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Abstract. Higher education institutions are increasingly facing challenges in student recruitment and retention, necessitating the
development of data-driven segmentation and profiling models. Traditional segmentation approaches rely heavily on historical data and
often fail to capture shifts in applicant behaviour. In contrast, Al-based techniques enable real-time analysis of interactions, supporting
more adaptive and personalised recruitment strategies. Across fields like marketing, finance, and e-commerce, researchers have shown
that clustering, supervised learning, and hybrid ML models can meaningfully improve segmentation tasks. This article explores the
application of such methodologies in the context of higher education. A systematic literature review (SLR) and a Weighted Sum Model
(WSM) were applied to evaluate and rank the relevance and adaptability of segmentation techniques used in the analysed studies. Results
indicate that K-Means and Random Forest are widely applied in student segmentation and performance prediction. At the same time,
hybrid models, such as K-Means combined with decision trees, offer improved accuracy and interpretability. However, real-time
behavioural analytics (e.g., Google Analytics) and natural language processing (NLP) methods remain underexplored. Overall, the
findings suggest that Al-driven segmentation models can enhance student engagement, academic success prediction, and strategic
enrolment management. Future work will focus on integrating real-time behavioural data, refining segmentation models, and improving
predictive analytics for university admissions and retention strategies.
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1. Introduction

Digital transformation is impacting various sectors of the economy and aspects of public life. Educational
institutions are increasingly facing challenges not only in understanding and engaging with potential applicants
during admissions campaigns, but also in retaining and adapting to the needs of current students. Creating
profiles of these individuals, sometimes referred to as "customer identity creation,” will improve student
enrolment strategies, increase student retention, and create a personalised educational path for students.

* This research was funded by International grant project of VSEM No. 1/2024 M — Management of the processes of
recovery and sustainable development of public and economic law entities of the EU Member States, in particular Slovakia
and Ukraine.
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Traditional customer segmentation methods are static, relying on historical data rather than capturing current
behaviour. Additionally, they lack predictive capabilities and primarily work with structured data. In contrast,
the modern digital era generates vast amounts of unstructured data that are crucial for segmentation, predicting
customer behaviour, and retaining customers.

Traditional data analysis methods in education, such as demographic segmentation or survey-based data
analysis, do not provide effective results, given the large volumes of data about students and the fact that this
data comes from different sources, has a different structure - student applications, academic records, activity on
social networks. Machine learning methods address these challenges by integrating data from multiple sources
and identifying behavioural patterns that are difficult to detect manually. These models support tasks such as
profiling applicants, forecasting academic risks, and estimating the likelihood of student withdrawal. Methods
such as clustering, supervised learning, and deep learning models are effective for creating student profiles and
uncovering useful insights from the data. Additionally, combining machine learning methods with tools like
Google Analytics allows universities to obtain useful statistics on applicants' engagement in real time and to
personalise approaches to the recruitment of prospective students.

The purpose of this article is to investigate the application of machine learning methods to create customer
profiles in various sectors of the economy, with an emphasis on their relevance and existing solutions for higher
education institutions. The review seeks to identify potential gaps in the use of machine learning methods to
create applicant and student profiles. These findings will form the basis for further research aimed at developing
university applicant and student profiles, which will allow universities to conduct more effective, personalised
admission campaigns and possibly increase student retention rates.

2. Literature review

Customer relationship management (CRM) is an integral part of any company's marketing strategy. CRM is a
strategic approach to managing customer interactions, which aims to increase customer engagement,
satisfaction, and long-term retention. CRM is most often used in business sectors to optimise marketing
strategies. Still, in recent years, CRM principles have been increasingly applied by universities to improve the
results of admissions campaigns, attract and retain students.

In the higher education sector, the use of CRM enables optimising the admissions process and tracking
interactions with students at different stages of the admissions and study process, ultimately improving the
performance of the higher education institution. In addition, combining CRM with machine learning and
predictive analytics enables universities to identify student groups and personalise interactions with them.

