94 0.91 3.74 0.07
Entrepreneurs 133.48 0.89 7.10 0.20
Culture 76.90 0.87 11.92 0.39

According to Table 3, “knowledge” is the most central concept in the network (centrality 204.60), indicating its 
strong connections with other concepts in 2020–2021. “Opportunities” is characterized by high density (17.09), while 
“framework” – despite a  lower centrality (150.62) – exhibits substantial cohesion (density 13.47), reflecting a  well-
integrated literature. “Knowledge” and “business” form the foundation of the network structure, whereas less developed 
areas, such as “uncertainty,” justify further research.

Table 4. Cluster information (2022-2023)

Name Centrality Centrality range Density Density range
Innovation 209.37 1.00 7.42 0.32
Intentions 109.94 0.92 9.69 0.45
Market 128.38 0.93 8.41 0.39
Context 137.15 0.96 6.45 0.24
Risk 141.90 0.99 5.17 0.18
Experience 140.70 0.98 6.67 0.26
Ownership 134.70 0.95 3.76 0.14
Start-Ups 134.25 0.94 6.90 0.27
Field 100.08 0.91 2.76 0.05
Small-Business 84.37 0.89 9.47 0.44
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Table 4 shows that in 2022–2023 the thematic structure centers around “innovation,” which has the highest centrality 
(209.37), indicating its key role within the network. Other important clusters include “market” and “intentions,” both 
characterized by high centrality and density, particularly “intentions,” reflecting the maturity of this research area. 
Although “small-business” has a lower centrality (84.37), it demonstrates substantial cohesion (density 9.47), suggesting 
strong internal connections despite its marginal position. The clusters “field” and “ownership” are less connected to the 
network and less developed, indicating potential for further research.

Table 5. Cluster information (2024-2025 up to May)

Name Centrality Centrality range Density Density range
Firms 185.20 0.99 11.17 0.45
Behavior 141.50 0.92 6.87 0.26
Policy 140.67 0.91 11.33 0.46
Opportunities 183.65 0.97 11.40 0.47
Industry 147.35 0.95 7.60 0.28
Technology 186.56 1.00 3.84 0.11
Identity 165.11 0.96 4.01 0.12
Orientation 145.76 0.93 5.03 0.19
Risk 100.56 0.89 3.70 0.08
Social-Enterprise 82.23 0.86 3.77 0.09

Table 5 shows that in the period 2024–2025 (up to May), research focuses on “technology” and “firms.” “Technology” 
has the highest centrality (186.56) but a  low density (3.84), indicating a  central role but weaker internal cohesion. 
“Firms” stand out with high centrality (185.2) and density (11.17), forming a strong conceptual foundation. Similarly, 
“opportunities” and “policy” exhibit high density and a  well-established structure in the literature. In contrast, “social 
enterprise” and “risk” have low centrality and density, suggesting their limited and less mature treatment in research.

SciMAT processes raw keywords by grouping semantically related terms into standardized “word groups.” This word 
groups serve as the analytical units used to construct co-occurrence networks. In the subsequent clustering phase, SciMAT 
identifies thematic structures by grouping word groups into clusters. Therefore, Table 1 presents the foundational word 
groups, while Tables 3–5 present the higher-level thematic clusters derived from them. This two-stage process enhances 
interpretability and reduces noise in the keyword dataset.

The thematic clusters identified in the SciMAT analysis, such as “knowledge” (dominant in 2020–2021), “innovation” 
(characteristic of 2022–2023), and “firms/technology” (typical for 2024–2025), not only demonstrate the evolution within 
the scientific literature on entrepreneurial intentions but also show a clear connection with the empirical content examined 
in the survey study. Figure 2 presents the distribution of these elements across thematic periods, indicating conceptual 
continuity and alignment of the topics studied with specific characteristics and behaviors of students.

The assignment of Part-A  items to the three thematic periods identified in the SciMAT analysis - ‘knowledge’ 
(2020–2021), ‘innovation’ (2022–2023), and ‘technology/firms’ (2024–2025) - reflects conceptual alignment rather than 
statistical linkage. The mapping expresses face-valid correspondence between item content and the dominant themes 
emerging in the bibliometric structure; however, it is not based on empirical associations between item responses and the 
thematic clusters. Accordingly, this step is intended as a conceptual coherence check that situates the questionnaire within 
the evolving literature, rather than as a form of psychometric validation. Item A6 (“The setbacks I experience provide 
me with lessons for the future”) reflects a resilience- and learning-oriented mindset, emphasizing the interpretation of 
setbacks as opportunities for growth rather than as perceived limitations in performing tasks. The item captures students’ 
tendency to learn from difficulties and to reinterpret negative experiences in an adaptive manner. Accordingly, A6 is 
treated as an indicator of resilience- and learning-oriented attributes rather than as a measure of perceived capability or 
task-related efficacy.

In the first period (2020–2021), the dominant theme was “knowledge,” reflecting the literature’s focus on building 
the theoretical foundations of entrepreneurship. The survey questions assigned to this period (i.e., A1, A2, A9, A14, A21) 
relate to execution-oriented engagement, reflecting perseverance and the ability to implement planned actions rather than 
analytical or causal reasoning. A14 (“overcoming difficulties to acquire knowledge”) reflects learning-oriented engagement, 
while A21 (“I implement developed plans from start to finish”) represents execution-oriented behavior and perseverance.
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Figure 2. Distribution of items in the survey (Part A) according to their conceptual overlap 
with the periodic themes identified in the SciMAT analysis

In the period 2022–2023, centered around “innovation,” the literature shifts toward more dynamic and functional 
competencies such as creativity, adaptability, and problem-solving. The survey questions in this phase (i.e., A3, A4, A10, 
A12, A13, A16, A17) address skills related to creative thinking, cognitive flexibility, and taking initiative in situations of 
uncertainty. For example, A10 (“generating more than one solution”) and A12 (“adapting to new conditions”) clearly 
reflect innovative and adaptive attitudes, which are recognized as key in shaping entrepreneurial intentions.

The third period, 2024–2025 (up to May), shows a shift toward practical applications, with dominant themes such as 
“technology” and “firms.” The questions assigned to this stage (i.e., A6, A11, A18, A19, A20, A22) relate to the application 
of acquired competencies in the context of action, both individual and organizational. For example, A6 (“The setbacks 
I experience provide me with lessons for the future”) reflects a learning-from-difficulty and resilience-oriented mindset. 
The item emphasizes meaning-making and adaptive learning from negative experiences rather than perceived capability 
to perform tasks. Accordingly, A6 is interpreted as an indicator of resilience and learning orientation rather than 
a measure of self-efficacy. The even distribution of questions across the three thematic periods suggests that the studied 
traits and competencies of students align with the main axes of knowledge development in literature. This indicates that 
bibliometric analysis and the developed survey questionnaire complement each other, creating a coherent picture of how 
various psychological, cognitive, and behavioral aspects jointly shape students’ entrepreneurial intentions.

Rough sets approach to incomplete data 

Lack of response or refusal to respond is a cause of incompleteness. The simplest way to handle incomplete data is to 
choose the most frequent answer when the domain is discrete, or the average when the domain is continuous. More 
advanced approaches estimate the most probable values based on available data. In consequence, the completed data set 
may be inconsistent i.e. if there exist two cases with all values identical but belonging to different decisions.

Rough sets theory describes a decision in the form of a decision table (Pawlak, 1982) made under certain conditions. 
An example of an incomplete decision table is presented in Table 6. The rows of the decision table represent cases i.e. the 
answers given by the respondent. The finite set of all respondents is called the universe and is denoted by U. In Table 6, U = 
{1, 2, 3, 4, 5, 6, 7, 8, 9}. The independent variables (questions) are called Attributes. In Table 6, Employment status, Level 
of study and Mode of study are the attributes.

The dependent variable Business start is called a Decision. The set of all cases with the same decision value is called 
a concept. In Table 6, there are two concepts: the set {1, 2, 3, 6} of all cases for which the value of Business start is yes, and 
the set {4, 5, 7, 8, 9} for which the value of Business start is no.
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Table 6. Example of incomplete data set

Case Attributes Decision business start
Employment status Level of study Mode of study

1 full-time bachelor yes
2 full-time part-time yes
3 full-time part-time yes
4 unemployed master no
5 unemployed full-time no
6 unemployed bachelor full-time yes
7 inactive full-time no
8 inactive master part-time no
9 inactive bachelor no

Bachelor is the most common value of Level of study variable. Therefore, it should be selected for all the unknown 
values of this attribute. Result is presented in Table 7 (inserted values are italicized). Table 7 is inconsistent. Cases {5, 6} 
with all identical response values belonging to different concepts of decision. This approach to handling missing values 
does not account for the relationship between attribute values and decisions.

Table 7. Example of inconsistent data set

Case Attributes Decision business start
Employment status Level of study Mode of study

1 full-time bachelor yes
2 full-time bachelor part-time yes
3 full-time bachelor part-time yes
4 unemployed master no
5 unemployed bachelor full-time no
6 unemployed bachelor full-time yes
7 inactive bachelor full-time no
8 inactive master part-time no
9 inactive bachelor no

The most common attribute value method can be restricted to the concept (Kononenko et al., 1984). The most 
common value of the Level of studies variable for the concept yes is bachelor, while for the concept no it is master. Similarly, 
by completing the missing values in the Study Path attribute, the results areresented in Table 8. 

