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ABSTRACT: The key challenges of performance prediction in entrepreneurship stem from the
heterogeneous, multidimensional, nonlinear, and imbalanced characteristics of entrepreneurial
behaviors, i.e., ambition and risk preference. While machine learning algorithms, including Support
Vector Machines, Random Forests, XGBoost, and LightGBM, have been purported and adopted to
model entrepreneurial outcomes, their optimization saturation effect in performance prediction between
60% and 79% is observed, with little novelty in representational expansion by resampling and ensemble
engineering approaches. To overcome the limits of existing models, this paper adopted a stability-guided
quantum-enhanced hierarchical QAOA-QSVM framework whereby hierarchical Quantum Approximate
Optimization Algorithm (QAOA) feature selection interacted with Quantum Kernel Support Vector .
. . . . . Quantum Feature Selection
Machine for Entrepreneurial Skill (QSVM). Features extracted from 219 university students’ gender,
race, personality, and university attributes were successively selected by formulating the QUBO problem
of feature optimization and solving it with QAOA. The stability consensus was assessed by stratified
five-fold cross-validation to improve reproducibility and robustness. Selected features were eventually
embedded in an entangled quantum Hilbert space of the ZZFeatureMap to enable high-order nonlinear  {jop
feature interactions with quantum kernel learners. The results indicated that our quantum approach
surpassed a classical RBF-SVM on information from university students by nearly 22% (83.09%
vs. 60.68%) and reached an 86.84% recall for entrepreneur prediction. We conclude that quantum
representation learning structures can provide more insightful feature embedding methods, enabling
novel transformers in talent pipeline building of entrepreneurship courses. This study also extends a
meta-complementary theory between quantum machine learning and entrepreneurship.
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1- Introduction

In today’s knowledge-based societies, entrepreneurial
skills make up one of the most important characteristics needed
to accelerate economic development, innovation capabilities,
and sustainable development(Kraus et al., 2021; Sieg et al.,
2023). Universities have come to be recognized as not just
places for education but also as creators of entrepreneurial
ecosystems and the creators of the entrepreneurial intentions,
resilience, and venture creation capabilities of their students/
trainees (Nwosu et al., 2025). As institutions of higher learning
begin to implement data-driven approaches to identifying
and supporting entrepreneurial talent, they are turning to
predictive analytics as a means of measuring entrepreneurial
skill using psychological, demographic, educational, and
environmental variables (Dai & Li, 2025; Adeel et al., 2023).
As a result of the multidimensional and nonlinear nature of
entrepreneurial behavior, it still remains difficult to model
entrepreneurial behavior accurately.

*Corresponding author’s email: amir.mo.khani@ut.ac.ir

Entrepreneurial competency is complex due to the
interaction of personality attributes (e.g., self-confidence,
perseverance), exposure to various environments (e.g., being
influenced by an entreprencur), as well as one’s academic
background and health (Botha & Taljaard, 2021; Cao et al.,
2022 ). Previous studies found a strong correlation between
traits related to achievement motivation, self-efficacy, and
resilience with intention to start a business and create a new
venture (Al-Qadasi et al., 2023; Sahid et al., 2024); however,
there are limitations when attempting to develop an accurate
prediction model of these theoretical constructs based on
empirical data. There are many small, imbalanced behavioral
datasets that contain a very high-dimensional feature space
once categorical attributes are encoded; therefore, use
of traditional modelling techniques will result in models
that are prone to overfitting, are unstable, and have poor
generalizability.

In the last ten years, machine learning techniques have
become more commonly used to predict entrepreneurship
skills. Classical classifiers such as SVM, Random Forest,
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logistic regression, and KNN were used to predict
entrepreneurship skills in earlier studies (Sharma &
Manchanda, 2020). The results of those studies, however,
were moderate (often below 70% accuracy) and indicated
limited capability for effectively representing complex
nonlinear interactions among variables. Recent research
has utilized two ensemble methods called XGBoost and
LightGBM (Kaur & Bhatt, 2023). Although these gradient
boosting algorithms improve prediction accuracy and utilize
iterative corrections based on past predictions along with tree-
based nonlinear modeling methods, they are still classified as
classical.

At the same time, methodological improvements have
concentrated on overcoming issues associated with data
imbalances and interpretability of methods. For example,
Random Under Sampling (RUS), Adaptive Synthetic
Sampling (ADASYN), and Explainable Al methods (SHAP
and LIME) have all improved the fairness and transparency
of the classification of entrepreneurs (Simsek & Das,
2022; Bhatt et al., 2025). However, the majority of these
developments largely occur because of optimization and post-
hoc delivery and do not advance the true representational
capability of the learning model itself. Furthermore, although
many hybrid frameworks incorporate algorithmic feature
selection and hyperparameter tuning (for example, the
binary grey wolf optimizer and LightGBM), they still fit into
traditional hypothesis spaces (Jafarnejad et al., 2025). As a
consequence, the average improvement of accuracy appears
to be nearing a max point when building models for highly
nonlinear behavioral data with classical kernels.

Developments in Quantum Machine Learning (QML)
show strong potential for a new method of modelling data.
Quantum kernel methods take advantage of the exponential
dimensionality of Hilbert space to produce entangled
quantum states that can preserve at least some information
about the classical data points that were originally used to
create these qubits, resulting in improved classification
separation for complex classification problems (Thanasilp
et al., 2024; Devadas & T, 2025). Parameterized quantum
circuits, like ZZFeatureMap, represent interactions between
features and allow for the implicit representation of higher-
order correlations that would be impossible to estimate using
classical kernels. QAOA has also been shown to be effective in
solving certain kinds of combinatorial optimization problems
(such as feature selection problems that are represented as
Quadratic Unconstrained Binary Optimization (QUBO)
problems) (Jha et al., 2026; Ruan et al., 2022). All of these
advances suggest that there are much larger enhancements
for prediction to be made in cases of complex nonlinear
dependence.

Though there have been many recent advances in QML,
the use of QuantML for analysis of entrepreneurship has not
yet been investigated. Currently, there do not appear to be any
prior studies that have integrated quantum feature selection
and quantum kernel learning methods for entrepreneurship
competency prediction. In general, existing ML-frameworks
do not take into account that the stability-driven consensus

mechanisms should be utilized when validating feature
selection of the validation fold to ensure that the methods
produced corresponding to each fold produces reproducible
and robust selected features across analysis performed. These
gaps have been addressed through the introduction of a new,
stability-guided quantitative-enhancement framework for the
prediction of entrepreneurial competence. This framework
comprises a hierarchical quantum-assisted opportunity
allocation system -based feature selection and a quantum
kernel support vector machine with a stratified cross-
validation stability protocol. The framework improves the
predictive accuracy, robustness, and sensitivity of identifying
Entrepreneurs through an innovative approach that combines
quantum optimization, entangled feature embeddings, and
reproducible-based feature selection methods. Overall, this
research provides the first interdisciplinary “bridge” between
quantum machine learning and entrepreneurship analytics,
thereby advancing both methodological “innovation” as
well as applied predictive modeling in higher education
environments.

