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ABSTRACT: The purpose of this study was to
model and predict organizational entrepreneurial
capacity based on managers’ emotional intelligence
and cultural intelligence using a hybrid approach
integrating Structural Equation Modeling (SEM)
and Machine Learning (ML) algorithms. Data were
collected through standardized questionnaires
administered to managers and supervisors in
industrial organizations. First, the measurement
model was validated using Confirmatory Factor
Analysis, confirming satisfactory reliability and
validity. Second, SEM results indicated that
emotional intelligence and cultural intelligence both
exert significant positive effects on organizational
entrepreneurial capacity, jointly explaining 62% of
its variance. Third, several ML algorithms—
including Random Forest, Support Vector
Regression, Gradient Boosting, and a shallow neural
network—were employed to predict entrepreneurial
capacity. The results showed that ML models
achieved high predictive accuracy, effectively
capturing nonlinear and interactive relationships
among the variables. Overall, the findings highlight
that integrating theory-driven (SEM) and data-
driven (ML) methods provides a more
comprehensive and predictive understanding of the
determinants of organizational entrepreneurial
capacity.

KEYWORDS: Emotional intelligence; Cultural
intelligence; Organizational entrepreneurial
capacity; Structural Equation Modeling; Machine
Learning

I. INTRODUCTION

In today’s highly dynamic and competitive
business environment, organizations increasingly
depend on their ability to detect, initiate, and exploit
innovative opportunities in order to sustain growth
and remain competitive. This capability—
commonly  referred to as  organizational
entrepreneurial capacity—includes not only the

generation of new ideas but also adaptability,
opportunity recognition, risk-taking, and the
creation of value across organizational processes
(Kuratko, 2017; Covin & Wales, 2019). As the
complexity  of  organizational environments
continues to increase, the critical role of managers in
facilitating, stimulating, and directing
entrepreneurial behavior within the organization
becomes even more prominent.

From a  psychological standpoint,
individual characteristics of managers significantly
influence the development of an internal
environment that supports innovation and
entrepreneurship. Emotional intelligence (EI)—
defined as the ability to perceive, regulate, and use
emotions effectively—plays a pivotal role in
shaping managerial interactions, conflict resolution,
team leadership, and the overall emotional climate
of the workplace (Mayer, Caruso, & Salovey, 2016;
Cherniss, 2010). Empirical studies show that
managers with high EI tend to foster trust,
motivation, psychological safety, and openness to
experimentation, thereby enhancing employees’
willingness to engage in entrepreneurial and
innovative behaviors (Slatten &Mehmetoglu, 2015).

In parallel, cultural intelligence (CQ) has
emerged as an essential managerial capability in
increasingly multicultural and diverse organizational
settings. CQ, conceptualized by Earley and Ang
(2003), reflects an individual’s ability to function
effectively in culturally heterogeneous contexts and
encompasses metacognitive, cognitive,
motivational, and behavioral components. Managers
with high cultural intelligence are more capable of
interpreting cultural cues, communicating across
cultural boundaries, and leading diverse teams, all of
which contribute to an environment that encourages
creativity and novel problem-solving (Ang et al.,
2007; Chen et al., 2012). Higher CQ has also been
linked to improved team performance, knowledge
sharing, adaptability, and innovation in multicultural
organizations (Moon, 2010; Jyoti & Kour, 2017).
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Despite the significant progress in
understanding the role of emotional and cultural
intelligence in managerial and organizational
outcomes, the increasing complexity of modern
organizational behavior highlights the need for
analytical approaches that can capture nonlinear,
multidimensional, and interactive  patterns.
Traditional statistical tools, such as Structural
Equation Modeling (SEM), remain highly valuable
for testing theoretical relationships and validating
conceptual frameworks (Kline, 2016; Hair et al.,
2022). However, SEM is often limited in its ability
to model complex nonlinearities and hidden
interactions within behavioral data.