Consider two CRM approaches for better understanding and engaging customers: customer segmentation and
customer profiling. Customer segmentation is an analytical method for dividing customers into groups based
on common characteristics, widely used in business and marketing. It allows companies to adapt their
development strategies and promote products to different segments, thereby increasing efficiency, business
profitability and customer engagement (Das et al., 2022).

For universities, segmentation enables you to optimise academic and administrative processes for different
student groups. Traditionally, segmentation in higher education can be based on various factors: demographic
data (age, nationality, socio-economic background), geographical data, behavioural engagement, academic
performance and preferences when choosing disciplines; now, activity in social networks is also added to these
data. Segmentation helps universities optimise marketing campaigns for personalised communication with
different student groups, taking into account each group's unique needs and interests. Additionally, the use of
this tool allows for the development of personalised academic support and individual communication strategies.

Segmentation techniques such as clustering and supervised learning can be effectively applied to student data

to identify patterns in enrolment, engagement, and retention, according to research on predictive analytics and
customer segmentation tools.
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For universities, it is best to start analysing student data by segmenting students, given that universities attract
students from different demographic groups, academic interests, and career goals, as well as behavioural
differences, geographical, and socio-economic factors. The conducted student segmentation serves as the basis
for student profiling, providing a deeper understanding of individual students within each segment. Student
profiling is an approach that segments students by creating detailed profiles based on a combination of data,
such as behavioural, demographic, geographic, and social network data. In this context, segmentation divides
students into large groups, and profiling allows you to create more detailed student profiles within these groups
(Das et al., 2022). Such deeper data analysis enables you to obtain more holistic information about students, for
example, enabling early identification of students at risk of expulsion and individual career guidance.

The application of machine learning methods, such as clustering, deep learning, and predictive modelling,
provides valuable insights from large datasets. In addition, tools such as Google Analytics help educational
institutions analyse student interactions in real time, increasing the effectiveness of recruitment and engagement.
The integration of CRM, segmentation, and profiling provides universities with a robust framework for
enhancing student engagement and institutional efficiency, which, at the current stage of higher education
institutions, especially in Ukraine, is an important factor in ensuring sustainable development and resilience to
new challenges. Studies have shown that universities that implement data-driven segmentation and profiling
methods have higher student retention rates and improve overall academic performance (Das et al., 2022). The
combination of segmentation and student profiling allows universities to apply not universal strategies, but to
develop measures and strategies that are tailored to the individual needs of students.

As previously mentioned, segmentation and student profiling are related but serve different purposes in
analysing student data. While segmentation provides a macro-level view by grouping students into broader
categories, student profiling focuses on micro-level insights by analysing specific characteristics and behaviours
of individual students (Hemsley-Brown, 2016). The key differences between segmentation and profiling are
summarised as follows in Table 1.

Table 1. The key differences between segmentation and profiling

Aspect Segmentation Profiling
Purpose Group students into broad cat;ggries Creates detz}ile.d,.personalised insights for
based on common characteristics individual students

Scope Macro-level analysis Micro-level analysis
Methods Clustering, RFM analysis, demographic Predictive modelling, supervised

Used segmentation learning, deep learning

o Targeted marketing, student recruitment, | Personalised learning, academic support,
Application ) S -
personalised communication dropout prediction

Source: Own work

According to the study (Das et al., 2022), segmentation should be the first step in the analytical process,
providing a structured foundation for student profiling. As a result, by first identifying broad student categories,
educational institutions can refine their strategies using detailed profiling methods to ensure services are tailored
to individual needs. The integration of CRM, segmentation and profiling approaches into university operations
is essential for the effective functioning of educational institutions in an environment of intense competition.
CRM is the basis for managing student interactions; segmentation allows you to identify significant groups of
students for targeted student engagement and retention; and creating student profiles enables you to implement
personalised approaches to student retention and interaction. As segmentation and profiling research continue
to evolve, it is important to examine how machine learning (ML) approaches are applied across industries and
how these methodologies can be adapted to higher education. This study aims to systematically review the
existing literature on machine learning-based segmentation and profiling. To achieve this, a structured
methodology for identifying, evaluating, and synthesising relevant scientific articles, previously used in
previous studies, was adapted and refined. The following section describes the systematic review process,
including database selection, search queries, inclusion and exclusion criteria, and the consensus approach used
to ensure robust results.
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3. Methodology of review