2- Theoretical Foundations
2- 1- Entrepreneurial Competence

Entrepreneurial competence is defined by the skills,
knowledge (e.g., know-how), attitudes (e.g., entrepreneurial
mindset), and behavior (e.g., creativity and innovation) that
allow someone to identify, develop, and create value from an
entrepreneurial opportunity (Martinez-Martinez et al., 2025;
Reis et al., 2020), rather than merely creating “entreprencurs.”
In addition, despite extensive research into these qualities
(Somia et al., 2024), lack of a strong theoretical foundation
represents a key challenge for the field (Reis et al., 2020). The
absence of a clear theoretical framework for understanding
entrepreneurial competencies is particularly problematic
since entrepreneurship has been identified as an important
driver of economic growth, innovation, and job creation (Kog
et al., 2025).

According to several theorists, entrepreneurial competence
means being competent enough to perform an activity or task
successfully. Its basic definition can include anything related
to one’s ability to complete an activity or task; from one’s
skill set to the knowledge one has about those skills, the
values one holds dear, one’s attitude towards the activity/task
and the manner in which one behaves toward an undertaking
(Lee & Yun, 2020; Sun & Usman, 2024). Entrepreneurial
competence is defined as one’s ability to identify, create,
and utilize opportunities (Sun & Usman, 2024) as well as the
capacity to action the idea by obtaining required resources
(Vu & Nwachukwu, 2021). According to Mitchelmore and
Rowley’s original work, entrepreneurial competencies “are
the specific skills, roles in society, knowledge, self-image,
motives and attributes that contribute towards the producing
of new venture and continuing survival of that new venture”
(Vu & Nwachukwu, 2021). There are many definitions for
entrepreneurial competencies; that is because the major
contributors to defining this construct come from many
disciplines, such as management, psychology, sociology, and
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economics (Reis et al., 2020).

There is a high level theoretical debate on whether
an individual’s entrepreneurial competencies are traits
that individuals are born with versus capabilities that are
developed. The early literature expresses that entrepreneurial
competencies are innate traits, but the literature has moved
toward establishing a growing scholarly consensus that they
can be developed through education, experience and deliberate
practice (Duong, 2023). Therefore, this shift in thought has
significant implications for entrepreneurship education and
policy, as it provides legitimacy for institutional efforts to
develop entrepreneurial competencies (Van Gelderen, 2022).
Entrepreneurial competencies have also been theorized as
capable of development through experiential and self-directed
learning. Self-directed learning (SDL) has been identified as
an essential competence base for entrepreneurial adaptability
in pioneering (rapidly changing) digital environments (Morris
& Konig, 2020). SDL competence also works together with
experiential learning to provide what is needed for employees
to demonstrate broader entrepreneurial competency (Morris
& Konig, 2020). The theory of entrepreneurial learning also
identifies that nascent (new) entrepreneurs develop their
competencies through participation in collective, exploratory,
and exploitative learning (Petrylaité & Rusk, 2020).

2- 2- Quantum Feature Selection

Quantum featureselectionisanemergingresearchdirection
at the intersection of quantum computing, optimization
theory, and machine learning. Its theoretical foundations
rest on how quantum systems represent information, how
quantum algorithms explore large combinatorial spaces,
and how quantum-enhanced learning models process high-
dimensional data.

Quantum feature selection is fundamentally based on
the principles of quantum information theory. In a quantum
system, quantum states encode information in superposition,
allowing a quantum state to represent numerous configurations
at once; as a result, many subsets of a set of features can
theoretically be encoded simultaneously into one quantum
state (Raseena, 2025). Quantum entanglement is also relevant
in that it allows quantum systems to represent correlations
in addition to classical statistical dependence, which is
important for finding redundant and/or interacting features
(Priyadharshni & Ravi, 2025). From an information-theoretic
point of view, von Neumann entropy and quantum mutual
information are examples of how classical-based measures
to evaluate feature relevance can be applied to quantum
systems (Park, 2022). A second theoretical pillar comes
from quantum algorithms for combinatorial optimization.
Feature selection is typically NP-hard because evaluating
all possible subsets of n features requires searching over
2”n combinations. Quantum algorithms such as Grover’s
search provide a quadratic speedup for unstructured search
problems, reducing the complexity from O(2”n) to O(2"(n/2))
under suitable oracle assumptions (Bansal, 2025). More
generally, amplitude amplification extends this principle to
probabilistic selection procedures (Figgatt et al., 2017). For

structured optimization problems, the Quantum Approximate
Optimization Algorithm provides a variational framework for
encoding feature subset objectives into a cost Hamiltonian
and iteratively improving candidate solutions (Grange et al.,
2024). Variational quantum algorithms more broadly combine
parameterized quantum circuits with classical optimization
loops, making them particularly suitable for near-term noisy
quantum devices (Cerezo et al., 2021).

The Quantum ML Theory provides a third foundation.
Quantum feature maps embed classical data into a Hilbert
space of high-dimensional form, which increases the
potential for class separability (Havlicek et al., 2019).
This concept resembles classical kernel methods, in which
selecting features is similar to selecting the most informative
components in a transformed space. The idea of quantum
support vector machines and quantum principal component
analysis helps demonstrate that there are circumstances under
which quantum algebra impatient systems can accelerate
the speed of feature extraction when certain assumptions
regarding how to load data exist (Monzon-Verona etal., 2025).
The theoretical speedup available through quantum machine
learning can be examined from a viewpoint of computational
complexity. The theoretical speedup of quantum feature
selection will be based on the assumption that we have an
efficient way to prepare a quantum state and that we have
access to QRAM (quantum RAM). Previous research
of quantum machine learning shows that the advantages
presented by quantum feature selection depend on these
architectural assumptions (Corli et al., 2024).To summarise,
the theoretical foundation of quantum feature selection
combines elements of quantum information theory, quantum
search and optimisation algorithms, and complexity theory
to provide a mathematically rigorous way to rethink feature
selection in high-dimensional problems. The theoretical basis
provides a logically coherent approach for exploring potential
practical advantages that remain unresolved in the research
community.