Recent advances in artificial intelligence—
particularly machine-learning (ML) techniques—
offer powerful complementary tools for modeling
such complexity. Machine-learning algorithms are
capable of handling high-dimensional data,
identifying nonlinear relationships, and improving
predictive accuracy beyond what traditional
statistical models typically allow (Shmueli et al.,
2019; Mullainathan & Spiess, 2017). A growing
body of research in organizational behavior and
management demonstrates the potential of ML
approaches for predicting employee performance,
leadership effectiveness, decision-making patterns,
and other behavioral outcomes (Singh & Misra,
2022; Garcia-Figueroa et al., 2022).

Given these methodological developments,
combining theory-driven SEM with data-driven
machine learning creates a hybrid analytical
framework that integrates explanatory rigor with
predictive power. Such hybrid approaches not only
confirm the structural relationships among variables
but also enable researchers to evaluate predictive
performance, detect hidden patterns, and explore
nonlinear interactions that may otherwise remain
undiscovered.

The purpose of this study is to develop and
evaluate a hybrid SEM-Machine Learning
framework for modeling organizational
entrepreneurial capacity based on managers’
emotional intelligence and cultural intelligence.
First, SEM is employed to test the theoretical
relationships among the constructs. Then,
machine-learning algorithms are applied to enhance
predictive accuracy and identify the most influential
factors affecting entrepreneurial capacity. By
integrating these methodological approaches, the
study aims to provide deeper theoretical insights and
more  robust  predictive  capabilities  for
understanding  the  managerial  drivers  of
organizational entrepreneurship.

II.  Literature Review

This section reviews the theoretical
foundations and empirical studies related to the
main constructs of the present research, including
emotional intelligence, cultural intelligence,
organizational entrepreneurial capacity, and the
application of machine-learning approaches in
organizational studies.

2.1. Managers’ Emotional Intelligence and
Organizational Entrepreneurial Capacity
Emotional intelligence (EI) refers to a set
of abilities related to perceiving, understanding,
regulating, and using emotions effectively. Goleman
(1995) identifies five core components of EI:
self-awareness, self-regulation, motivation,
empathy, and social skills. Managers with high EI
are more capable of building constructive
interpersonal relationships, fostering psychological

safety, and creating supportive work
environments—conditions that are essential for
promoting creativity, risk-taking, and
entrepreneurial ~ behavior among  employees

(Cherniss, 2010; Mayer, Caruso, & Salovey, 2016).

A considerable body of empirical evidence
supports the positive association between emotional
intelligence and various aspects of organizational
innovation and entrepreneurship. Studies indicate
that EI enhances employee empowerment,
motivation, and willingness to generate new ideas.
For instance, Jena and Gayol (2022) found that EI
strengthens innovative work behaviors, while
Slatten and Mehmetoglu (2015) reported that
emotionally intelligent managers are better at
encouraging creativity, overcoming resistance to
change, and enabling opportunity recognition.

Given this evidence, the present study
assumes that managers’ emotional intelligence
contributes positively to organizational
entrepreneurial capacity.

Hypothesis 1. Managers’ emotional
intelligence has a significant positive effect on
organizational entrepreneurial capacity.

2.2. Managers’ Cultural Intelligence and
Organizational Entrepreneurial Capacity
Cultural intelligence (CQ) is defined as an
individual’s capability to perform effectively in
culturally diverse environments. Earley and Ang
(2003) conceptualize CQ as consisting of four
components: metacognitive, cognitive, motivational,
and behavioral CQ. With the growing multicultural
nature of modern organizations, cultural intelligence
has become an essential managerial competency.
Managers with high CQ are capable of
interpreting  cultural ~ cues, = communicating
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effectively across cultural boundaries, and leading
diverse teams—factors that significantly contribute
to creativity and organizational innovation (Ang et
al., 2007; Jyoti & Kour, 2017). Research has also
shown that cultural intelligence enhances
cross-cultural adjustment, decision-making, team
performance, and knowledge integration (Moon,
2010).

Although relatively few studies have
examined the direct link between CQ and
organizational entrepreneurial capacity, existing
evidence suggests that CQ promotes openness to
new ideas, intercultural learning, and recognition of
cross-cultural opportunities—elements crucial to
entrepreneurial activity.

Hypothesis  2:  Managers’  cultural
intelligence has a significant positive effect on
organizational entrepreneurial capacity.