This study follows a systematic literature review (SLR) approach, with particular attention to accuracy,
transparency, and replicability. We build on the structured review process outlined in our earlier work
(Cherednichenko et al., 2023) on entity resolution and item matching, adapting it here to examine how Al and
ML techniques are applied to segmentation and customer profiling in the education sector. To structure the
review, we organised the process into several stages, illustrated in Figure 1.

Figure 1. Step by step, the review methodology
Source: Own work
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1. Defining the research questions. The central research question will be:
“How are artificial intelligence (Al) and machine learning (ML) used for customer profiling in education?”.

To explore the main question more fully, we also considered several supporting questions:
“What AI/ML methods are most commonly used for customer profiling?”

“What datasets and features are used for profiling in education?”

“What are the main advantages and limitations of Al-based profiling in this context?”

2. Establishing criteria for including and excluding articles from the review. To ensure the material reviewed is
relevant, we applied the following inclusion criteria: peer-reviewed journals and conference publications;
studies published primarily within the last five years; publications in English; and publications available to read
in full. We also formulated exclusion criteria to filter out studies that did not meet the scope or quality
requirements of the review: unverified sources; articles not in English; dissertations; studies with low impact
factors or outdated methodologies.

3. Selection of databases and sources. Several bibliometric databases were selected for a comprehensive search
of publications, taking into account criteria such as peer-reviewed status, broad coverage, and accessibility:
Google Scholar, Scopus, Web of Science, ResearchGate, and Semantic Scholar.

“How are artificial intelligence (Al) and machine learning (ML) used for customer profiling in education?”.

To explore the main question more fully, we also considered several supporting questions:
“What AI/ML methods are most commonly used for customer profiling?”’

“What datasets and features are used for profiling in education?”

“What are the main advantages and limitations of Al-based profiling in this context?”

2. Establishing criteria for including and excluding articles from the review. To ensure the material reviewed is
relevant, we applied the following inclusion criteria: peer-reviewed journals and conference publications;
studies published primarily within the last five years; publications in English; and available for full reading. We
also formulated exclusion criteria to filter out studies that did not meet the scope or quality requirements of the
review: unverified sources; articles not in English; dissertations; studies with low impact factors or outdated
methodologies.

3. Selection of databases and sources. Several bibliometric databases were selected for a comprehensive search
of publications, taking into account criteria such as peer-reviewed publications, broad coverage, and availability
of access: Google Scholar, Scopus, Web of Science, ResearchGate, Semantic Scholar.

4. Developing a search query. Because segmentation and profiling in higher education is still emerging, we
initially adopted a broad search strategy, including information from business, marketing, finance and
healthcare. As a result, several search directions were identified, and corresponding queries were developed:

a) General customer profiling using machine learning:

- "machine learning” AND "customer profiling” AND "identity resolution™;

- "customer segmentation™ AND “predictive analytics" AND "machine learning";
- "data-driven customer profiling” AND "Al";

- "personalisation in customer experience” AND "machine learning™;

- "customer behaviour modelling" AND "clustering algorithms";

b) Education-specific profiling (students & university):

- "student profiling" AND "machine learning" AND "university admissions";

- "Al in higher education" AND "student segmentation";

- "predictive analytics" AND "student behaviour" AND "academic performance";
- "university recruitment” AND "Al-driven student profiles";

- "personalised learning” AND "AlI" AND "student engagement";

- "student success prediction" AND "data analytics";

"dropout prediction" AND "machine learning" AND "higher education;
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c) Cross-sector adaptation: finding solutions from other fields for universities:
- "customer insights" AND "Al" AND "higher education";

- "marketing analytics" AND "student enrollment";

- "customer relationship management" AND "education sector";

- "recommendation systems" AND "student retention";

- "customer loyalty prediction” AND "student engagement";

- "Al-driven user profiling" AND "education technology".