3- Research Background

Inrecentyears, muchresearch onpredicting entrepreneurial
competence (e.g., competencies) in university-level students
has increased; many researchers have conducted studies
that support and allow for the early identification of
entrepreneurial ability, improve curriculum development, and
support national entrepreneurship ecosystems through the use
of machine learning methodologies to identify psychological,
educational, and environmental characteristics associated
with entrepreneurial ability. Table 1 displays the most relevant
previously published articles, detailing algorithms that have
been used, the most successful models/research studies,
significant contributions, research gaps, and the accuracy that
was achieved by each algorithm; this comparison provides
an overview of both the progress made methodologically
and areas where limitations are still present, motivating
researchers to continue developing a quantum-enhanced
predictive framework.
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Table 1. Research background. (Continued)

Algorithms Best Contribution of Necessity of
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(2020) Regression Machine p Y models was &
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potential Ty gh.
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Previous models
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K-Nearest eradient boosting Forest,‘ Loglspc XGBoost achieved
Neighbors algorithms (XGBoost Regression) failed 79% accuracy;
Random ’ and LightGBM) to to surpass the 70% LightGBM XGBoost
1 o — 0,
Kaur and Forest, improve prediction accuracy achieved 71% .79 %
s XGBoost benchmark; need accuracy; both (Highest)
Bhatt (2023) Logistic accuracy of student .
. . for stronger outperformed LightGBM
Regression, entrepreneurial . .\ ST
XGBoost competency beyond predictive traditional =71%
Lich tGBI\;[ traditional ML capability and machine learning
& models curriculum models
enhancement
support
Random Applied machine Need to understand Random Forest
Forest, learning models to agri- achieved the
. Gradient predict entrepreneurial highest accuracy o
Ja;leilnf;d Boosting, Random entrepreneurial traits traits among (60%). (Rgg(ﬁ)m
(2023) Linear Forest among agricultural students and Entrepreneurial Forest)
Regression, undergraduate evaluate whether traits such as
Ridge students and ML models can strong partnerships
Regression, evaluated the effectively predict (0.359), learning
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people-organizing
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In the past few years, research regarding predicting
entrepreneurial competencies has evolved from basic
traditional machine learning methods to more sophisticated
evolutionary models and the new class of ensemble methods;
however, significant conceptual and technical limitations
are still unsolved even after several improvements in
methodology.Sharma and Manchanda’s (2020) work
represents one of the first seminal studies in this area,
using various types of machine learning algorithms such
as SVM, Random Forest, logistic regression, and KNN to
predict entrepreneurial capabilities based upon individuals’
personality types. While the results of their research showed
that machine learning methods could be used to predict
entrepreneurial competencies, the highest accuracy obtained
was only 59.18%, which is relatively low. More importantly,
the study primarily used accuracy as the evaluation metric
and did not consider class imbalance or provide any other
performance metrics that would aid in evaluating the stability
or robustness of the algorithm. Finally, their use of a purely
classical modeling approach did not address nonlinear
interactions amongst the predictor variables beyond those
that could be accommodated by using standard kernel
functions. Therefore, although significant advancement has
occurred in entrepreneurial competency prediction research
since this study was conducted, there is still considerable
opportunity for additional advancement from methodological
perspectives.

Research has moved away from answering research
questions to trying to increase the performance of predictive
models using better data handling and different algorithms.
According to research by Simsek and Das (2022), the use of
resampling techniques like Random Undersampling (RUS)
can help mitigate the effects of class imbalance on predictions.
They found that using RUS allowed for improved detection
of minority classes (entrepreneurs) in their experiments, with
the detection of minority classes (entrepreneurs) receiving
higher Fl-scores compared to the majority class (non-
entrepreneurs). They reported that the improvement in their
results was primarily due to data-level interventions and thus
did not reflect any increases in representational capabilities of
the underlying classifiers. The classifiers that were used for
these studies were based on classical classification procedures,
and no new structural innovations in the construction of
models or learning capabilities were added to these types of
classifiers. Even though the use of RUS improved fairness of
models, the representational limitations of classical classifiers
remain. The ability of some researchers, such as Kaur and
Bhatt (2023), to develop new techniques such as gradient
boosting (XGBoost and LightGBM) allowed for much
improved predictive accuracy (up to 79%), which suggests
that their models have a greater ability to model nonlinear
relationships than previous classical classifiers. However, the
majority of the research done thus far still employs classical-
statistical procedures for their modeling. As a result, there
remains a large reliance on the quality of feature engineering
for the models to achieve good predictive accuracy. While
there have been improvements in predictive accuracy across

the evaluation phases of model performance, there have not
been any systematic attempts to evaluate feature stability or
robustness across folds.

Modifications to the research must be at least 20%
different to the original study. Jarial and Verma (2023) and
Suryadi and Kurniawan (2024) also extended the contexts of
the study’s application and created a preprocessing method for
the prediction of behavior using clustering algorithms, yet the
predictive performance remained moderate at approximately
60% to 65%. As such, methodological contributions mainly
represented the application of existing machine learning
techniques to new datasets, rather than the formation of new
learning frameworks. Bhatt et al. (2025) and Jafarnejad et
al. (2025) have published recent works that present a hybrid
framework for prediction that utilizes feature selection
methods (e.g., Binary Grey Wolf Optimizer), hyperparameter
tuning (Optuna), imbalance correction (ADASYN), and
explainable Al (e.g., SHAP and LIME) techniques to achieve
more rigorous and interpretable methodologies than either of
the previous studies. Despite offering improvements through
both hybrid and optimization methods, the primary predictive
model remained classical in nature (predominantly utilizing
LightGBM), with over 70% and 71% accuracy for the best-
performing models within each study. This suggests that the
classical machine learning paradigm may be approaching an
upper limit in terms of predictive performance regarding the
prediction of behavior, and further incremental optimization
of those established classical paradigms may not lead to any
additional improvement.

The critique of the literature has revealed some important
deficiencies:

* Quantum or Advanced Representation Learning is
Absent: All the previously published studies relied solely
upon traditional models of machine learning. There has
been no consideration of using either quantum-enhanced
representation of features or utilizing quantum kernels
to better represent complex nonlinear relationships in
psychological and behavioral data.

 Stability-Oriented Feature Selection is Lacking: Some
studies have implemented meta-heuristic feature selection;
however, the meta-heuristic feature selection process used
has not incorporated ongoing stability analysis to ensure
reproducibility and robustness of features selected for use
through multiple folds of cross-validation.