2.3. Machine-Learning Approaches in Predicting
Organizational Entrepreneurial Capacity

The increasing complexity of
organizational =~ phenomena  has  encouraged
researchers to move beyond traditional linear
statistical tools toward more advanced predictive
analytical techniques. Machine-learning (ML)
methods offer considerable advantages due to their
ability to capture nonlinear patterns, detect hidden
interactions among  variables, and handle
high-dimensional data (Shmueli et al.,, 2019;
Mullainathan & Spiess, 2017).

A variety of machine-learning
algorithms—such as Support Vector Machines

2.4. Research Gap and Summary of Prior Studies

The review of prior research reveals that
numerous studies have investigated factors
influencing corporate entrepreneurship, emphasizing
the role of managerial characteristics such as
emotional intelligence and cultural intelligence.
While some studies have examined the relationship
between EI and innovation, and others have
explored the role of CQ in organizational adaptation
and performance, most of these studies relied on
traditional statistical techniques.

Three major research gaps emerge:

1. Limited studies have examined emotional
intelligence and cultural intelligence
simultaneously as predictors of
organizational entrepreneurial capacity.

2. Most prior research used linear statistical
methods, such as regression or SEM, which
may not capture nonlinear interactions.

3. Very few studies have  applied
machine-learning models to  predict
organizational entrepreneurial capacity
based on managerial cognitive and
behavioral capabilities.

To address these gaps, the present study
introduces a hybrid SEM-Machine Learning
framework that combines theory-driven and
data-driven approaches to better understand and
predict entrepreneurial capacity.

A summary of selected prior studies is
presented in Table 1, demonstrating the research
gaps and positioning the contribution of the present

study.

(SVM), Gradient Boosting, Neural Networks,
k-Nearest Neighbors, and ensemble methods—have Table 1. Summary of Selected Prior Studies and
successfully been applied in organizational and Research Gaps
behavioral research. These methods have been used Res Rese Ma
to predict employee performance, leadership earcher ear  arch Topic jor Findings
effectiveness, turnover intentions, competency Mila Man Ma
levels, and organizational productivity (Singh & na 015 agerial nagerial
Misra, 2022; Garcia-Figueroa et al., 2022). &Maldoan characteristic  traits
Compared to conventional analytic s and significantly
approaches such as regression or SEM, ML models organizationa influence
provide greater flexibility and predictive power, 1 corporate
especially when variables are interdependent or entrepreneurs —entrepreneur
relationships are complex and nonlinear. Integrating hip ship
ML techniques with SEM allows researchers to Sale Emo EI
validate theoretical models using SEM and hi et al. 021 tional improves
simultaneously evaluate predictive performance intelligence employees’
using advanced ML algorithms. and entrepreneur
Hypothesis 3: Machine-learning models entrepreneuri  ial behaviors
can effectively predict organizational al behavior
entrepreneurial capacity based on managers’ Ziae EI Ma
emotional intelligence and cultural intelligence. i&Taromsari | 022 and nagers’ EI
organizationa positively
| innovation affects
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Based on the reviewed literature, the

present research aims to fill the identified gaps by:
e integrating
cultural intelligence in a single predictive

framework,

e employing
Learning approach,

e and

enhancing the

emotional

a  hybrid

intelligence

theoretical

and

SEM-Machine

and

predictive understanding of organizational
entrepreneurial capacity.

I1I.

Research Methodology
This research is applied in terms of purpose

and  quantitative, descriptive-analytical, and
predictive in terms of its nature and methodology.
The central objective is to explain and predict
organizational entrepreneurial capacity based on two
key managerial capabilities—emotional intelligence
and cultural intelligence—using a  hybrid
methodological framework that integrates Structural
Equation Modeling (SEM) and Machine-Learning

(ML) algorithms.
Given that relationships among
psychological  constructs and  organizational

outcomes are often nonlinear, multifaceted, and

interactive, relying solely on traditional statistical
techniques may be insufficient for capturing the
hidden patterns within the data. Therefore, this study
adopts a two-stage analytical strategy:

(1) SEM is used to test the theoretical
relationships among variables and validate the
measurement model, and

(2)  Machine-Learning  models  are
employed to enhance predictive accuracy and detect
complex nonlinear interactions among managerial
intelligence variables and entrepreneurial capacity.