After testing multiple query combinations, we selected the formulation that yielded the most relevant results
across databases: (“"machine learning” OR "Al" OR "artificial intelligence")AND (*'customer segmentation” OR
"customer profiling” OR "student profiling")AND ("higher education” OR "educational sector" OR
"universities") AND ("business” OR "industry™ OR "corporate sector"). Therefore, after the execution of the
second and current steps, more than 700 publications were obtained.

5. Title and abstract comparison. Once the search was completed, we screened the retrieved publications against
the inclusion and exclusion criteria. After this, the retrieved articles were additionally checked based on:

- exclusion of duplicates, i.e., repeated studies from different databases;

- the relationship between the title and the abstract, with priority given to those studies where machine learning
was mentioned.

This step removed duplicates and clearly irrelevant studies. Before proceeding with further evaluation,
implementing the above steps reduced the number of publications to 96.

6. Full-text review and peer review. Following the preliminary screening, the co-authors conducted a more
detailed assessment of the remaining publications to meet the following criteria:

- citation availability — priority was given to well-cited sources;

- methodological rigour — ensuring the use of sound empirical approaches in research;

- taking into account the presence of segmentation and profiling tasks in the research.

Final decisions were made through discussion and consensus among co-authors. This step reduced the number
of publications for further in-depth analysis to 55.

7. Consensus protocol for literature review. The Weighted Sum Model (WSM) was used to evaluate the selected
articles. A team of co-authors with expertise in machine learning, educational technology and customer profiling
carried out the review process. To ensure consistency, all publications were evaluated according to a structured
system of weighted criteria, with weights reflecting the importance of each criterion:

- relevance — alignment with the research area: segmentation and profiling of university students;

- scientific rigour — quality of research methods used;

- novelty — introduction of new concepts or models;

- impact — potential impact on scientific and business communities;

- interdisciplinary adaptability — can the concepts be applied in different fields.

Each co-author assigned a weight to each of the criteria independently. Each publication was evaluated
according to these criteria using the following scale: 1 - very low, 2 - low, 3 - moderate, 4 - high, 5 - very high.

After all publications were evaluated for each co-author, a weighted score was calculated for each article using
their individual scores and weights. The next step was to calculate the average of the three weighted scores for
each article. This approach allows for the individual weighting of each reviewer’s criteria to be taken into
account.

After the individual evaluation of each publication, a meeting was held between the co-authors to discuss
existing discrepancies in scores and weights. This iterative process ensured a balanced and consistent evaluation
across all publications. This step allowed us to reduce the number of publications for further in-depth analysis
to 40.

The WSM evaluation allowed us to classify the reviewed studies into three relevance tiers, reflecting their
methodological quality and their potential applicability to higher-education profiling tasks. Figure 2 presents
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the studies from the first two groups. Studies with the highest rating (4.30+) offer methodologies that are most
relevant to our research topic, while studies with lower ratings (3.50) offer Al and clustering methods from
other fields that can be adapted to enhance university student segmentation models.

Final Evaluation Scores of Al & ML Papers for Student Segmentation

Complex Competencies for Leader Education (Ramirez-Montoya, 2024)

Student Grouping & Course Recommendation (Guo, 2022)

Unveiling Student Segments {Chertcham, 2024}

Optimizing Customer Segmentation {Julian & Hariprasath, 2024)

Clustering Analysis for Student Performance (Nafuri, 2022)

Data-Driven Student Recruitment (Chertchom, 2024)

Clustering Algorithm to Measure Student Assessment {Sobral & de Oliveira, 2021)
ML-Based Student Group Profiles (Song, 2024)

Pradicting Student Enrollments & Attrition (Shilbayeh & Abonama h, 2021)

Paper Title

Regression & Ensemble Models for Student Performance {Daware, 2024}
Al & ML Applications in Education (Yildirim & Celepcikay, 2021)

Tailored Elective Recommendations Using ML (Gowda, 2025)