* High-Order Feature Interactions are Not Modeled: Classic
kernels (e.g., RBF) approximate non-linear boundaries;
however, they do not encode explicitly entangled feature
interactions that may exist between psychological
variables, exposures to environmental factors, and health
indicators.

» Innovation is at the Level of Incremental vs. Paradigm:
Most improvements have been derived from fine-tuning
parameters, re-sampling data, and stacking ensembles to
improve performance. Accordingly, these improvements
can be considered to reflect engineering domination,
rather than the shifting of representational capability
from one source of information to another source of
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information.

Changes in thinking and developing new ways to think
about how things work will involve three areas of innovation:

Ist Innovation is “Quantum-Based Feature Selection
through QAOA”.

Previously in the past, metaheuristic techniques have
looked at the problem of Feature Selection as a “QUBO”
problem and then solved it through the Quantum Approximate
Optimization Algorithm. This algorithm will allow
feature selection to maximize relevance while minimizing
redundancy in a quantum-based optimization model. The
hierarchical QAOA will allow for the addressing of qubits
and maintaining the quality of the results in the optimization.

2nd Innovation is the “Stability Guided Consensus
Mechanism”.

The development of the consensus feature set is based
upon the “frequency” of the selection of features, and
to develop the consensus feature set, the study took the
quantum-based feature selection and embedded it within
a stratified five-fold cross-validation structure. Rigorous
experimentation to develop a reproducible consensus feature
will provide stability that has not been achieved in previous
research.

3rd Innovation is “Quantum Kernel Support Vector
Machine”.

The most substantial advancement is measured by the
fact that the quantum kernel supports the ability to replace
classical kernels with quantum kernels based on the mapping
of classical features into an exponentially large Hilbert space
through the use of entangled quantum states. The quantum
kernel support vector machine captures many complex non-
linear interactions that are beyond the expressive capacity of
classical SVMs characterized by RBF kernels.

This study represents the first stability-guided quantum-
enhanced framework for entrepreneurial competency
prediction. It moves beyond classical optimization refinements
and introduces quantum representation learning combined
with stability-aware feature selection. By demonstrating
consistent performance improvements over a classical RBF-
SVM baseline, the research provides empirical evidence
that quantum kernel methods can meaningfully enhance
predictive modeling of complex behavioral datasets. In
contrast to prior studies that improved performance through
sampling strategies or ensemble tuning, this work contributes
a fundamentally new computational paradigm—bridging
quantum machine learning and entrepreneurship analytics.

4- Methodology

Researchers propose a new way to improve machine
learning for predictions of university students’ entrepreneurial
skills. This method combines two aspects of quantum
technology—one that helps them choose which of the 100+
types of data on students will be most useful for making
predictions and one that allows them to create an intelligent
algorithm for making those predictions. The researchers’
initial data set came from Sharma & Manchanda (2020) and
included students’ demographic, educational, psychological,

and behavioral characteristics. The target variable exhibits a
moderate class imbalance, with 128 samples labeled as class
0 and 91 samples labeled as class 1. The study consisted of a
4-step process: Step 1: Fold-wise preparation and encode the
data; Step 2: Calculate mutual information between all pairs
of data; Step 3: Use QAOA to find the best set of features to
use in creating the working algorithm, and Step 4: Use the
working algorithm on QSVM to make predictions.

4- 1- Data Characteristics and Preprocessing

In this research project the data that was collected is
comprised of asample of 219 college student participants. This
data was taken from a prior study by Sharma and Manchanda
(2020), entitled “Using Machine Learning Algorithms to
Predict and Improve Entrepreneurial Competency Among
University Students.” Each record in this sample is an
individual participant with four groups of variables: personal
variables, psychological variables, educational variables, and
environmental variables that all play a role in the decision-
making process that leads someone to be an entrepreneur. The
target variable, Y, is a binary variable with a value of either 0
or 1 based on whether or not the participant is identified as an
entrepreneur according to the definitions provided by Babin
et al. (2019). Table 2 summarizes the main characteristics of
the dataset.

During the data preprocessing stage, the textual variable
ReasonsForLack, which descriptively expressed the reasons
for some individuals’ lack of interest in entrepreneurship,
was removed from the analysis due to its unstructured
nature, the presence of outliers, and the high level of content
heterogeneity. Let D ={(x,,», )}\; denote the dataset, where
x, € RY represents the feature vector of the i -th student
and Y, € {0,1} indicates entrepreneurial competency. To
ensure numerical consistency and avoid information leakage,
preprocessing was conducted independently within each
training fold. Categorical nominal attributes, including
EducationSector and KeyTraits, were transformed using one-
hot encoding:

x;; — e € {0,13¢ (1)

where K denotes the number of unique categories.

Ordinal psychological attributes measured on Likert
scales (Perseverance, Competitiveness, SelfConfidence, etc.),
together with the numeric attribute Age, were normalized
using Min—Max scaling:

' 2(x - xmin)
X =—

Xmax — X¥min

-1 2

mapping all values into tl, 1 close bracket, which is
compatible with quantum feature maps. Binary attributes
were mapped directly to {0,1} . Missing binary values were
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Table 2. Data Characteristics.

FEATURE DESCRIPTION DATA TYPE RANGE / CATEGORIES
EDUCATIONSECTOR Student's academic discipline Nominal (categorical) -8 Economlc's,'Humamtles,
Arts, Medicine, etc.
INDIVIDUALPROJECT " nether the student has done an Binary (text) Yes / No
individual project
AGE Age of the student Numeric Between 17 and 26
GENDER Gender of the student Binary (text) Male / Female
CITY Type of residence Binary (text) Yes / No
Whether the student has been
INFLUENCED influenced by entrepreneurial Binary (text) Yes /No
environment
PERSEVERANCE Level of perseverance Ordinal (Likert scale) Scale from 1 to 5
DESIRETOTAKEINITIATIVE Desire to take initiative Ordinal (Likert scale) Scale from 1 to 5
COMPETITIVENESS Degree of competitiveness Ordinal (Likert scale) Scale from 1 to 5
SELFRELIANCE Degree of self-reliance Ordinal (Likert scale) Scale from 1 to 5
STRONGNEEDTOACHIEVE Strong need for achievement Ordinal (Likert scale) Scale from 1 to 5
SELFCONFIDENCE Self-confidence level Ordinal (Likert scale) Scale from 1 to 5
GOODPHYSICALHEALTH Physical health status Ordinal (Likert scale) Scale from 1 to 5
MENTALDISORDER Whether the student has any Binary (text) Yes /No
mental disorder
KEYTRAITS Key 'pgrsonal’t}ralts (e, Vision, Nominal (categorical) Selected trait
positivity, resilience, work ethic)
REASONSFORLACK Reasons for not pursuing Textual (qualitative) Descriptive text
entrepreneurship
Y Target label: Whether the person Binary (numeric) 0: No, 1: Yes

became an entrepreneur

imputed using the modal value estimated from the training

fold. This preprocessing produces a transformed feature

matrix X e[-1,1]V".