Table 8. The result of the concept’s most common attribute value method

Case Attributes Decision business start
Employment status Level of study Mode of study

1 full-time bachelor part-time yes
2 full-time bachelor part-time yes
3 full-time bachelor part-time yes
4 unemployed master full-time no
5 unemployed master full-time no
6 unemployed bachelor full-time yes
7 inactive master full-time no
8 inactive master part-time no
9 inactive bachelor full-time no
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Taking into account causes of incompleteness, such as accidental deletion, missed insertions, or refused responses, 
rough set theory also provides an interpretation of missing attribute values. Missing attribute values can be interpreted 
as lost values or “do not care” conditions (Grzymala-Busse, 1991; Kryszkiewicz, 1998). Lost values are denoted by question 
marks and are considered unavailable for the process of data mining. “Do not care” conditions denoted by star are 
interpreted as any specified value of the same attribute. In our research, we considered missing attribute values as “do not 
care” conditions, asresented in Table 9.

Table 9. Incomplete data set 

Case Attributes Decision business start
Employment status Level of study Mode of study

1 full-time bachelor * yes
2 full-time * part-time yes
3 full-time * part-time yes
4 unemployed master * no
5 unemployed * full-time no
6 unemployed bachelor full-time yes
7 inactive * full-time no
8 inactive master part-time no
9 inactive bachelor * no

To find the missing value of an attribute, we repeatedly add a case with the “do not care” conditions to the data, 
replacing it with subsequent attribute values from cases belonging to the same concept as the analyzed case. However, 
this approach does not account for relationships in the data. First of all, the maximal collection of cases, in which all cases 
are indiscernible in terms of available information, should be defined. Following Mroczek (2023) and Clark et al. (2024), 
maximal consistent blocks (MCB), as a maximal collection of indiscernible objects, for Table 7 are: {{1, 2, 3}, {4, 5}, {5, 6}, 
{7, 9}, {8}}. Consequently, upper and lower approximation are determined, as follows (Leung & Li, 2003):

To find the missing value of an attribute, we repeatedly add a case with the “do not care” 
conditions to the data, replacing it with subsequent attribute values from cases belonging to 
the same concept as the analyzed case. However, this approach does not account for 
relationships in the data. First of all, the maximal collection of cases, in which all cases are 
indiscernible in terms of available information, should be defined. Following Mroczek (2023) 
and Clark et al. (2024), maximal consistent blocks (MCB), as a maximal collection of 
indiscernible objects, for Table 7 are: {{1, 2, 3}, {4, 5}, {5, 6}, {7, 9}, {8}}. Consequently, 
upper and lower approximation are determined, as follows (Leung & Li, 2003): 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴(𝑋𝑋𝑋𝑋) = {𝑥𝑥𝑥𝑥 ∈ 𝑈𝑈𝑈𝑈 | 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥)  ⊆  𝑋𝑋𝑋𝑋} 
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴��������(𝑋𝑋𝑋𝑋) = {𝑥𝑥𝑥𝑥 𝑥𝑥𝑥𝑥𝑥  𝑥 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥) ∩ 𝑋𝑋𝑋𝑋 𝑋 𝑋} 

The lower approximation consists of all objects that certainly belong to the set, while 
the upper approximation contains all objects that possibly belong to the set. In Table 9, for 
concept yes X = {1, 2, 3, 6} 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {1, 2, 3} and 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {1, 2, 3, 5, 6}, while for the 
concept no X = {4, 5, 7, 8, 9} 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {4, 5, 7, 8, 9} and 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {4, 5, 6, 7, 8, 9}. Only 
certain sets are considered; therefore, case 6 is not included in the further analysis. The 
complete data set is presented in Table 10. 

Patterns discovering 

The purpose of survey analysis is to establish patterns in the form of a set of frequently 
occurring responses. Finding the most frequent and relevant subsets X occurring in a data set 
requires discovering a set of items and estimating the probability of their occurrence, as 
follows: |𝑋𝑋𝑋𝑋|

|𝑈𝑈𝑈𝑈|
 where |X| is the number of transactions containing the set X and |U| is the number 

of cases in the data set. 
For Table 10 the most frequent and relevant subsets are: {(Level of study, master), 

(Mode of study, full-time)}, {(Employment status, full-time), (Level of study, bachelor), 
(Mode of study, part-time)}. 

Selecting only the highest frequency subsets reduces the large, analyzed set and allows 
for a more detailed exploration of the relationships. 

Decision Tree Classifier 

C5.0, as an extension of the published algorithm in (Quinlan, 1993), is an advanced decision 
tree algorithm widely used in machine learning for classification tasks. Developed by Quinlan 
(1993), it predicts categorical outcomes by constructing decision trees based on input features. 
The algorithm follows a top-down, recursive process, selecting the most suitable feature at 

The lower approximation consists of all objects that certainly belong to the set, while the upper approximation contains all 
objects that possibly belong to the set. In Table 9, for concept 

To find the missing value of an attribute, we repeatedly add a case with the “do not care” 
conditions to the data, replacing it with subsequent attribute values from cases belonging to 
the same concept as the analyzed case. However, this approach does not account for 
relationships in the data. First of all, the maximal collection of cases, in which all cases are 
indiscernible in terms of available information, should be defined. Following Mroczek (2023) 
and Clark et al. (2024), maximal consistent blocks (MCB), as a maximal collection of 
indiscernible objects, for Table 7 are: {{1, 2, 3}, {4, 5}, {5, 6}, {7, 9}, {8}}. Consequently, 
upper and lower approximation are determined, as follows (Leung & Li, 2003): 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴(𝑋𝑋𝑋𝑋) = {𝑥𝑥𝑥𝑥 ∈ 𝑈𝑈𝑈𝑈 | 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥)  ⊆  𝑋𝑋𝑋𝑋} 
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴��������(𝑋𝑋𝑋𝑋) = {𝑥𝑥𝑥𝑥 𝑥𝑥𝑥𝑥𝑥  𝑥 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥) ∩ 𝑋𝑋𝑋𝑋 𝑋 𝑋} 

The lower approximation consists of all objects that certainly belong to the set, while 
the upper approximation contains all objects that possibly belong to the set. In Table 9, for 
concept yes X = {1, 2, 3, 6} 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {1, 2, 3} and 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {1, 2, 3, 5, 6}, while for the 
concept no X = {4, 5, 7, 8, 9} 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {4, 5, 7, 8, 9} and 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {4, 5, 6, 7, 8, 9}. Only 
certain sets are considered; therefore, case 6 is not included in the further analysis. The 
complete data set is presented in Table 10. 

Patterns discovering 

The purpose of survey analysis is to establish patterns in the form of a set of frequently 
occurring responses. Finding the most frequent and relevant subsets X occurring in a data set 
requires discovering a set of items and estimating the probability of their occurrence, as 
follows: |𝑋𝑋𝑋𝑋|

|𝑈𝑈𝑈𝑈|
 where |X| is the number of transactions containing the set X and |U| is the number 

of cases in the data set. 
For Table 10 the most frequent and relevant subsets are: {(Level of study, master), 

(Mode of study, full-time)}, {(Employment status, full-time), (Level of study, bachelor), 
(Mode of study, part-time)}. 

Selecting only the highest frequency subsets reduces the large, analyzed set and allows 
for a more detailed exploration of the relationships. 

Decision Tree Classifier 

C5.0, as an extension of the published algorithm in (Quinlan, 1993), is an advanced decision 
tree algorithm widely used in machine learning for classification tasks. Developed by Quinlan 
(1993), it predicts categorical outcomes by constructing decision trees based on input features. 
The algorithm follows a top-down, recursive process, selecting the most suitable feature at 

 
while for the concept 

To find the missing value of an attribute, we repeatedly add a case with the “do not care” 
conditions to the data, replacing it with subsequent attribute values from cases belonging to 
the same concept as the analyzed case. However, this approach does not account for 
relationships in the data. First of all, the maximal collection of cases, in which all cases are 
indiscernible in terms of available information, should be defined. Following Mroczek (2023) 
and Clark et al. (2024), maximal consistent blocks (MCB), as a maximal collection of 
indiscernible objects, for Table 7 are: {{1, 2, 3}, {4, 5}, {5, 6}, {7, 9}, {8}}. Consequently, 
upper and lower approximation are determined, as follows (Leung & Li, 2003): 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴(𝑋𝑋𝑋𝑋) = {𝑥𝑥𝑥𝑥 ∈ 𝑈𝑈𝑈𝑈 | 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥)  ⊆  𝑋𝑋𝑋𝑋} 
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴��������(𝑋𝑋𝑋𝑋) = {𝑥𝑥𝑥𝑥 𝑥𝑥𝑥𝑥𝑥  𝑥 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥) ∩ 𝑋𝑋𝑋𝑋 𝑋 𝑋} 

The lower approximation consists of all objects that certainly belong to the set, while 
the upper approximation contains all objects that possibly belong to the set. In Table 9, for 
concept yes X = {1, 2, 3, 6} 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {1, 2, 3} and 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {1, 2, 3, 5, 6}, while for the 
concept no X = {4, 5, 7, 8, 9} 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {4, 5, 7, 8, 9} and 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {4, 5, 6, 7, 8, 9}. Only 
certain sets are considered; therefore, case 6 is not included in the further analysis. The 
complete data set is presented in Table 10. 