Social Clustering-Based GPA Prediction (Hassan et al., 2022

Optimizing Student Support vis Al Chatbots (Segovia-Garcla, 2024)
Student Placement Prediction & Skill Recommendation (Kadu, 2024)
Intelligent Learning Management Systems (Hill & Conceicio, 2024)

Dynamic Landscape of Higher Fducation [Sathish, 2024}

3 4 5
Score (Out of 5)

Figure 2. The studies with ranks higher than 3.50
Source: Own work

The articles with the highest rating (4.30+) represent, from the authors' perspective, the most effective
methodologies for student segmentation and profiling. These studies directly contribute to the development of
Al-driven segmentation and profiling models that can be applied in university marketing and admissions
strategies. These studies suggest clustering methods, predictive analytics, and machine learning approaches that
can improve admissions personalisation processes and facilitate the development of more effective student
engagement and retention strategies.

Studies within the 4.30-3.50 rating range include studies that offer valuable approaches and models that can be
adapted for profiling and segmenting students during admissions campaigns. Based on the analysis of student
data, these studies offer tools for predicting student success and developing personalised learning strategies.
Avrticles with a rating below 3.50 focus mainly on customer segmentation and profiling in non-education
industries such as banking, retail, and marketing. Despite their industry-specific focus, these studies are valuable
because customer segmentation has been extensively applied in these fields for many years with proven,
effective implementations. In this regard, they offer artificial intelligence methodologies and clustering
infrastructure to improve student profiling models. Their adaptation can facilitate the adoption of innovative
techniques and retention strategies by applying business intelligence methods to analyse student data.

The reviewed studies address our research questions and highlight several methodological directions for future
work. Less relevant articles, while not directly focused on higher education, offer valuable insights that can help
develop models for student segmentation and profiling. In particular, Al-based segmentation techniques
obtained from other business areas can be adapted to improve student recruitment strategies, predict enrolment
trends, and enhance retention efforts at universities.
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4. Findings and discussion

Acrtificial intelligence (Al) and machine learning (ML) methods are widely used in higher education, particularly
for student profiling, segmentation, predictive analytics, and clustering. We will examine the methods and
approaches proposed by the authors in 18 publications that received a score higher than 3.50, and assess their
appropriateness for creating student profiles, segmenting students during the admission campaign, and
developing personalised learning. In addition, earlier foundational studies are referenced selectively to
contextualise the evolution of student profiling approaches; however, these works were not included in the final
evaluated set.

In several studies, the authors used ML models to predict student success, retention, and dropout risks. Research
on predicting future employment using machine learning methods is highly relevant, given the competition and
pressure university graduates face in the modern world. For instance, in (Kadu et al., 2024), the Random Forest
machine learning method was used in combination with feature selection to predict employment and provide
recommendations on professional skills, based on the following set of data available in the university database:
academic performance (CGPA, points), internship experience, completed projects, certificates obtained,
aptitude test results, communication skills ratings and extracurricular activities. Another area of application of
machine learning methods is to determine the structure of student recruitment and attrition. According to
(Shilbayeh & Abonamah, 2021) predictive models such as Random Forest and Decision Trees were applied to
identify groups of students that the university should attract to comply with academic standards, and risk groups,
i.e. students who are most likely to be expelled. As in previous work, the authors emphasise the importance of
properly preparing input data: selecting characteristics, filling in missing data, and removing outliers or
incorrectly entered data. The dataset used by the authors for this model included students' demographic data and
academic records (e.g., English proficiency, academic performance). In Ramirez-Montoya et al. (2024), the
researchers propose using Support Vector Regression (SVR) combined with Recursive Feature Elimination
(RFE) to predict student performance. The use of RFE enables the identification of the most relevant predictors
for the model, thereby ensuring its interpretability and computational efficiency. Predictive models help identify
students who may need additional support and develop targeted interventions. A study (Daware, 2024) explores
machine learning methods to analyse key factors influencing student achievement and to develop predictive
models. Several algorithms were used, including linear regression, random forest regressor, gradient boosting
regressor, support vector regressor (SVR), and K-nearest neighbours regressor, each chosen for its ability to
capture different patterns in the data, whether linear or complex. The models were trained using characteristics
such as attendance, socio-economic background, parental education, and academic history to determine their
impact on student achievement. The best results were achieved with ensemble learning methods, including
gradient boosting regressor and support vector regressor (SVR), which effectively captured nonlinear
relationships in student achievement data. Using such a model will allow identifying students at risk for
academic success and implementing personalised support.