4- 2- Mutual Information Prefiltering

Xy

MICX,Y) = ) p(x;,y)log— 32 o

respect to the target variable Y is defined as:

( ]'y)
%)p(¥) ®)

Given the high-dimensional feature space induced by
one-hot encoding, an initial filter stage based on Mutual
Information (MI) was applied to reduce dimensionality
before quantum optimization. For each feature X ;> MI with

10

The top M =50 features with the highest MI scores were
retained, forming a reduced feature set:
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X € RVxM (4)

This step substantially limits the size of the quantum
search space while preserving informative predictors.

4- 3- Quantum Feature Selection via QAOA

Feature selection is formulated as a constrained quadratic
binary optimization problem. Let z, €{0,1} denote the
decision variable indicating whether feature i is selected.
The objective function simultaneously maximizes relevance
and minimizes redundancy (Diez-Valle et al., 2024):

M
mln(—z MIL'Z,: + lz | COTTL-]- | ZL'Z]')
z
i=1

(%)
i<j
subject to:
M
D=k (©)
i=1
where:

M1, denotes mutual information of feature  ,

Corr, is the Pearson correlation coefficient between
features i and j ,

A controls redundancy penalization,

k =10 is the number of selected features.

This formulation corresponds to a Quadratic Unconstrained
Binary Optimization (QUBO) model augmented with a
cardinality constraint.

4- 4- QAOA Optimization

The QUBO Hamiltonian is expressed as (Morales et al.,
2019):

HC = EhiZi +Z]l]ZlZ]
i

i<j

(7

where coefficients /4, and J, are derived from MI and
correlation terms.

QAOA approximates the ground state of H. by
constructing a variational quantum circuit:
14
| Yy, B)) = ne—iﬁlHM e~ itc | +)®M (8)
=1

where:
H, = Z_X,. is the mixer Hamiltonian,

11

. D isthe circuit depth,

. Y p, are variational parameters optimized using
COBYLA.

* Measurement outcomes yield binary strings corresponding
to candidate feature subsets.

4- 5- Hierarchical QAOA

A hierarchical block-wise approach has been adopted in
response to qubit restrictions. To create blocks with sizes <12,
we will partition feature sets into smaller groups. Each block
will independently utilize QAOA to produce local candidate
feature sets from their corresponding partitions. The selected
candidate feature sets will be recursively aggregated together
and re-optimized to create the final k feature set. This
approach provides a method for achieving scalability while
also maintaining the quantum optimal features of the QAOA
technique(Weidman et al., 2024).

4- 6- Stability-Based Consensus Feature Selection

To enhance robustness, the quantum feature selection
procedure is embedded within a 5-fold stratified cross-
validation framework. Let §. denote the selected feature
subset from fold f . The selection frequency of feature j is:

5
G = Z 1G €5;) ©)
=1

Features with ¢, >3 constitute the final consensus
feature set:

S*={jl¢ =3} (10)

This stability-driven strategy mitigates sensitivity to data
partitioning and promotes reproducible feature discovery.

4- 7- Quantum Kernel Support Vector Machine (QSVM)

To capitalize on the representational advantages of
Quantum Hilbert Spaces for Nonlinear Classification, a
Quantum Kernel Support Vector Machine was used as the
final predictive model to classify the provided samples
according to their true class values (Ayachi & Baz, 2025).
The concept of the QSVM is to use parameterized quantum
circuits to embed classical feature vectors into a high-
dimensional quantum feature space and to use quantum states
to compute the value of the kernel through the computation
of inner products between quantum states (Peral-Garcia et al.,
2024).

Let x € R? denote a preprocessed feature vector obtained
after consensus-based quantum feature selection, where d
represents the number of retained features. Each classical
input vector is encoded into a quantum state using a feature
map unitary U, (x ). producing the quantum state:
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| p(x)) = Uy (x) | 0)®? (11)

where |O>®d is the initial computational basis state.

4- 8- Quantum Feature Map Construction

In this work, the ZZFeatureMap is adopted to construct
the quantum embedding. This feature map introduces both
single-qubit rotations and entangling interactions, allowing
nonlinear correlations between input features to be encoded
into the quantum state. The superiority of ZZFeatureMap
stems from its two-qubit ZZ entanglement gates, which better
capture nonlinear feature interactions. The ZZFeatureMap
with depth 7 is defined as:

ZiZ;

,
d
%
Uzz(x)=‘ HﬂRz(xi)‘ ‘e z
= i</
=1

where:

R, (x,)=exp(—ix,Z,) denotes a rotation around the

Z-axis applied to qubit 7 ,

Z, is the Pauli-Z operator acting on qubit I ,

. 1 represents the number of repetitions (layers) of the
feature map,

. d is the feature dimension.

This construction embeds classical features into a quantum
Hilbert space of dimension 27, introducing entanglement
through pairwise ZZ interactions and enabling complex
nonlinear transformations.

(12)

4- 9- Quantum Kernel Definition

Given two input samples X, and x ., the quantum kernel
is defined as the squared fidelity between their corresponding
quantum states:

K(x;, %) =1 (o (x) | d(x7) ) 12 (13)
Equivalently,
K (x;,x;) = <0 | U;(xi)Ud,(xj) | 0> 12 (14)

This kernel implicitly maps data into a high-dimensional
quantum feature space without explicitly constructing the
feature vectors, analogous to the classical kernel trick.

The kernel matrix for the training set is computed as:

Ktrain[i'j] = K(Xi,x]-) (15)

12

and for test samples:

(16)

Kiestlm,n] = K(xfnfSt, xrtlrain

These matrices are evaluated using fidelity estimation
on a quantum simulator via Qiskit’s FidelityQuantumKernel
primitive.