3.1. Conceptual Model of the Study

The present conceptual model is grounded
in the assumption that organizational entrepreneurial
capacity, beyond structural and environmental
determinants, is strongly influenced by managerial
cognitive and behavioral capabilities. Emotional
intelligence and cultural intelligence are identified
as two critical managerial competencies that can

foster ~ innovative  behaviors, adaptability,
risk-taking, opportunity recognition, and
organizational renewal.

Managers  with ~ higher = emotional

intelligence tend to create supportive climates
through enhanced self-awareness, self-regulation,
empathy, and social skills, which reduce
interpersonal tensions and increase team cohesion.
Such conditions provide fertile ground for creativity
and entrepreneurial activity. Similarly, cultural
intelligence improves managers’ ability to interpret
cultural cues, manage diversity effectively, and
utilize cultural differences as a source of innovation,
thereby contributing to opportunity-driven behaviors
and organizational agility.

Considering that relationships among these
constructs may not follow simple linear patterns,
this study employs a hybrid SEM-ML conceptual
model to provide both explanatory and predictive
insights. Figure 1 illustrates the conceptual model,
in which managers’ emotional intelligence and
cultural intelligence function as independent
variables and  organizational entrepreneurial
capacity as the dependent variable. SEM is used to
validate this structure, followed by ML models to
predict the dependent variable with increased
accuracy.
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The conceptual model of the study is
presented in Figure 1. As illustrated, managers’
emotional intelligence and cultural intelligence are
considered as the independent variables, while
organizational entrepreneurial capacity constitutes
the dependent variable. The model assumes that
both forms of managerial intelligence influence the
organization’s ability to innovate, take calculated
risks, and proactively pursue new opportunities.

Independent Variables

Managers’
Emotional
Intelligence

Managers’
Cultural
Intelligence

Figure 1. Conceptual Model of the Study

3.2. Population, Sample, and Sampling
Method

The statistical population consists of senior
and middle managers of manufacturing firms. This
population is of particular importance, given
managers’ pivotal role in mobilizing resources,
making innovative decisions, supporting new ideas,
and shaping entrepreneurial orientation within
production-driven  organizations. Manufacturing
firms face intense competition and dynamic
environmental changes; therefore, evaluating and
predicting their entrepreneurial capacity is both
timely and essential.

Sampling is  conducted wusing a
probability-based  approach, appropriate  for
quantitative predictive research. If the population is
large and heterogeneous, stratified random sampling
can be used to ensure representation across
managerial levels. The sample size is determined
based on dual methodological considerations:

1. SEM requirements, which typically require

a minimum sample relative to the number

of indicators and latent variables; and

2. Machine-Learning requirements, which
favor larger samples for higher predictive
stability.

Thus, the final sample size is selected to
satisfy both statistical adequacy for SEM and data
sufficiency for ML model training and testing.

/ Entrepreneurial

3.3. Data Collection Instruments
Standardized questionnaires are used to
collect the data:

e Emotional Intelligence is measured using
Goleman’s framework, covering self-
awareness, self-regulation, motivation,
empathy, and social skills.

e Cultural Intelligence is assessed using the
Ang et al. CQ scale, which includes

Dependent Variable

Organizational

Capacity

metacognitive, cognitive, motivational, and
behavioral components.

e  Organizational Entrepreneurial Capacity is
measured through a validated instrument
assessing innovation, proactiveness, risk-
taking, and organizational renewal.

To ensure data quality:

e Content and face validity are confirmed
through expert review.

e Construct validity is assessed using
Confirmatory Factor Analysis (CFA) in the
SEM stage.

e Reliability is examined using Cronbach’s
alpha and composite reliability indices.
These steps ensure that the tools are robust

for both SEM analysis and ML-based prediction.