The research (Hassan et al., 2022) integrates clustering (K-Means) with regression (LASSO regression) to
predict GPA based on social and academic factors. Students with similar engagement behaviours were grouped,
and regression models were applied to each cluster to predict final GPA. Unlike previous works, the authors
used not only demographic data but also information on students' social behaviour; this data for their dataset
was collected by analysing mobile sensor data and by conducting surveys of students before and after the
courses. The findings in (Abyaa et al., 2019) indicate that the characteristics of students, which are used to create
a student profile within the framework of the active development of e-learning: a static student profile,
knowledge, cognitive abilities, social characteristics and motivation, while these characteristics are used both
independently in machine learning models and in combination, as was done in (Hassan et al., 2022). The authors
of (Rai et al., 2024) propose the introduction of data analytics into the work of the marketing department and
the student recruitment department, for this purpose a survey was developed and conducted among potential
applicants, the survey results were used to determine the most potential candidates for enrolment in the
university, for this purpose it was proposed to use the following algorithms: Logistic Regression, K-Nearest
Neighbor, and Artificial Neural Networks. Artificial Neural Networks demonstrated the highest accuracy.
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Predictive analytics can improve the process of creating a student profile by identifying key characteristics to
include. Combining predictive models with clustering can improve approaches to student segmentation.

Another set of studies focuses on clustering techniques, using indicators such as academic results, engagement
metrics, and behavioural attributes to form meaningful student segments. For example, in (Mohamed Nafuri et
al., 2022), the following clustering methods K-Means, DBSCAN, BIRCH are proposed to identify groups of
students based on their performance indicators. In this study, to solve the problem of "large amount of data",
which leads to difficulties in data processing and analysis, feature selection methods were applied to find the
best attributes for this study. Both supervised (using random forest, extra tree, info gain, and chi-square
techniques) and unsupervised (applied variance thresholding (>0.3) to identify high-variance features and
remove redundant ones.) feature selection methods showed the same result, so the following 12 features were
selected: place of birth, income groups, high school, university, registration age, entry qualification, field of
study, sponsorship, CGPA, number of activities, and employment status. The application of this approach is
relevant to university CRM, as it can provide student segmentation for personalised learning. Traditional market
analysis methods often fail to handle a large, diverse customer base, a limitation that is also common in higher
education institutions due to the volume of student data. The solution to this problem may lie in implementing
big data analytics and machine learning, which offer more efficient, automated segmentation methods. Among
such approaches, the most popular and effective approach is K-Means clustering (Julian et al., 2024). The
researchers (Julian et al., 2024) believe that this technique is particularly useful in retail. Still, from our point of
view, it can also be adapted for the higher education sector, thereby improving segmentation and profiling
efficiency. In Song et al. (2024), the authors use survey results as data about students. The survey was conducted
among 2,492 students, and data were collected on students' demographics, educational status, personal morality,
political ideology, interests, and hobbies. To assess the questionnaire's validity and reliability, the Kaiser-
Meyer-Olkin (KMO) and Bartlett's tests were used. Based on the clustering results using the K-Means clustering
method, the authors built a classification prediction model for university student groups based on the BP neural
network. This combination of two machine learning methods helped overcome the limitations of traditional
survey result processing, yielding student profiles that support adaptive learning paths and the development of
personalised services for students. The K-Means clustering method was used by researchers (Sobral & de
Oliveira, 2021) to test whether it is possible to take into account students' self-assessment during the learning
process and to assess the correlation between self-assessment and other student characteristics, the data source
was the results of a student survey and university academic records. In the study (Chertchom, 2024), clustering-
based segmentation using the K-Means algorithm is used to identify patterns of applicant registration to improve
student recruitment strategies. The data source was the university's applicant registration system. In this study,
the characteristics that determine the choice of applicants were "Province", "Parent Occupation”, and "Parent
Revenue". The results of this study were used to develop marketing strategies for student recruitment in different
regions. The authors' focus (Guo et al., 2022) is on developing an improved K-means clustering algorithm for
student segmentation, and they introduce a group-oriented course recommendation model that takes into account
both statistical and semantic dimensions. Word2Vec Embeddings was applied for feature extraction to better
capture semantic relationships among student characteristics. For further student segmentation was used K-
Means Clustering (Improved Version) based on their learning preferences and academic performance. The use
of Word2Vec for feature extraction offers an innovative way to analyse unstructured student data, which could
be useful in processing text-based academic records, student feedback, and learning preferences.