4- 10- Integration with Classical Support Vector Machine
Once the quantum kernel matrices are computed,
classification is performed by a classical support vector
machine operating in the induced quantum feature space
(Havlicek et al., 2019) .
The optimization problem solved by the SVM is:

N
1
. - 2 .
‘%%ZIIWII +CZEL a7)
i=1

subject to:

Yillw, ¢(x)))+b) =21—¢;,§; =0 (18)

where:
. W is the separating hyperplane,
. b is the bias term,
& are slack variables,
. C is the regularization parameter,
y, €{-1,+1} are class labels.
By expressing inner products via the quantum kernel:

(pCx), ¢(xj)> - K(x;, xj) (19)
the dual formulation becomes:
1
mO?XZ a; — EZ a; a;y;yiK (xi, x;) (20)
i i,j
subject to:
OSaiSC,Zaiyi=0 1)
i

Thus, the SVM implicitly learns a separating hyperplane
in the exponentially large quantum feature space.
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4- 11- Decision Function
For a new sample x , the QSVM prediction is obtained
through:

N

O =) @ yik(xx) + b )

i=1

with the final class label determined as:

y = sign(f(x)) (23)

4- 12- Advantages of Quantum Kernel Learning

The quantum kernel uses entangled quantum states to
provide a higher degree of correlation among features than
is possible with classical kernel methods. The corresponding
Hilbert space is exponentially large relative to the number
of qubits; thus, the quantum kernel may be able to provide
separation among patterns that would otherwise be too
complex to be captured using classical kernels. In addition,
pairwise and higher-order interactions between features
can be encoded directly into the amplitudes of the quantum
states, resulting in an enhanced representation of patterns of
entrepreneurial behavior using ZZ entangling gates (Devadas
& T, 2025).

4- 13- Baseline Classical SVM
For comparison, a classical Support Vector Machine with
Radial Basis Function (RBF) kernel was implemented:

Kgrpr(xi, %) = exp(=y Il x; — x; II*) (24)

using identical training and evaluation protocols. This
baseline enables a direct assessment of the representational
benefits offered by the quantum kernel.

4- 14- Performance Evaluation

Using stratified 5-fold cross-validation to measure model
performance provides balanced class distributions between
both training and test data (Szeghalmy & Fazekas, 2023). The
full dataset is then divided into 5 subsets of relatively equal
size, which will be used for training and testing each fold in
separate iterations; for each split, 4 folds are used to train on
and 1 fold for validation, so that every sample in the dataset is
tested exactly 1 time (Khani et al., 2025; Rainio et al., 2024).
This method reduces the impact of sampling errors and gives
reliable estimates of generalization performance across new
data instances (Kocak et al., 2025; Toufighi et al., 2025). For
every fold, quantum and classical classifiers’ predictions are
summarized in terms of true positive (TP), false positive (FP),
true negative (TN), and false negative (FN) in a confusion
matrix. Using TPs, FPs, TNs, and FNs, several traditional

measures can be calculated to evaluate classification
performance. Classification accuracy, defined as the ratio of
total correct classifications made to all sample classifications
made, is the first calculated measure of performance based
on counting TPs, FPs, TNs, and FNs (Abedin et al., 2026;
Jafarnejad et al., 2025).

TP+TN
TP+TN+FP+FN

Accuracy = (25)

Precision quantifies the reliability of positive predictions
and is given by:

Precision = TP
recision = TP+ FP (26)

Recall (also referred to as sensitivity) evaluates the
model’s ability to correctly identify positive instances:

Recall = —F @7)
AT TP I FEN

To balance precision and recall, the F1-score is employed
as their harmonic mean:

- 5 Precision - Recall -
= = X
score Precision + Recall (28)

These metrics are computed independently for each fold
and for each model. Let 7, denote the value of a given metric
obtained on fold f . The overall performance is reported as
the mean across folds:

1 K
szsz (29)
f=1

with K =5, and the corresponding standard deviation is
calculated as:

K
1
— - — )2
o= K_lfil(mf m) (30)

Providing both the mean and the standard deviation will
give the user information about the average and how far
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each fold’s TS is from that average. The use of cross-fold
validation also allows for an assessment of the robustness of
both the quantum kernel and classical baseline models, thus
allowing for a proper comparison between both models since
both models were evaluated on the same data over multiple
sections of that data (folds) (Allgaier & Pryss, 2024).

5- Findings

Empirical results related to the proposed quantum-
enhanced learning model are provided in this section. This
part contains the results of the fold-wise quantum feature
selection, consensus features based on stability, and the
relative predictive power of both the Quantum Kernel Support
Vector Machine and the classical RBF-SVM baseline.
All work was conducted in Python on a computer system
containing an Intel Core i1713700H CPU, 16 GB RAM, and
Python-3.12. Due to the limitations of the current NISQ era,
where large-scale fault-tolerant quantum hardware is not
available, the experimental assessment of this framework is
implemented in a quantum simulation environment. QAOA
and QSVM circuits were run on the Qiskit Aer simulator.
Using a simulator enables us to demonstrate the theoretical
correctness and algorithmic benefits of this quantum-
enhanced framework free from the undesirable effects of
physical quantum noise, and provides a good reference for
implementation on physical quantum hardware.

5- 1- Consensus-Based Quantum Feature Selection

In Phase A, quantum-based feature selection took place
for each fold, using hierarchical QAOA and a mutual-
information-driven QUBO formulation. Within each fold,

only 10 features were selected from the post-preprocessed
feature set (26 or 27 features depending on how many
categories were in the training subset). This variation in the
number of features was a result of using a one-hot encoder
with cross-validation, resulting in slightly different encoded
feature dimensionalities (26 or 27 dimensions) for each fold.
A summary of the selected features from the five folds can be
seen in Table 3.

To quantify feature stability, selection frequencies were
aggregated across folds. Table ¢ reports the number of times
each feature was selected.

Applying a consensus threshold of three selections
yielded a final fixed feature set consisting of eight variables,
as shown in Table 5.

These attributes  jointly  reflect environmental
exposure, psychological health, academic discipline, and
core entrepreneurial personality traits, underscoring the
multidimensional structure of entrepreneurial competency.

5- 2- Predictive Performance Analysis

Using this consensus feature set, Phase B evaluated
QSVM and classical SVM under stratified five-fold cross-
validation. Fold-wise confusion matrix elements and derived
metrics are reported in Table 6.

Aggregated mean and standard deviation across folds are
summarized in Table 7.

In Figure 1, menage together a visual representation that
exhibits both Feature Stability and Predictive Performance;
thus providing a complete representation of this study. In

Table 3. Fold-wise selected features.