Patterns discovering 

The purpose of survey analysis is to establish patterns in the form of a set of frequently 
occurring responses. Finding the most frequent and relevant subsets X occurring in a data set 
requires discovering a set of items and estimating the probability of their occurrence, as 
follows: |𝑋𝑋𝑋𝑋|

|𝑈𝑈𝑈𝑈|
 where |X| is the number of transactions containing the set X and |U| is the number 

of cases in the data set. 
For Table 10 the most frequent and relevant subsets are: {(Level of study, master), 

(Mode of study, full-time)}, {(Employment status, full-time), (Level of study, bachelor), 
(Mode of study, part-time)}. 

Selecting only the highest frequency subsets reduces the large, analyzed set and allows 
for a more detailed exploration of the relationships. 

Decision Tree Classifier 

C5.0, as an extension of the published algorithm in (Quinlan, 1993), is an advanced decision 
tree algorithm widely used in machine learning for classification tasks. Developed by Quinlan 
(1993), it predicts categorical outcomes by constructing decision trees based on input features. 
The algorithm follows a top-down, recursive process, selecting the most suitable feature at 

. Only certain sets are 
considered; therefore, case 6 is not included in the further analysis. The complete data set is presented in Table 10.

Table 10. Complete data set 

Case Attributes Decision business start
Employment status Level of study Mode of study

1 full-time bachelor part-time yes
2 full-time bachelor part-time yes
3 full-time bachelor part-time yes
4 unemployed master full-time no
5 unemployed master full-time no
7 inactive master full-time no
8 inactive master part-time no
9 inactive bachelor full-time no
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Patterns discovering

The purpose of survey analysis is to establish patterns in the form of a set of frequently occurring responses. Finding 
the most frequent and relevant subsets X occurring in a data set requires discovering a set of items and estimating the 
probability of their occurrence, as follows: 

To find the missing value of an attribute, we repeatedly add a case with the “do not care” 
conditions to the data, replacing it with subsequent attribute values from cases belonging to 
the same concept as the analyzed case. However, this approach does not account for 
relationships in the data. First of all, the maximal collection of cases, in which all cases are 
indiscernible in terms of available information, should be defined. Following Mroczek (2023) 
and Clark et al. (2024), maximal consistent blocks (MCB), as a maximal collection of 
indiscernible objects, for Table 7 are: {{1, 2, 3}, {4, 5}, {5, 6}, {7, 9}, {8}}. Consequently, 
upper and lower approximation are determined, as follows (Leung & Li, 2003): 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴(𝑋𝑋𝑋𝑋) = {𝑥𝑥𝑥𝑥 ∈ 𝑈𝑈𝑈𝑈 | 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥)  ⊆  𝑋𝑋𝑋𝑋} 
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴��������(𝑋𝑋𝑋𝑋) = {𝑥𝑥𝑥𝑥 𝑥𝑥𝑥𝑥𝑥  𝑥 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐴𝐴𝐴𝐴(𝑥𝑥𝑥𝑥) ∩ 𝑋𝑋𝑋𝑋 𝑋 𝑋} 

The lower approximation consists of all objects that certainly belong to the set, while 
the upper approximation contains all objects that possibly belong to the set. In Table 9, for 
concept yes X = {1, 2, 3, 6} 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {1, 2, 3} and 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {1, 2, 3, 5, 6}, while for the 
concept no X = {4, 5, 7, 8, 9} 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {4, 5, 7, 8, 9} and 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝑋𝑋) = {4, 5, 6, 7, 8, 9}. Only 
certain sets are considered; therefore, case 6 is not included in the further analysis. The 
complete data set is presented in Table 10. 

Patterns discovering 

The purpose of survey analysis is to establish patterns in the form of a set of frequently 
occurring responses. Finding the most frequent and relevant subsets X occurring in a data set 
requires discovering a set of items and estimating the probability of their occurrence, as 
follows: |𝑋𝑋𝑋𝑋|

|𝑈𝑈𝑈𝑈|
 where |X| is the number of transactions containing the set X and |U| is the number 

of cases in the data set. 
For Table 10 the most frequent and relevant subsets are: {(Level of study, master), 

(Mode of study, full-time)}, {(Employment status, full-time), (Level of study, bachelor), 
(Mode of study, part-time)}. 

Selecting only the highest frequency subsets reduces the large, analyzed set and allows 
for a more detailed exploration of the relationships. 

Decision Tree Classifier 

C5.0, as an extension of the published algorithm in (Quinlan, 1993), is an advanced decision 
tree algorithm widely used in machine learning for classification tasks. Developed by Quinlan 
(1993), it predicts categorical outcomes by constructing decision trees based on input features. 
The algorithm follows a top-down, recursive process, selecting the most suitable feature at 

 where |X| is the number of transactions containing the set X and |U| is 
the number of cases in the data set. For Table 10 the most frequent and relevant subsets are: {(Level of study, master), 
(Mode of study, full-time)}, {(Employment status, full-time), (Level of study, bachelor), (Mode of study, part-time)}. 
Selecting only the highest frequency subsets reduces the large, analyzed set and allows for a more detailed exploration of 
the relationships.

Decision tree classifier 

C5.0, as an extension of the published algorithm in (Quinlan, 1993), is an advanced decision tree algorithm widely used in 
machine learning for classification tasks. Developed by Quinlan (1993), it predicts categorical outcomes by constructing 
decision trees based on input features. The algorithm follows a top-down, recursive process, selecting the most suitable 
feature at each step to split the data. It evaluates the quality and size of the resulting subgroups using metrics such as 
information gain and gain ratio to determine optimal splits. Pruning techniques are applied to prevent overfitting and 
enhance the model’s ability to generalize to new data. C5.0 effectively handles categorical and numerical variables as well 
as missing values. The resulting decision trees provide clear, interpretable classification results, making the algorithm 
a popular choice across various fields.

EXPERIMENTS & RESULTS

Our main goal was to determine the relationship between entrepreneurial competencies and entrepreneurial intentions. 
To achieve this, a hybrid approach, including several of the machine learning methods mentioned above, was employed 
to plan the research process, conduct the research, and interpret the results. 

First of all, the survey data was incomplete. For this reason, the maximal collection of cases, in which all cases 
are indiscernible in terms of available information, was identified. Then, the lower approximation of concepts based on 
maximal consistent blocks was determined. In this way, a complete, consistent data set was prepared for further analysis. 
It should be noted that the incompleteness of the dataset was below 1% of all observations, with missing values in six cases 
affecting the dependent variable (the decision). The decision variable was not imputed, as its imputation could introduce 
bias and distort the relationships between variables. Additionally, the applied method for handling missing data does not 
account for the decision variable, as it is intended solely for imputing values in explanatory variables.

The analysis used a  one-hot encoder because it allows each possible Likert-scale response to be represented as 
a separate binary variable, ensuring that item sets are defined unambiguously without making assumptions about the level 
of agreement. In the following step the most frequent and significant subsets of responses were discovered in the complete 
data set. The subsets for which the probability of occurrence is above 30% are presented in Table 11. It should be noted that 
30% is more than 456 responses in the set. The most significant subsets of responses involved either consistent “Rather 
agree” or consistent “Rather disagree” selections; in each case, both answers within a pattern fell into the same category. 
No mixed combinations were observed. This indicates a clear and decisive stance among the respondents.

The discovered patterns in the data allowed for the reduction of the data set. Demographic information (such as 
gender, age, employment status, mode, level and field of study) was added to the reduced data. In the C5.0 model, only the 
most significant variables for each metric were used.
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Table 11. The most significant subsets of responses
[A10. In difficult and complex situations, I always find a few alternatives to solve the problem, A12. I can easily adapt to new circumstances]

[A10. In difficult and complex situations, I always find a few alternatives to solve the problem, A13. I am able to look at a situation from different points of view]

[A10. In difficult and complex situations, I always find a few alternatives to solve the problem, A19. I try to cope with solving problems no matter how difficult they are]

[A13. I am able to look at a situation from different points of view, A12. I can easily adapt to new circumstances]

[A13. I am able to look at a situation from different points of view, A19. I try to cope with solving problems no matter how difficult they are]

[A14. I like to find out about things even if it means handling some problems while doing so, A19. I try to cope with solving problems no matter how difficult they are]

[A18. I make a determined effort to achieve the goals I set for myself, A19. I try to cope with solving problems no matter how difficult they are]

[A19. I try to cope with solving problems no matter how difficult they are, A12. I can easily adapt to new circumstances]

[A22. I am open to new experiences, A20. Dealing with difficult situations strengthens and develops me]

[A20. Dealing with difficult situations strengthens and develops me, A6. The setbacks I experience provide me with lessons for the future]

The obtained models were subjected to semantic analysis to determine the dependencies between the values of 
variables and demographic metrics. To clarify the analytical scope, the decision‑tree models were not designed to predict 
entrepreneurial intention nor to estimate the moderating role of demographic variables. Instead, the models identify 
group‑differentiating response patterns, showing how entrepreneurial competencies and intention‑related attributes 
cluster within specific demographic categories. This pattern‑based approach aligns with the exploratory nature of the 
study and complements the earlier pattern‑mining results. In the C5.0 decision‑tree models, demographic categories (e.g., 
gender, age group, nationality, field of study) were treated as dependent variables to identify the response patterns that 
differentiate these groups. This approach enables the extraction of group‑differentiating configurations of entrepreneurial 
competencies and intention‑related attributes, rather than predicting intention outcomes or modelling causal relationships. 
The main goal of this analysis was to identify which features and conditions in the models have the greatest impact 
on demographic indicators and what conclusions can be drawn from them in the context of students’ entrepreneurial 
competencies. The accuracy of the developed models, evaluated through 10-fold cross-validation, was approximately 70% 
when employing the classifier’s default parameters. The identified dependencies were visualized in Figure 3 to Figure 8. 
Darker colors symbolize stronger dependencies, while lighter colors symbolize weaker ones.