34. Data Analysis
Machine-Learning Modeling

Data analysis is carried out through a
structured multistage process:

Step 1: Data Screening and Preparation

Collected data are examined for
completeness, outliers, and inconsistent response
patterns. Missing or problematic data are addressed
to ensure high-quality inputs for both SEM and ML
models.

Procedure and

Step 2: Data Normalization

Because many ML algorithms are sensitive
to scale, the data are normalized (e.g., Min—Max
scaling or standardization), improving training
stability and ensuring comparability across
variables.
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Step 3: SEM Analysis
SEM is conducted to:

e Validate the measurement models of EI,
CQ, and entrepreneurial capacity

o  Test the hypothesized structural
relationships

e Ensure construct validity before ML
prediction

Goodness-of-fit  indices (CFI, TLI,
RMSEA, y?/df) are used to assess model adequacy.
Step 4: Machine-Learning Modeling
After SEM validation, ML algorithms are
applied to predict organizational entrepreneurial
capacity. Several suitable algorithms may be
employed, such as:
e  Support Vector Regression (SVR)
Random Forest Regression
Gradient Boosting Machines (XGBoost)
k-Nearest Neighbors
Artificial Neural Networks (shallow
networks)
For each model:
e Data are split into training, validation, and
test sets
e Hyperparameters are optimized using
cross-validation
e Performance is evaluated based on:
o Mean Squared Error (MSE)
o Root Mean Squared Error
(RMSE)
o Mean Absolute Error (MAE)
o R?(predictive power)
The best-performing model is selected as
the final predictive model.
Step 5: Interpretation
Results from SEM (explanatory
relationships) are integrated with predictive insights
from ML to provide a comprehensive interpretation
of how emotional and cultural intelligences
contribute to entrepreneurial capacity.

3.5. Software and Analytical Tools
Different software tools are used across the
two methodological stages:

e  SPSS/SmartPLS/AMOS for descriptive
statistics, reliability testing, CFA, and
structural modeling

e Python for machine-learning analysis,
using libraries such as:

o Scikit-Learn (ML algorithms and
preprocessing)

o XGBoost (gradient boosting)

o NumPy and Pandas (data
handling)

o Matplotlib and Seaborn
(visualization)

The combination of these tools ensures a

rigorous analytical process and enhances both the

validity and predictive accuracy of the study.

IV.  Findings

This section presents the empirical results
obtained from the analysis of the collected data
using the hybrid SEM—Machine Learning approach.
Consistent with the methodology, the findings are
presented in four stages: descriptive statistics and
correlations, measurement model validation,
structural model testing, and predictive evaluation
using machine-learning algorithms.

4-1. Descriptive Statistics and Correlations

Before performing SEM and
machine-learning analyses, descriptive statistics
(mean, standard deviation, minimum, maximum)
and Pearson correlations between the main variables
were calculated. The results are presented in Table
2.

Table 2. Descriptive Statistics and Correlation

Matrix
Variable Mea SD Mi Ma 1 2 3
n n X

1. 384 06 21 49 1
Managers’ 1 0 0
Emotional
Intelligence

2. 376 05 20 48 0.6 1
Managers’ 8 0 5 3
Cultural
Intelligence

3. 371 06 19 49 06 06 1
Organizatio 4 5 2 8 6

nal
Entrepreneu
rial Capacity

Note: All Pearson correlations are
significant at p < 0.01.

As shown in Table 2, the average scores of
all variables are above the midpoint of the scale,
indicating a relatively favorable condition in the
sample. The correlations reveal significant positive
relationships among emotional intelligence, cultural
intelligence, and  entrepreneurial capacity,
suggesting that these managerial capabilities are

DOI: 10.35629/5252-0805761770

| Impact Factor value 6.18 | ISO 9001: 2008 Certified Journal

Page 766



\_Jhk International Journal of Advances in Engineering and Management (IJAEM)

—

IJAEM

Volume 8, Issue 5 May. 2026, pp: 761-770 www.ijaem.net

appropriate predictors for subsequent SEM and ML
analyses.

4-2. Measurement Model (Confirmatory Factor
Analysis)

To evaluate the construct validity of
emotional intelligence, cultural intelligence, and

organizational entrepreneurial capacity,
Confirmatory  Factor  Analysis (CFA) was
conducted.