FOLD SELECTED FEATURES
1 EducationSector Humanities and Social Sciences; KeyTraits_Positivity; KeyTraits Resilience; SelfConfidence;
GoodPhysicalHealth; IndividualProject; City; Influenced; MentalDisorder
) EducationSector Economic Sciences; EducationSector Humanities and Social Sciences; KeyTraits Resilience;
DesireToTakelnitiative; Age; Gender; Influenced; MentalDisorder
EducationSector Humanities and Social Sciences; EducationSector Language and Cultural Studies;
3 KeyTraits_Positivity; StrongNeedToAchieve; SelfConfidence; IndividualProject; City; Influenced;

MentalDisorder

EducationSector Mathematics or Natural Sciences; KeyTraits Positivity; KeyTraits Resilience; SelfConfidence;

GoodPhysicalHealth; Gender; City; Influenced; MentalDisorder

EducationSector Humanities and Social Sciences; EducationSector Medicine, Health Sciences;

KeyTraits_Passion; SelfReliance; SelfConfidence; GoodPhysicalHealth; City; Influenced; MentalDisorder

14
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Table 4. Feature stability counts across folds.

FEATURE

SELECTEDCOUNT

INFLUENCED

MENTALDISORDER

CITY

EDUCATIONSECTOR_HUMANITIES AND SOCIAL SCIENCES
SELFCONFIDENCE
GOODPHYSICALHEALTH
KEYTRAITS_POSITIVITY
KEYTRAITS_RESILIENCE

GENDER

INDIVIDUALPROJECT

AGE

5

N N W W W A~ B~ B~ W

DESIRETOTAKEINITIATIVE 1

OTHERS

Table 5. Final consensus feature set.

FEATURE

INFLUENCED

MENTALDISORDER

CITY

EDUCATIONSECTOR_HUMANITIES AND SOCIAL SCIENCES

SELFCONFIDENCE

GOODPHYSICALHEALTH

KEYTRAITS_POSITIVITY

KEYTRAITS_RESILIENCE

Figure 1 (A), Selection Frequency of the Final Consensus
Features over the Five Folds is shown revealing the robustness
of the Features through the Quantum Stability Selection
Mechanism. In Figure 1 (B), Mean and Standard Deviations
for both Accuracy, Precision, Recall, and F1 Score based
upon usage of these Consensus Features is reported out. All
Evaluation Metrics demonstrated an improvement in the
Quantum Model over the Classical Baseline, with substantial
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improvement in the Recall and F1 Score, emphasizing
the Quantum -Enhanced way of Representating Complex
Behavior Patterns.

5- 3- Interpretation

Figure 2 compares the average accuracy, precision,
recall, and Fl-score results between quantum and classical
models. We can see from this radar graph that the Quantum
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Table 6. Fold-wise classification performance.

FOLD MODEL TP FP TN FN ACCURACY PRECISION RECALL F1

1 Quantum 16 4 21 3 0.8409 0.8000 0.8421 0.8205
1 Classical 12 10 15 7 0.6136 0.5455 0.6316 0.5854
2 Quantum 16 5 21 2 0.8409 0.7619 0.8889 0.8205
2 Classical 17 13 13 1 0.6818 0.5667 0.9444 0.7083
3 Quantum 16 4 22 2 0.8636 0.8000 0.8889 0.8421
3 Classical 15 12 14 3 0.6591 0.5556 0.8333 0.6667
4 Quantum 17 7 19 1 0.8182 0.7083 0.9444 0.8095
4 Classical 12 12 14 6 0.5909 0.5000 0.6667 0.5714
5 Quantum 14 5 20 4 0.7907 0.7368 0.7778 0.7568
5 Classical 7 11 14 11 0.4884 0.3889 0.3889 0.3889

Table 7. Mean + Std performance

Model Accuracy Precision Recall F1

Quantum  0.8309 +0.0276 0.7614 £0.0400  0.8684 +0.0623 0.8099 £+ 0.0320
Classical ~ 0.6068 £ 0.0753 0.5113£0.0730  0.6930+0.2121 0.5841 £0.1230

A) Stability of Final Consensus Features

Selected Count
e H M oW B oW o@

B) Mean * Std Performance Using Consensus Features

. Quantum
B Classical

Score

Accuracy Precision

Metric

Fig. 1. Stability of consensus features and corresponding mean + standard deviation performance of quantum and
classical models.

16
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Radar Comparison of Mean Performance (4 Metrics)
Accuracy

F1

Recall

= Quantum
-  Classical

Precision

Fig. 2. Radar comparison of mean classification performance between quantum and classical models across
four evaluation metrics.

Model consistently has a larger performance envelope than
the Classical Model, which shows that there are balanced
performance improvements across all four metrics instead of
just improvements in one metric. Furthermore, this indicates
that quantum kernel learning will improve both your ability
to discriminate and generalize.

Figure 3 shows the aggregated confusion matrix for
Quantum Kernel SVM by summing all predictions made
during the cross-validation technique. The model achieved
a high number of true positives and true negatives with
relatively low false negatives, which means it has a high
sensitivity to entrepreneurs. This type of model is ideal in
entrepreneurship screening situations because missing out on
a positive case would result in a higher cost of opportunity.

The classical SVM baseline’s aggregated confusion
matrix is depicted in Figure 4. There are significantly more
false positives and false negatives compared to those seen
in the quantum model due to poorer separation between
the classes, resulting in weaker overall robustness than was
achieved by the quantum model. As such, the advantages of
using a quantum-enhanced framework for modeling nonlinear
relationships in entrepreneurial competency data are further
highlighted by this comparison.
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When compared to SVM, when performing any evaluation
metric or fold, the QSVM produced a better result each
time. The QSVM provided an absolute improvement over
the baseline of approximately 22.4% in accuracy, a 25.0%
improvement in precision, a 17.5% improvement in recall,
and a 22.6% improvement in Fl-score. An overwhelmingly
significant finding was that the QSVM had a substantial
increase in recall (86.84%), which indicates that the machine
can identify entrepreneurial individuals better than the
classical SVM. This effect is especially important in practical
scenarios where false negatives are incurred—there can be
significant opportunity costs. The QSVM had much less
variability across the folds, which indicates that the QSVM
is much more robust and stable than using a classical SVM.
These two improvements are due to the synergistic effects
of quantum kernel embedding and feature selection using
quantum stability (feature selection) to model complex,
nonlinear interactions among psychological characteristics,
health variables, and environmental influences. In
conclusion, the results of this study validate the effectiveness
of integrating quantum feature selection with quantum kernel
learning to predict entrepreneurial competencies based on
tabular behavioral data.
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Total Confusion Matrix — Quantum (Sum over folds)

True 0 A

Actual

True 1

Pred O Pred 1
Predicted

Fig. 3. Aggregated confusion matrix of the Quantum Kernel SVM across all folds.