Figure 3. Dependencies: Attributes and the gender4 Figure 4. Dependencies: Attributes and the age

4   A6. The setbacks I experience provide me with lessons for the future. A10. In difficult and complex situations, I always find a few alternatives to solve the problem. A12. I can easily adapt 
to new circumstances. A13. I am able to look at a situation from different points of view. A14. I like to find out about things even if it means handling some problems while doings so. A18. 
I make a determined effort to achieve the goals I set for myself. A19. I try to cope with solving problems no matter how difficult they are. A20. Dealing with difficult situations strengthens 
and develops me. A22. I am open to new experiences. The answers to each question were on a Likert scale. They were as follows: 1) Definitely agree, 2) Rather agree, 3) Neither agree or 
disagree, 4) Rather disagree, 5) Definitely disagree. Hence, on the 0X axis, each question is accompanied by a resolution referring to the answer chosen by the students.
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Figure 5 Dependencies: Attributes and employment status Figure 6. Dependencies: Attributes and field of study

Figure 7. Dependencies: Attributes and mode of study Figure 8. Dependencies: Attributes and country-of-origin

DISCUSSION

Students who readily adapt to new circumstances (A12) are more likely to find alternative solutions in difficult situations 
(A10). Adaptation, understood as cognitive, behavioral, and emotional adjustment to change (Sheriston et al., 2019), 
supports problem-solving and resilience (Feraco et al., 2023b). This ability is conceptually associated with entrepreneurial 
readiness, enabling individuals to cope with business-related challenges (Salas Tuanama et al., 2024; Indhirapratha & 
Thavaraj, 2024).

Students who are capable of viewing situations from multiple perspectives (A13) are more likely to generate a variety 
of solutions to problems (A10). Situational self-awareness (Govern & Marsch, 2001) and innovativeness (Gözükara & 
Çolakoğlu, 2016) support entrepreneurial intentions (Bae, 2024). Entrepreneurial alertness mediates the relationship 
between innovativeness and the readiness to start a business, indicating that creative students are more likely to take 
action (Gözükara & Çolakoğlu, 2016). Those who engage in solving complex problems (A19) often identify alternative 
solutions (A10) and demonstrate determination in pursuing their goals (A18). Their adaptability (A12) reflects 
both resilience and creativity. Perseverance contributes to solution generation (Merrill, 2003; Hidayati et al., 2022), 
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while openness (Clarete et al., 2023), conscientiousness (Juhari et al., 2023), and autonomy enhance self-efficacy and 
entrepreneurial behavior (Brás et al., 2023).

Cognitive flexibility, stemming from perspective-taking (A13) and adaptability (A12), supports entrepreneurial 
intentions (Jiatong et al., 2021). Entrepreneurial self-efficacy and adaptability gain importance through education 
(Qiao & Hua, 2019; Zhang et al., 2022; Sun et al., 2023). The ability to take on challenges (A19) and creativity (A10) 
foster innovativeness and resilience (Zhao et al., 2014). Students with high cognitive flexibility are more likely to seize 
opportunities under uncertain conditions (Caputo et al., 2025).

Solving complex problems (A19) facilitates learning, even in the face of obstacles (A14). Action-based learning 
supports the development of competencies and entrepreneurial intentions (Atrup et al., 2023; Triansyah et al., 2023; Arifia 
et al., 2024). Resilience, understood as perceiving difficulties as opportunities (A20), is associated with openness (A22) 
and promotes entrepreneurial behavior (Cruz et al., 2022; Abdel-Kader et al., 2023). Moreover, students who believe that 
challenges strengthen them (A20) tend to view failure as a learning experience (A6). This mindset, linked to resilience, 
correlates with entrepreneurial intention (Cruz et al., 2022). 

The dependencies between the values of variables and demographic metrics

The developed models enabled the identification of relationships between attribute values and demographic information 
(i.e., decisions and their corresponding classes), highlighting group‑differentiating patterns in traits relevant to students’ 
entrepreneurial intentions.

The „gender” decision revealed that within the „female” class, disagreement with the statement that failures are 
a source of future learning (A6) was associated with adaptability (A12), disagreement with the notion that difficulties 
strengthen (A20), and low openness to new experiences (A22). While women demonstrate adaptive capacity, fear of 
failure negatively impacts their entrepreneurial intentions (Rahman & Mahendran, 2025) and limits opportunities for 
experiential learning (He & Krähenmann, 2021). Among men, there is a lack of perception in the value of failure (A6), 
reluctance to engage in problem-solving (A14), a limited perception of alternatives (A10), and an avoidance of challenging 
situations (A19). These attitudes may be culturally driven and stem from social pressure to avoid showing vulnerability 
(Nikolić et al., 2020). This is supported by findings on the detrimental effect of fear of failure on entrepreneurial intentions 
(Wimer & Levant, 2011; Mutmainnah et al., 2024).

The analysis of the „age” decision revealed differing student approaches to failure, problem-solving, and motivation. 
The 16–18 age group does not perceive failure as a learning opportunity (A6), struggles to identify action strategies (A10), 
and shows weak goal-directed motivation (A18). They are reluctant to engage in learning through overcoming difficulties 
(A14), which aligns with low challenge readiness (A19), confirming the findings of Fournier et al. (1995). The 19–21 
age group, consistent with Allan (2017), does not view difficult situations as developmental (A20), demonstrates low 
engagement in problem-solving (A19), denies the value of failure (A6), has difficulty identifying alternatives (A10), 
and shows ambiguous attitudes toward growth through adversity (A20). The 22–24 age group exhibits three patterns: 
rejection of learning from failure (A6), weaker opposition to development through difficulty (A20), cognitive flexibility 
(A13), and a willingness to act despite challenges (A19). Moderate agreement is observed only for adaptability (A12), in 
line with Stephens & Gehlbach (2007). The 25–30 age group displays two distinct patterns. The first includes a negative 
attitude toward learning through problem-solving (A14), identifying alternatives (A10), and goal pursuit (A18), with 
no clear stance on learning from failure (A6) or growth through adversity (A20). The second pattern reflects reluctance 
to act under challenging conditions (A19), low motivation (A18), and a  lack of openness to change (A12), alongside 
moderately negative cognitive flexibility (A13) and an undefined view on learning through overcoming difficulties (A14). 
These findings are supported by Lee (2009).

Responses categorized by the “nationality” decision indicate that individuals of Polish nationality more frequently 
report learning from failure (A6) and identifying alternative solutions in difficult situations (A10), which may reflect 
a  stronger growth mindset and a  heightened sense of agency (Cieślik et al., 2024). Students from outside Poland are 
more likely to report ease in adapting to new conditions (A12) (Bartkowiak & Krugiełka, 2017), likely due to their 
international experiences (Słowińska, 2016). In contrast, Polish respondents more often indicate the ability to adopt 
multiple perspectives (A13) (Błaszczak & Klocek, 2022), higher engagement in goal pursuit (A18), and greater resilience 
when facing adversity (A19, A20) (Surzykiewicz et al., 2019). Both groups show similar levels of cognitive curiosity (A14); 
however, foreign students more frequently express openness to new experiences (A22), which may stem from greater 
mobility and functioning in diverse environments.
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Relationships between attributes and the “employment status” decision revealed that individuals employed full-
time and self-employed most frequently report the ability to learn from mistakes (A6), which may result from greater 
exposure to professional challenges (Wilhelm et al., 2019; Tao et al., 2023). Freelancers and self-employed individuals 
are equally likely to indicate the ability to find alternative solutions (A10), reflecting their flexibility (Becker et al., 2014). 
Unemployed and inactive individuals are less likely to agree with these statements, possibly indicating lower perceived 
agency (Justo et al., 2021). Employed individuals, especially full-time workers and freelancers, are more likely to report 
ease of adaptation (A12) and the capacity to adopt multiple perspectives (A13) (Justo et al., 2021). The highest cognitive 
curiosity and readiness to learn through difficulties (A14) are exhibited by trainees and working students (Tumin et 
al., 2020). Self-employed and full-time employees score highest on perseverance (A18), coping with difficulties (A19), 
and perceiving challenges as growth opportunities (A20) (Feraco et al., 2023a), whereas inactive and unemployed 
respondents are more likely to provide neutral or negative responses (Dunn et al., 2014). Freelancers and those with 
flexible work arrangements achieve the highest scores in openness to new experiences (A22), likely because of the need 
for continuous adaptation (Frie et al., 2024).