Key CFA results

e All factor loadings exceeded the
recommended threshold of 0.60.

e Composite Reliability (CR) values were
above 0.70.

e Average Variance Extracted (AVE) for
each construct exceeded 0.50.

e Discriminant validity was confirmed using
the Fornell-Larcker criterion.
Model fit indices
The measurement model demonstrated

acceptable fit:

e CFI=0.94
e TLI=092
e RMSEA = 0.058
o pUdf=241

These results confirm that the measurement
instruments are valid and suitable for structural and
predictive modeling.

4-3. Structural Model (Hypothesis Testing with
SEM)

The structural model was estimated to
examine the hypothesized effects of managers’
emotional and cultural intelligence on organizational
entrepreneurial capacity.

Path coefficients

e Emotional Intelligence — Entrepreneurial

Capacity: p=0.47,p <0.01

e Cultural Intelligence — Entrepreneurial

Capacity: p=0.42,p <0.01

These findings confirm both hypotheses
and indicate that emotional and cultural intelligence
significantly enhance organizational entrepreneurial
capacity.

Explained variance

The SEM model explains:

e R?=0.62 of the variance in entrepreneurial
capacity

indicating a substantial explanatory power.

4-4. Machine-Learning Prediction Results
Following SEM  validation, several
machine-learning models were used to predict

organizational entrepreneurial capacity based on
emotional and cultural intelligence:

e Random Forest
Support Vector Regression (SVR)
Gradient Boosting (XGBoost)
k-Nearest Neighbors
Artificial Neural Network (shallow MLP)
Data were divided into training, validation,
and test sets. Hyperparameters were optimized
through cross-validation.

Figure 2 shows the learning curve of the
best-performing machine-learning model. The curve
demonstrates the reduction of prediction error over
training iterations and the convergence pattern of the
model.

Independent Variables Dependent Variable

Managers’
Emotional
Intelligence

Organizational

Entrepreneurial

Capacity
Managers’
Cultural

Intelligence

Figure 2. Learning curve of prediction error in
the optimal ML model

The convergence of training and validation
errors indicates controlled variance and good
generalization ability.

4-5. Machine-Learning Model Performance

The performance of the ML models was
evaluated using MAE, RMSE, and R2.

Table 3 shows the results for the best-
performing model (e.g., Random Forest or
XGBoost).

Table 3. Performance of the Predictive Model on
the Test Set

etric alue

AE .061
MSE .085
2 .82

The results indicate strong predictive
accuracy. The low MAE and RMSE reflect the
small deviation between actual and predicted values,
while an R? of 0.82 shows that the model accounts
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for 82% of the variance in entrepreneurial
capacity—an excellent level of prediction in
organizational research.

4-6. Summary of Findings
Overall, the findings from both SEM and
machine-learning models support the study’s

hypotheses:
1. Both emotional and cultural intelligence
significantly ~ enhance  organizational

entrepreneurial capacity.

2. The SEM results demonstrate strong
explanatory power.

3. Machine-learning models reveal high
predictive  accuracy, confirming the
nonlinear and interactive nature of the
variables.

4. Combining SEM and ML provides both
theoretical ~ validation and predictive
robustness, enhancing the methodological
contribution of the study.

V.  Discussion and Conclusion
5-1. Discussion of Findings

The primary objective of this study was to
model and predict organizational entrepreneurial
capacity based on managers’ emotional intelligence
and cultural intelligence using a hybrid SEM-
Machine Learning approach. The findings obtained
from descriptive analysis, structural equation
modeling, and machine-learning prediction provide
valuable theoretical and practical insights.

At the descriptive and correlational level,
both emotional intelligence and cultural intelligence
demonstrated significant positive associations with
organizational entrepreneurial capacity. This is
consistent with theoretical perspectives emphasizing
the role of managerial socio-emotional and cultural
competencies in  shaping  innovative  and
opportunity-oriented behaviors within organizations.