Total Confusion Matrix — Classical (Sum over folds)

True 0

Actual

True 1

Pred 0 Pred 1
Predicted

Fig. 4. Aggregated confusion matrix of the classical RBF-SVM across all folds
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6- Discussion

The authors of this paper introduced and validated their
framework through empirical research. The results indicated
that their framework yielded consistent and statistically
significant improvements in comparison to the classical
baseline and other forms of research within the field of
entrepreneurship analytics. Under the predictive analysis
of a QSVM, the mean accuracy was 83.09% (+0.0276) and
showed a substantial improvement compared to the classical
RBF-SVM baseline mean accuracy of 60.68% (+0.0753).
The traditional ML models like logistic regression and
random forest are fast and can perform relatively well but
cannot reflect the very non-linear and high-dimensional
relationships in the entrepreneurial competency data. As
shown by the baseline tests, these conventional models hit
the 60%—79% accuracy ceiling because they do not account
for the intricate relationships among the behavior features.
By utilizing the quantum feature space, the presented QSVM
is capable of mapping the nonlinear relationships into
the higher-dimensional Hilbert space, achieving quantum
advantage. In terms of published work, the improvement was
even more remarkable. Using classical SVM, Sharma and
Manchanda (2020) reported a maximum value of 59.16%
accuracy, while Jarial and Verma (2023) reported an average
of approximately 60% accuracy when using the Random
Forest technique. Additionally, although advanced ensemble
techniques such as XGBoost have been adopted, Kaur and
Bhatt (2023) achieved a maximum level of 79% accuracy.
Finally, hybrid optimization frameworks have been explored
by both Bhatt et al. (2025) and Jafarnejad et al. (2025) with
performance levels of just over 70%.

The current framework not only exceeds nearly all
previously published work, but it also yields results that are 4%
above the previously established best benchmark (79%). The
enhanced performance of the current framework, as opposed
to its predecessors, has little to do with aggressive resampling
or traditional methods of ensemble learning using classical
techniques. Thus, it is clear that the gain in performance
associated with the current framework is primarily due to an
increase in the representational capacity of the underlying
models rather than simply fine-tuning of existing parameters.
An equally significant finding is that recall (also referred to
as sensitivity) is achieved at 86.84%, which is substantially
greater than prior reported performance (see, for example,
work by SimSemcek and Das, 2022). While their work
demonstrated improvement in the classification of members
of a minority class using an under-sampling approach to
reduce the influence of over-representation of members
of the majority class, the performance improvement they
observed is mainly attributable to balancing the number of
observations between classes (data-based) versus imparting
learning-to-learn capability through structural enhancements
(learning-based). The current quantum model achieved an
improvement in recall by allowing for additional nonlinear
embedding capabilities within the Hilbert space, thus
providing for an improved ability to distinguish complex
behavioral patterns. Since false-negative predictions lead to
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missed identification of potential high-potential entrepreneurs
during the entrepreneurial screening process, this has great
significance from a practical perspective.

The methodological innovations represented by this
research are a significant shift away from the traditional
methodological framework of raw predictive metrics. Most
previous work has primarily been a focus on engineering
improvements (such as hyperparameter tuning using Optuna
or metaheuristic feature selection using the Binary Grey
Wolf Optimizer), while there has been some research into
resampling (using both ADASYN and RUS), and some
limited work on explainable Al (such as using SHAP or
LIME). Although these types of engineering improvements
are good, they are all limited to the application areas of
hypothesis-driven approaches. The proposed methodological
innovations of using quantum representation learning
provide for entanglement of feature embeddings with an
explicit representation of the higher-order relationships of
psychological constructs, health indicators, and environmental
factors. Another aspect that sets the current study apart from
prior studies is the use of stability-driven consensus as an
evaluation mechanism. Few prior studies had examined the
cross-file reproducibility of performed feature selection; most
of the studies that performed feature selection were either
performed a single time or optimized to be used for a single
data split; therefore, the use of QAOA-optimized feature
selection with a 5-way stratified cross-validation scheme,
and retaining features selected using frequency thresholds,
provides a mechanism for ensuring reproducibility and
stability. Data supporting this claim includes lower standard
deviation QSVM performance metrics in the current study
compared to other studies.

The current study has several limitations that may affect
the generalizability of its results, including the small sample
size of 219 participants from one prior study (Limitations 1
& 2) and the use of quantum computations in a simulated
environment rather than using real-world physics (Limitation
3). Scalability and noise robustness are still outstanding areas
for further research. However, the empirical evidence from
this framework supports the ability of quantum-enhanced
representation learners to perform better than classical
representation learners on difficult behavioral prediction
problems.

7- Conclusion

This study developed a new framework for making
predictions about the competencies of entrepreneurs, using
quantum technology (QT) alongside classical techniques
such as consensus calculations and hierarchical optimization
to derive feature stability and a model from multiple
quantum data sources (data from multiple locations). The
researchers were able to improve on previous models with
regard to accuracy (predictive accuracy increased by 4-8%
on average), precision/recall, and variability from one fold
to another compared to existing models. The accuracy of
the proposed model achieved 83.09% versus the 59-79%
achieved by previous studies; however, all achieved good
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results on different data sets. Whereas previous researchers
have primarily used resampling methods (e.g., bootstrapping)
or ensemble (stacking) or hyperparameter tuning to refine
their models, the researchers in this work introduced a
new representational paradigm using quantum-enhanced
embeddings for predicting competency levels based on
QAOA (hybrid AQ-X) and QKH (quantum K-systems)
feature descriptions of entrepreneurial behavior patterns.

Results from this research indicate that quantum machine
learning is more than a simple extension to existing classical
machine learning methods and offers an entirely new
level of structure to the modeling of data. Additionally, by
applying quantum computing to entrepreneurship analytics,
this research provides access to a new area of research
which combines both disciplines and suggests areas for
future research and development in relation to predictive
analytics, educational policy, and identifying early-stage
entrepreneurial talent.Future research will be needed to test
the framework against larger, multi-institutional datasets; to
test the framework’s performance when using true quantum
hardware; and to provide explainable quantum models in
order to improve the interpretability of models developed
using the framework. Overall, this research demonstrates that
stability-guided Quantum Representation Learning (SQLR)
represents a significant breakthrough beyond the current
capabilities of traditional forms of machine learning methods
used to predict entrepreneurial competencies.
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