The study also revealed differences in attribute outcomes based on the “field of study” decision. A comparison of 
students across different disciplines highlights significant variations in approaches to adaptation, development, and 
problem-solving. Students of Psychology, Nursing, and Management more frequently learn from mistakes (A6) and 
adopt multiple perspectives (A13), which may be attributed to the humanistic orientation of these programs (Winarko & 
Budiwati, 2024; Hojat, 2016). In contrast, technical and IT-related fields (Programming, Computer Science, Data Science) 
promote the identification of alternatives (A10) and cognitive flexibility (A12) (Sim & Wright, 2002; Bhattacherjee & 
Kukreja, 2023). Students in Finance and Accounting in Management and International Business Management exhibit 
higher perseverance (A18) and better coping with difficult situations (A19, A20), suggesting a strong goal orientation 
(Séllei, 2021). Meanwhile, students from artistic disciplines (Graphic Design, Game Design and Development) stand out 
for their openness to new experiences (A22) and cognitive curiosity (A14), reflecting the creative nature of these fields 
(Feraco et al., 2023b).

Differences were also observed in responses related to the “mode of study” decision. Students studying in English 
more frequently report openness to new experiences (A22), ease of adaptation (A12) (Drozdova & Taulean, 2022), and 
the perception that challenging situations support their development (A20), which may result from functioning in an 
international environment (Guillén-Yparrea & Ramírez-Montoya, 2023; Dunworth et al., 2021). Conversely, Polish-
speaking students more often indicate perseverance in goal attainment (A18) and effectiveness in problem-solving (A10), 
potentially reflecting a task-oriented approach to learning (Pharaoh & Li, 2022). Differences in reflection on failures (A6) 
and willingness to learn despite difficulties (A14) are minimal, with a slight advantage for students studying in Polish. 

This work does not directly operationalize the TPB components; therefore, the results should not be interpreted 
as an empirical test of the TPB model. The study does not assess latent factor structure or cross‑language measurement 
equivalence, as the analytical focus is on item‑level pattern configurations rather than psychometric scale validation. 
Instead, the observed relationships represent conceptual patterns related to intention that emerge within the scope of 
entrepreneurial potential. In this study, the relationships among elements of adaptability, resilience, problem-solving, 
and initiative reflect conceptual coherence in students’ self-definitions and the internal clustering of these characteristics. 
These patterns are consistent with the dominant themes highlighted in the bibliometric structure. Direct analysis has not 
been performed to correlate item-level features with intention-specific responses; therefore, the findings are interpreted 
as thematic alignment and clustering rather than predictive evidence.

In this study, the internal structure of intention-related attributes among university students was examined using 
mining techniques and compared with the thematic evolution of entrepreneurship research. The study findings indicate 
that students’ adaptability, resilience, and initiative-related traits often converge and are conceptually aligned with the main 
knowledge areas in the field. These results provide an integrative perspective on how behavioral trends at the individual 
level relate to broader trends in entrepreneurship.

This study makes a methodological contribution by linking micro-level patterns with macro thematic development, 
while emphasizing practical aspects for entrepreneurship education and the enhancement of institutional support. 
Future research may expand on this study by incorporating longitudinal data, additional behavioral constructs, or multi-
institutional datasets to further validate and expand on the insights presented here.
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CONCLUSION

This study examined entrepreneurial intentions through a multilayered analytical framework that integrates bibliometric 
analysis (SciMAT) with machine learning–based decision tree classification. SciMAT was employed to situate survey 
items within the evolving thematic structure of the entrepreneurship literature, providing a conceptual and interpretative 
coherence check rather than a  psychometric validation of the instrument (Cobo et al., 2012; Vila-Lopez & Küster-
Boluda, 2021).

The bibliometric analysis highlighted resilience, initiative, adaptive thinking, problem solving, goal orientation, 
cognitive flexibility, and open-mindedness as dominant themes in recent entrepreneurship research. These themes have 
been widely discussed as foundational elements of entrepreneurial development (Dessyana, 2017; Feraco et al., 2023b). 
Their convergence with high-influence survey items identified in the decision tree analysis indicates conceptual alignment 
between the literature and observed student response patterns, rather than empirical validation or predictive inference.

Clarifying item interpretation was an important outcome of this study. Item A21, based on its actual wording 
(“I implement developed plans from start to finish”), was reclassified as an execution-oriented behavioral competency 
reflecting perseverance and follow-through, rather than causal reasoning. This refinement ensures internal consistency 
between item content and the thematic clusters derived from the bibliometric analysis. Similarly, Item A6 was interpreted 
as reflecting resilience and learning from adversity, consistent with prior conceptualizations of adaptive learning and 
growth-oriented mindsets (Feraco et al., 2023a; Rahman & Mahendran, 2025).

The temporal evolution identified in the SciMAT analysis suggests that entrepreneurial intentions are shaped by both 
individual attributes and changing thematic emphases in the literature. While knowledge-oriented themes dominated 
earlier periods, more recent years have emphasized innovativeness and technology-related competencies, reflecting 
broader shifts in entrepreneurship education and research agendas (Dessyana, 2017; Brás et al., 2023).

From a theoretical perspective, the findings indicate that key psychological attributes such as initiative, adaptability, 
and cognitive flexibility are reflected in students’ behavioral patterns. These attributes cluster conceptually within intention-
related configurations, rather than serving as direct indicators of perceived capability or predictive validity. In this sense, 
the results resonate with prior work emphasizing the multidimensional and context-sensitive nature of entrepreneurial 
attributes (Caliendo et al., 2023; Feraco et al., 2023b).

From a  practical standpoint, the findings offer a  data-driven basis for entrepreneurship education. Educational 
programs may benefit from focusing on the development of problem-solving ability (A19), adaptability (A12), goal-
directed behavior (A18), and resilience-oriented learning, as suggested by recent studies on experiential and action-based 
entrepreneurship education (Qiao & Hua, 2019; Sun et al., 2023; Atrup et al., 2023). The integration of decision-support 
tools and AI-based analytical approaches can assist educators and policymakers in designing targeted and responsive 
learning environments that address diverse student profiles and evolving educational needs.

References 
Abdel-Kader, N., Abi El Hassan, Y., & Halim, Y. (2023). Examining resilience in the link between self-efficacy and entrepreneurial intentions 

among business administration students. MSA-Management Sciences Journal, 2(4), 94–117. https://doi.org/10.2139/ssrn.4616564
Acs, Z. J., Estrin, S., Mickiewicz, T., et al. (2018). Entrepreneurship, institutional economics, and economic growth: An ecosystem perspective. 

Small Business Economics, 51, 501–514. https://doi.org/10.1007/s11187-018-0013-9
Allan, D. (2017). Setting them up to fail: Post-16 progression barriers of previously disengaged students. PRISM: Casting New Light on Learning, 

Theory and Practice, 1(1), 21–45.
Ajzen, I. (1991). The theory of planned behavior. Organizational Behavior and Human Decision Processes, 50(2), 179–211.
Anwar, I., & Saleem, I. (2019). Exploring entrepreneurial characteristics among university students: An evidence from India. Asia Pacific Journal 

of Innovation and Entrepreneurship, 13(3), 282–295. https://doi.org/10.1108/APJIE-07-2018-0044
Arifia, S., Pratondo, K., Zaid, Z., Somantri, A., & Al Bahy, M. P. (2024). Stimulating higher education students’ entrepreneurial intention: 

Observing the influence of entrepreneurship education and lecturers’ personal competence. Jurnal Penelitian Pendidikan, 27(1), 16–23. 
https://doi.org/10.20961/paedagogia.v27i1.84237

Atrup, A., Diawati, P., Syamsuri, S., Pramono, S. A., & Ausat, A. M. A. (2023). The effect of entrepreneurship education and creativity on students’ 
entrepreneurial intention: The perspective of effectuation and cognitive flexibility theory. Jurnal Kependidikan: Jurnal Hasil Penelitian dan 
Kajian Kepustakaan di Bidang Pendidikan, Pengajaran dan Pembelajaran, 9(2), 555–569. https://doi.org/10.33394/jk.v9i2.7822

Awwad, M. S., & Al-Aseer, R. M. N. (2021). Big Five personality traits impact on entrepreneurial intention: The mediating role of entrepreneurial 
alertness. Asia Pacific Journal of Innovation and Entrepreneurship, 15(1), 87–100. https://doi.org/10.1108/APJIE-09-2020-0136

Baba, R., Keling, W., & Yap, C. S. (2025). The effect of subjective norms, attitude and start-up capital on the entrepreneurial intention of the 
Indigenous people in Malaysia. Journal of Enterprising Communities: People and Places in the Global Economy, 1–28. https://doi.org/10.1108/
JEC-05-2024-0100



 53 

Entrepreneurial competencies and the conceptual dimension of intentions: Insights from a hybrid machine learning approach

Bae, B. Y. (2024). A  study on the effect of situational self-awareness of college students on entrepreneurial intention. Asia-Pacific Journal of 
Convergent Research Interchange, 10(8), 171–183. http://dx.doi.org/10.47116/apjcri.2024.08.14

Baron, R. A., & Shane, S. A. (2008). Entrepreneurship: A process perspective (2nd ed.). South-Western Cengage Learning.
Bartkowiak, G., & Krugiełka, A. (2017). Postawy Polaków z wyższym wykształceniem wobec imigrantów w zakresie współpracy zawodowej. 