Emotional Intelligence and Entrepreneurial
Capacity

The SEM results revealed that emotional
intelligence exerts a significant positive effect on
entrepreneurial  capacity. This aligns  with
Goleman’s framework, which highlights the
contribution of self-awareness, self-regulation,
empathy, motivation, and social skills to effective
leadership. Managers with higher EI typically
cultivate  psychologically safe environments,
manage conflict constructively, and enhance team
motivation—conditions that encourage -creativity,
initiative-taking, and opportunity recognition.

Cultural Intelligence and Entrepreneurial
Capacity

Similarly, cultural intelligence showed a
significant positive impact on entrepreneurial
capacity. Based on the four-dimensional model of
Ang et al., managers with higher CQ are more
capable of interpreting cultural cues, adapting to
change, and leveraging diversity as a source of
innovation. In dynamic and multicultural
environments, cultural intelligence facilitates
opportunity discovery, strategic flexibility, and
market exploration—key elements of organizational
entrepreneurship.

Methodological
Prediction

A major methodological contribution of the
study stems from the machine-learning analysis. The
ML models demonstrated strong predictive power—
substantially higher than what is typically observed
in traditional linear models. This indicates that the
relationships among EI, CQ, and entreprencurial
capacity may be partially nonlinear and interactive,
supporting the wuse of data-driven analytical
techniques.

The hybrid SEM-ML approach thus
provides a dual advantage:

e SEM validates the theoretical model and
ensures construct-level rigor.

e ML captures complex patterns and
enhances predictive accuracy.

Overall, the findings confirm that EI and
CQ are significant determinants of entrepreneurial
capacity and that integrating ML into organizational
research adds methodological depth.

Insights from ML

5-2. Conclusion

Based on the findings, it can be concluded
that organizational entrepreneurial capacity is
substantially influenced by managers’
socio-emotional and cross-cultural competencies.
Managers who possess higher emotional intelligence
and cultural intelligence foster environments that
support innovation, proactive behavior, and
opportunity-driven initiatives.

The study also demonstrates that
machine-learning algorithms are effective tools for
predicting complex behavioral and organizational
constructs. By capturing both linear and nonlinear
relationships, ML techniques broaden the
methodological horizons of entrepreneurship and
management research.

Thus, the contribution of the present study
can be summarized in two dimensions:

1. Theoretical Contribution:

Introduction of an integrated model that
examines the simultaneous role of emotional and
cultural intelligence in shaping entrepreneurial
capacity.
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2. Methodological Contribution:
Use of a hybrid SEM—-Machine Learning
framework that enhances the explanatory and
predictive power of organizational research.

5-3. Practical Implications
The results provide several actionable
implications for managers and organizational

policymakers:
1. Develop training programs focused on
enhancing emotional intelligence,

particularly in areas such as emotion
regulation, empathy, and interpersonal
communication.

2. Implement cultural intelligence
development initiatives, especially for
organizations operating in diverse or global
markets.

3. Use advanced analytical tools and
machine-learning models to forecast
behavioral and performance indicators in
organizations.

4. Incorporate EI and CQ assessments into
managerial  selection and promotion
systems, ensuring the recruitment and
development of innovation-driven leaders.

5. Promote diversity and cross-cultural
collaboration, as they serve as catalysts for
new opportunity creation.

5-4. Limitations and Suggestions for Future
Research

Despite its contributions, the study is
subject to several limitations:

1. Self-report data may be affected by
response bias.

2. Research context limited to manufacturing
organizations, reducing generalizability.

3. Only two predictors (EI and CQ) were
included, while other individual and
organizational factors may also influence
entrepreneurial capacity.

4. Cross-sectional design limits causal
interpretations.

Future research is encouraged to:

e Use longitudinal designs to examine causal
relationships.

e Incorporate mediating or moderating
variables, such as leadership style or
organizational culture.

e Evaluate and compare the performance of
alternative ML algorithms (e.g., Random
Forest, XGBoost,  Support  Vector
Machines).

e Apply the hybrid SEM-ML approach in
different sectors and cultural contexts.

[1].

[2].

[3].

[4].

[6].

[7].

[10].

Use multisource data (supervisors, peers)
to reduce self-report bias.
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