Krakow Review of Economics and Management, 4(964), 153–174. https://doi.org/10.15678/ZNUEK.2017.0964.0409
Becker, J., Süß, S., & Sieweke, J. (2014). Individuelle Kompetenzen als zentrale Einflussfaktoren der Employability von Freelancern: Eine empirische 

Analyse. Schmalenbachs Zeitschrift für betriebswirtschaftliche Forschung, 66, 62–87. https://doi.org/10.1007/BF03373726
Bhattacherjee, A., & Kukreja, V. (2023, July). Preparing next-gen trailblazers: An EFA-driven investigation of problem-solving skills of 

employability in computer science graduates. In 2023 4th International Conference on Electronics and Sustainable Communication Systems 
(ICESC) (pp. 716–721). IEEE. https://doi.org/10.1109/icesc57686.2023.10193603

Błaszczak, A., & Klocek, M. (2022). Polish adaptation of the Actively Open-Minded Thinking (AOT) questionnaire: Pomiar otwartego 
i elastycznego myślenia (POEM). Przegląd Psychologiczny, 65(4), 135–153. https://doi.org/10.31648/przegldpsychologiczny.9104

Brás, G. R., Daniel, A., & Fernandes, C. (2024). The effect of proximal personality traits on entrepreneurial intention among higher education 
students. International Journal of Innovation Science, 16(1), 114–137. https://doi.org/10.1108/IJIS-10-2022-0198

Braunerhjelm, P., & Henrekson, M. (2024). Theories of growth, innovation, and entrepreneurship. In Unleashing society’s innovative capacity 
(International Studies in Entrepreneurship, Vol. 55). Springer. https://doi.org/10.1007/978-3-031-42756-5_2

Bujlow, T., Riaz, T., & Pedersen, J. M. (2012). A method for classification of network traffic based on C5.0 machine learning algorithm. In International 
Conference on Computing, Networking and Communications (ICNC 2012) (pp. 244–248). IEEE. https://doi.org/10.1109/ISCC.2012.6249413

Caliendo, M., Kritikos, A. S., Rodríguez, D., et al. (2023). Self-efficacy and entrepreneurial performance of start-ups. Small Business Economics, 
61, 1027–1051. https://doi.org/10.1007/s11187-022-00728-0

Caputo, A., Nguyen, V. H. A., & Delladio, S. (2025). Risk-taking, knowledge, and mindset: Unpacking the antecedents of entrepreneurial intention. 
International Entrepreneurship and Management Journal, 21(1), 1–29. https://doi.org/10.1007/s11365-024-01064-3

Cieślik, B., Iwanowska, B., Kapranov, Y., Karpiński, Ł., & Stadniczenko, D. (2024). Multidisciplinary assessment of crisis resilience in English and 
Polish populations: Linguistic, philosophical, and economic perspectives using war, pandemic/Wojna, pandemia stimuli. Academic Journal 
of Modern Philology, 22, 49–64. https://doi.org/10.34616/ajmp.2024.22.4

Clarete, P. M. D., Mondejar, M. A. D., Quimba, N. R. L., & Gaygay, C. J. (2023). A  descriptive-correlational study on personality traits and 
entrepreneurial intentions of senior high school learners. International Journal of Multidisciplinary: Applied Business and Education 
Research, 4(12), 4460–4472. http://dx.doi.org/10.11594/ijmaber.04.12.22

Clark, P. G., Grzymala-Busse, J. W., Hippe, Z. S., & Mroczek, T. (2024). Mining incomplete data using global and saturated probabilistic approximations 
based on characteristic sets and maximal consistent blocks. Information Sciences, 662, 120287. https://doi.org/10.1016/j.ins.2024.120287

Cobo, M. J., López-Herrera, A. G., Herrera-Viedma, E., & Herrera, F. (2012). SciMAT: A new science mapping analysis software tool. Journal of 
the American Society for Information Science and Technology, 63(8), 1609–1630. https://doi.org/10.1002/asi.22688

Cruz, P. D. A., Covarrubias, L. P. C., & Pérez, P. A. (2022). The effect of resilience on entrepreneurial intention in higher education students in 
a post-Covid stage 19. Journal of Higher Education Theory and Practice, 22(18), 6–20. https://doi.org/10.33423/jhetp.v22i18.5695

Dessyana, A. (2017). The influence of innovation and entrepreneurial self-efficacy to digital startup success (B. P. D. Riyanti, Trans.). International 
Research Journal of Business Studies, 10(1), 57–68. https://doi.org/10.21632/irjbs.10.1.57-68

Drozdova, V., & Taulean, M. (2022). Academic and intercultural competences of international students in higher education. Acta Prosperitatis, 
13(1), 25–45. https://doi.org/10.37804/1691-6077-2022-13-24-45

Dunn, A., Grasso, M. T., & Saunders, C. (2014). Unemployment and attitudes to work: Asking the ‘right’ question. Work, Employment and Society, 
28(6), 904–925. https://doi.org/10.1177/09500170145290

Dunworth, K., Grimshaw, T., Iwaniec, J., & McKinley, J. (2021). Language and the development of intercultural competence in an ‘internationalised’ 
university: Staff and student perspectives. Teaching in Higher Education, 26(6), 790–805. https://doi.org/10.1080/13562517.2019.1686698

Fayolle, A., & Gailly, B. (2008). From craft to science: Teaching models and learning processes in entrepreneurship education. Journal of European 
Industrial Training, 32(7), 569–593. https://doi.org/10.1108/03090590810899838

Fayolle, A., & Liñán, F. (2014). The future of research on entrepreneurial intentions. Journal of Business Research, 67(5), 663–666. https://doi.
org/10.1016/j.jbusres.2013.11.024

Feraco, T., Casali, N., & Meneghetti, C. (2023a). Adaptability favors positive academic responses and posttraumatic growth under COVID-19: 
A longitudinal study with adolescents. European Journal of Psychology of Education, 38(4), 1771–1789. https://doi.org/10.1007/s10212-022-
00667-0

Feraco, T., Sella, E., Meneghetti, C., & Cona, G. (2023b). Adapt, explore, or keep going? The role of adaptability, curiosity, and perseverance in 
a network of study-related factors and scholastic success. Journal of Intelligence, 11(2), 34. https://doi.org/10.3390/jintelligence11020034

Fong, E. H., Catagnus, R. M., Brodhead, M. T., Quigley, S., & Field, S. (2016). Developing the cultural awareness skills of behavior analysts. 
Behavior Analysis in Practice, 9(1), 84–94. https://doi.org/10.1007/s40617-016-0111-6

Fournier, G., Drapeau, S., & Thibault, J. A. (1995). Croyances vocationnelles des jeunes de 16 à 25 ans en difficulté d’insertion socio-
professionnelle selon leur profil socio-démographique. Canadian Journal of Education / Revue canadienne de l’éducation, 109–128. https://
doi.org/10.2307/1495271

Frie, L. S., Van der Heijden, B. I., Korzilius, H. P., & Sjoer, E. (2024). How workers meet new expertise needs throughout their careers: 
An  integrative review revealing a dynamic process model of flexpertise. International Journal of Management Reviews, 26(3), 458–489. 
https://doi.org/10.1111/ijmr.12362

Govern, J. M., & Marsch, L. A. (2001). Development and validation of the situational self-awareness scale. Consciousness and Cognition, 10(3), 
366–378. https://doi.org/10.1006/ccog.2001.0506

Grzymala-Busse, J. W. (1991). On the unknown attribute values in learning from example. In Proceedings of the ISMIS-91, 6th International 
Symposium on Methodologies for Intelligent Systems (pp. 368–377).

Gözükara, I., & Çolakoğlu, N. (2016). Enhancing entrepreneurial intention and innovativeness of university students: The mediating role of 
entrepreneurial alertness. International Business Research, 9(2), 34–45. http://dx.doi.org/10.5539/ibr.v9n2p34

Guillén-Yparrea, N., & Ramírez-Montoya, M. S. (2023). Intercultural competencies in higher education: A systematic review from 2016 to 2021. 
Cogent Education, 10(1), 2167360. https://doi.org/10.1080/2331186X.2023.2167360



54 

Tomasz Skica, Teresa Mroczek, Esra Sipahi Döngül

He, V.F. & Krähenmann, G. (2021). (Not) Learning from failure? The heavy toll of stigma on entrepreneurs. In G. Todt, J. Backmann, and M. Weiss 
(Eds.), Work life after failure? How employees bounce back, learn, and recover from work-related setbacks (pp. 143-171). Emerald Publishing 
Limited. https://doi.org/10.1108/978-1-83867-519-620211018 

Henriquez-Daza, M. C., Capelleras, J.-L., & Osorio-Tinoco, F. (2023). Does fear of failure affect entrepreneurial growth aspirations? The 
moderating role of institutional collectivism in emerging and developed countries. Journal of Entrepreneurship in Emerging Economies, 
16(5), 1213–1234. https://doi.org/10.1108/JEEE-08-2022-0232

Heredia-Carroza, J., Chavarría-Ortiz, C., López-Estrada, S., & Zacharewicz, T. (2024). How to enhance the entrepreneurial intentions of the young 
population in rural areas: An approach from personal values and the socioeconomic environment. European Research on Management and 
Business Economics, 30(3), 100261. https://doi.org/10.1016/j.iedeen.2024.100261

Hidayati, N., Idris, T., & Husna Handayani, P. (2022). Student problem-solving skills in PBL model: Viewed from the discourse sheet. Biosfer: 
Jurnal Pendidikan Biologi, 15(2), 231–241. https://doi.org/10.21009/biosferjpb.23840

Hofstede, G. (1980). Culture’s consequences: International differences in work-related values. Sage Publications.
Hojat, M. (2016). Empathy as related to personal qualities, career choice, acquisition of knowledge, and clinical competence. In Empathy in health 

professions education and patient care (pp. 151–167). Springer. https://doi.org/10.1007/978-3-319-27625-0_9
Indhirapratha, S., & Samuel Thavaraj, H. (2024). Enhancing entrepreneurial intentions through managerial skill development in university 

students: Global review. World Journal of Advanced Research and Reviews, 24(2), 342–349. https://doi.org/10.30574/wjarr.2024.24.2.3222
Jiatong, W., Murad, M., Li, C., Gill, S. A., & Ashraf, S. F. (2021). Linking cognitive flexibility to entrepreneurial alertness and entrepreneurial 

intention among medical students with the moderating role of entrepreneurial self-efficacy: A second-order moderated mediation model. 
PLOS ONE, 16(9), e0256420. https://doi.org/10.1371/journal.pone.0256420

Juhari, H. S., Ismail, N., Roslan, S., & Zaremohzzabieh, Z. (2023). Personality traits, entrepreneurial self-efficacy, and entrepreneurial intention among 
vocational students. International Journal of Evaluation and Research in Education, 12(1), 9–14. https://doi.org/10.11591/ijere.v12i1.23472

Justo, R., Congregado, E., & Román, C. (2021). Becoming self-employed from inactivity: An in-depth analysis of satisfaction. Small Business 
Economics, 56(1), 145–187. https://doi.org/10.1007/s11187-019-00212-2 (doi.org in Bing)

Kononenko, I. (1984). Experiments in automatic learning of medical diagnostic rules (Technical report). Jozef Stefan Institute.
Kryszkiewicz, M. (1998). Rough set approach to incomplete information systems. Information Sciences, 112(1–4), 39–49.
Krueger, N. F., Reilly, M. D., & Carsrud, A. L. (2000). Competing models of entrepreneurial intentions. Journal of Business Venturing, 15(5–6), 

411–432.
Kusiak, A. (2001). Rough set theory: A  data mining tool for semiconductor manufacturing. IEEE Transactions on Electronics Packaging 

Manufacturing, 24(1), 44–50. https://doi.org/10.1109/6104.924792
Lee, H. J. (2009). Motivation and learning strategies as predictors of achieved proficiency of high school learners of English. Foreign Languages 

Education, 16(3), 229–256.
Leung, Y., & Li, D. (2003). Maximal consistent block technique for rule acquisition in incomplete information systems. Information Sciences, 153, 

85–106.
Liñán, F., & Chen, Y. W. (2009). Development and cross-cultural application of a  specific instrument to measure entrepreneurial intentions. 

Entrepreneurship Theory and Practice, 33(3), 593–617. https://doi.org/10.1111/j.1540-6520.2009.00318.x
Liñán, F., & Fayolle, A. (2015). A systematic literature review on entrepreneurial intentions: Citation, thematic analyses, and research agenda. 

International Entrepreneurship and Management Journal, 11, 907–933. https://doi.org/10.1007/s11365-015-0356-5
Liñán, F., Rodríguez-Cohard, J. C., & Rueda-Cantuche, J. M. (2011). Factors affecting entrepreneurial intention levels: A  role for education. 

International Entrepreneurship and Management Journal, 7(2), 195–218. https://doi.org/10.1007/s11365-010-0154-z
Lüthje, C., & Franke, N. (2003). The ‘making’ of an entrepreneur: Testing a model of entrepreneurial intent among engineering students at MIT. 

R&D Management, 33(2), 135–147. https://doi.org/10.1111/1467-9310.00288
Maheshwari, G., Kha, K. L., & Arokiasamy, A. R. A. (2023). Factors affecting students’ entrepreneurial intentions: A systematic review (2005–2022) 

for future directions in theory and practice. Management Review Quarterly, 73, 1903–1970. https://doi.org/10.1007/s11301-022-00289-2
Merrill, S. J. (2003). Solving problems: Perchance to dream. In S. J. Lamon, W. A. Parker, & K. Houston (Eds.), Mathematical modelling (pp. 

97–105). Woodhead Publishing. https://doi.org/10.1533/9780857099549.3.95
Mroczek, T. (2023). Handling the complexity of computing maximal consistent blocks. Electronics, 12(10), 2295.
Morales-Pérez, S., Garay-Tamajón, L. A., Corrons-Giménez, A., & Pacheco-Bernal, C. (2022). The antecedents of entrepreneurial behaviour in the 

creation of platform economy initiatives: An analysis based on the decomposed theory of planned behaviour. Heliyon, 8(10), e11078. https://
doi.org/10.1016/j.heliyon.2022.e11078

Mueller, S. L., & Thomas, A. S. (2001). Culture and entrepreneurial potential: A nine country study of locus of control and innovativeness. Journal 
of Business Venturing, 16(1), 51–75. https://doi.org/10.1016/S0883-9026(99)00039-7

Mutarubukwa, P. (2015). The role of entrepreneurship in combating youth unemployment and social crime in Tanzania. Business Education 
Journal, 1(1), 1–16. http://dx.doi.org/10.54156/cbe.bej.1.1.8

Mutmainnah, M., Muis, I., & Hamid, A. N. (2024). Fear of failure and entrepreneurial intentions in university students. Journal of Educational, 
Health and Community Psychology, 13(2), 531. https://doi.org/10.12928/jehcp.v13i2.28074

Nikolić, S., Kovijanić, T., Mladenović, M., & Ćelić, Đ. (2020). Entrepreneurial business: Genetic lottery or a choice. Journal of Business Economics 
and Management, 21(1), 222–240. https://doi.org/10.3846/jbem.2020.11763

Nisula, A.-M., & Olander, H. (2025). The role of internal locus of control and social competence in knowledge worker innovativeness. European 
Journal of Innovation Management, 28(11), 131–153. https://doi.org/10.1108/EJIM-05-2024-0574

Pawlak, Z. (1982). Rough sets. International Journal of Computer & Information Sciences, 11, 341–356.
Pharaoh, L., & Li, J. (2022). Strategies to develop intercultural competence of students in a  multicultural set up. Journal of Learning and 

Development Studies, 2(3), 14–22. https://doi.org/10.32996/jlds.2022.2.3.3
Qiao, X., & Hua, J. H. (2019). Effect of college students’ entrepreneurial self-efficacy on entrepreneurial intention: Career adaptability as a mediating 

variable. International Journal of Educational Methodology, 5(3), 305–313. https://doi.org/10.12973/ijem.5.3.305
Quinlan, J. R. (1993). C4.5: Programs for machine learning. Morgan Kaufmann.
Rahman, R. A. R. S. A., & Mahendran, S. (2025). Entrepreneurial intentions according to gender among public university students. International 

Journal of Academic Research in Progressive Education and Development, 14(1), 82–94. https://doi.org/10.6007/ijarped/v14-i1/24262



 55 

Entrepreneurial competencies and the conceptual dimension of intentions: Insights from a hybrid machine learning approach

Salas Tuanama, S. A., Cruz-Tarrillo, J., Vásquez-Vásquez, J. E., Torres Armas, E., Herrera García, Y. I., & Apaza Tarqui, E. E. (2024). Business 
education and entrepreneurial competence drivers of entrepreneurial intention in university students. Academic Journal of Interdisciplinary 
Studies, 13(4), 257. https://doi.org/10.36941/ajis-2024-0114

Schumpeter, J. A. (1934). The theory of economic development: An inquiry into profits, capital, credit, interest, and the business cycle. Harvard 
University Press.

Sedeh, A. A., Pezeshkan, A., & Caiazza, R. (2022). Innovative entrepreneurship in emerging and developing economies: The effects of entrepreneurial 
competencies and institutional voids. Journal of Technology Transfer, 47, 1198–1223. https://doi.org/10.1007/s10961-021-09874-1

Séllei, B. (2021, March). Management and economics students’ emotional profile. In 5th International Scientific Conference EMAN 2021 
– Economics & Management: How to Cope with Disrupted Times (pp. 241–252). Udruženje ekonomista i menadžera Balkana. https://doi.
org/10.31410/EMAN.2021.241

Shu, X., & Ye, Y. (2023). Knowledge discovery: Methods from data mining and machine learning. Social Science Research, 110, 1–16. https://doi.
org/10.1016/j.ssresearch.2022.102817

Sheriston, L., Holliman, A., & Payne, A. (2019). Student adaptability and achievement on a psychology conversion course. Psychology Teaching 
Review, 25(1), In press.

Sim, E. R., & Wright, G. (2002). A comparison of adaption–innovation styles between information systems majors and computer science majors. 
Journal of Information Systems Education, 13(1), 29–36.

Słowińska, S. (2016). Edukacja kulturalna dorosłych w  teorii i  badaniach empirycznych w  Polsce po 1989 roku – wybrane aspekty. Rocznik 
Andragogiczny, 23, 67–82. http://dx.doi.org/10.12775/RA.2016.003

Stephens, J. M., & Gehlbach, H. (2007). Under pressure and underengaged: Motivational profiles and academic cheating in high school. In E. M. 
Anderman & T. B. Murdock (Eds.), Psychology of academic cheating (pp. 107–134). Academic Press. https://doi.org/10.1016/B978-012372541-
7/50009-7

Sun, Y., Mi, J., Chen, J., & Liu, W. (2021). A new fuzzy multi-attribute group decision-making method with generalized maximal consistent block 
and its application in emergency management. Knowledge-Based Systems, 215, 106594. https://doi.org/10.1016/j.knosys.2020.106594

Sun, J., Shi, J., & Zhang, J. (2023). From entrepreneurship education to entrepreneurial intention: Mindset, motivation, and prior exposure. 
Frontiers in Psychology, 14, 954118. https://doi.org/10.3389/fpsyg.2023.954118

Surzykiewicz, J., Konaszewski, K., & Wagnild, G. (2019). Polish version of the resilience scale (RS-14): A validity and reliability study in three 
samples. Frontiers in Psychology, 9, 2762. https://doi.org/10.3389/fpsyg.2018.02762

Tao, X. T., Robson, P. J., & Wang, C. L. (2023). To learn or not to learn from new product development project failure: The roles of failure 
experience and error orientation. Technovation, 127, 102830. https://doi.org/10.1016/j.technovation.2023.102830

Tentama, F., & Abdussalam, F. (2020). Internal locus of control and entrepreneurial intention: A study on vocational high school students. Journal 
of Education and Learning (EduLearn), 14(1), 97–102. https://doi.org/10.11591/edulearn.v14i1.13999

Tetteh, C., Tasavori, M., Bhattarai, C. R., et al. (2024). How do environmental factors shape entrepreneurial intention? A  review and future 
research. International Entrepreneurship and Management Journal, 20, 2955–2977. https://doi.org/10.1007/s11365-024-01002-3

Triansyah, F. A., Ramadhaniyati, R., & Siregar, K. D. P. (2023). Focus research entrepreneurship learning and entrepreneurship intention: 
A systematic review. MIMBAR Administrasi FISIP UNTAG Semarang, 20(1), 98–111. https://doi.org/10.56444/mia.v20i1.658

Tsou, E., Steel, P., & Osiyevskyy, O. (2023). The relationship between entrepreneurial intention and behavior: A  meta-analytic review. 
The International Journal of Entrepreneurship and Innovation, 0(0), 1–11. https://doi.org/10.1177/14657503231214389

Tumin, T., Faizuddin, A., Mansir, F., Purnomo, H., & Aisyah, N. (2020). Working students in higher education: Challenges and solutions. Al-
Hayat: Journal of Islamic Education, 4(1), 79–89. https://doi.org/10.35723/ajie.v4i1.108

Wilhelm, H., Richter, A. W., & Semrau, T. (2019). Employee learning from failure: A team-as-resource perspective. Organization Science, 30(4), 
694–714. https://doi.org/10.1287/orsc.2018.1255

Wilson, F., Kickul, J., & Marlino, D. (2007). Gender, entrepreneurial self-efficacy, and entrepreneurial career intentions: Implications for 
entrepreneurship education. Entrepreneurship Theory and Practice, 31(3), 387–406.

Wimer, D. J., & Levant, R. F. (2011). The relation of masculinity and help-seeking style with the academic help-seeking behavior of college men. 
The Journal of Men’s Studies, 19(3), 256–274. https://doi.org/10.3149/jms.1903.256

Winarko, B., & Budiwati, N. (2024). Humanistic pedagogy: Approaches to enhancing individual development in modern education. EDUTEC: 
Journal of Education and Technology, 8(2), 262–271. https://doi.org/10.29062/edu.v8i2.1047

Vila-Lopez, N., & Küster-Boluda, I. (2021). A bibliometric analysis on packaging research: Towards sustainable and healthy packages. British Food 
Journal, 123(2), 684–701. https://doi.org/10.1108/BFJ-03-2020-0245

Zahra, S. A., Liu, W., & Si, S. (2023). How digital technology promotes entrepreneurship in ecosystems. Technovation, 119, 102457. https://doi.
org/10.1016/j.technovation.2022.102457

Zhang, L., Li, Q., Zhou, T., Li, C., Gu, C., & Zhao, X. (2022). Social creativity and entrepreneurial intentions of college students: Mediated by 
career adaptability and moderated by parental entrepreneurial background. Frontiers in Psychology, 13, 893351. https://doi.org/10.3389/
fpsyg.2022.893351

Zhao, H., Seibert, S. E., & Hills, G. E. (2005). The mediating role of self-efficacy in the development of entrepreneurial intentions. Journal of 
Applied Psychology, 90(6), 1265–1272. https://doi.org/10.1037/0021-9010.90.6.1265

Zhao, X., Li, H., & Sun, C. (2014). From personal values to entrepreneurial intention: Creativity as a mediator. Journal of Beijing Normal University 
(Social Sciences), 3, 115–130.

Biographical notes

Tomasz Skica (Ph.D., D.Sc.) is an Associate Professor, habilitated doctor in social sciences in the discipline of economics 
and finance (Maria Curie-Skłodowska University in Lublin, Faculty of Economics, Institute of Finance, 2021). Academic 
lecturer, associate of the Center for Postgraduate Studies at UITM and trainer of the Cisco Entrepreneur Institute (CEI). 
Author of courses and teaching programs in Polish and English. Author of several dozen scientific articles, monographs, and 
chapters in scientific monographs, reports, strategies, and expert opinions in the field of public finance, entrepreneurship 



56 

Tomasz Skica, Teresa Mroczek, Esra Sipahi Döngül

support policies, and development strategies. He conducts research on entrepreneurship support by local government 
units, the efficiency of the public sector, and the public finance system. Collaborator of domestic and foreign universities 
and scientific institutions. Editor-in-Chief of the Financial Internet Quarterly.

Teresa Mroczek (Ph.D., D.Sc., Eng.) is an Associate Professor, a habilitated doctor of engineering and technical sciences in 
the discipline of technical computer science and telecommunications. She conducts research on modern methods of data 
mining and intelligent data analysis. Her work focuses on advanced machine learning techniques and the development 
of expert systems that support decision-making processes. She pays particular attention to the practical applications of 
artificial intelligence in various areas of life, from medicine and diagnostics to the optimization of organizational and 
industrial processes. She has participated in numerous research and development projects funded by the National Science 
Centre, the National Centre for Research and Development, and the European Union.

Esra Sipahi Döngül (Ph.D.) is an Assistant Professor at Aksaray University, Turkey. She graduated from the Doctorate 
Program in Business Administration at Istanbul Gelisim University. Her areas of expertise include management, human 
resource management (HRM), data analysis, business, and organization. She has a  strong research background in 
organizational behavior, corporate social responsibility (CSR), and management organization. She is also the founder of 
the human resources platform flexit24.com. 

Authorship contribution statement

Tomasz Skica: Conceptualization, Data Curation, Formal Analysis, Methodology, Project Administration, Validation, 
Visualization, Writing Original Draft Preparation, Writing Review & Editing. Teresa Mroczek: Methodology, Software, 
Validation, Visualization, Writing Original Draft Preparation, Writing Review & Editing. Esra Sipahi Döngül: Formal 
Analysis, Methodology, Validation, Visualization, Writing Original Draft Preparation, Writing Review & Editing.

Conflicts of interest

The authors declare no conflict of interest.

Citation (APA Style)

Skica, T., Mroczek, T., & Sipahi Döngül, E. (2026). Entrepreneurial competencies and the conceptual dimension of 
intentions: Insights from a hybrid machine learning approach. Journal of Entrepreneurship, Management and Innovation, 
22(1), 36-56. https://doi.org/10.7341/20262213

https://doi.org/10.7341/20262213