According to Guan et al. (2020), between 2010 and 2019, the number of studies on student profiling and learning
analytics using Al increased significantly, with a focus on learning processes and the application of Al in
education. The most common themes in published research focused on learning models, student engagement,
and predictive analytics for academic success and dropout prevention. A key feature of this research period was
the shift to Al-powered predictive modelling to track student progress, academic performance, and dropout risk.
Additionally, learning analytics, big data, the use of Al techniques, and ethical considerations around the use of
student data for institutional analytics became key research areas during that period. These ideas are relevant to
our research as they highlight how Al-driven segmentation and profiling models can be improved to enhance
student support, retention prediction, and personalised academic guidance.
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Artificial intelligence has played a significant role in increasing the integration of personalisation into university
learning processes, thereby improving student engagement, academic advising, and real-time learning
adaptation (Yildirim & Celepcikay, 2021). Al applications on EdTech platforms play an important role in
tracking student behaviour, providing personalised learning experiences, and offering intelligent
recommendations. A study by Segovia-Garcia (2024) highlights the role of Al-developed chatbots in student-
institution interactions, providing students with instant academic support and guidance. These chatbots generate
real-time interaction data that can be used to profile behaviour and clustering patterns to improve student
retention strategies. Additionally, Gowda et al. (2025) demonstrate how collaborative filtering and genetic
algorithms optimise course recommendations based on choice, ensuring that students receive personalised
guidance on their academic trajectory. While these Al-based systems do not directly segment students, they
provide important behavioural insights that can improve profiling models for data-driven student support.
Modern learning management systems (LMSs) have evolved into sophisticated Al-powered platforms that
personalise learning paths. According to Hill and Concei¢do (2024), intelligent learning management systems
(ILMSs) use machine learning algorithms to track student engagement, dynamically adapt course content, and
segment students based on real-time interactions. By analysing LMS activity data, institutions can proactively
identify students who are struggling, optimise curriculum development, and implement personalised academic
interventions. These Al-driven tools create an adaptive education system and also facilitate student
segmentation and profiling.

The paper of Sathish et al. (2024) highlights the development of a job recommendation system for students that
continuously improves its recommendations based on user feedback (rejection of a job offer or acceptance).
This mechanism is similar to adaptive student segmentation models in education, where machine learning
algorithms adjust student groupings based on behaviour, activity, and academic performance. In this way, the
concept of adaptive learning from recommender systems can be used to improve real-time student segmentation
by incorporating dynamic feedback loops, making segmentation models more responsive to students' learning
behaviour and performance trends.

The graph (Figure 3) below summarises the frequency of machine learning techniques applied in the reviewed
articles. The graph below shows the frequency of use of machine learning methods in the reviewed articles.
According to this graph, the following conclusions can be made:

- K-Means clustering is the most widely used technique for student segmentation, often combined with feature
selection methods.

- Random Forest and Gradient Boosting models are common for predicting student performance due to their
ability to handle multidimensional learning data.

- Conjoint Filtering (CF) and neural networks are gaining popularity for personalised course recommendations
and adaptive learning systems.
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Figure 3. The frequency of machine learning techniques applied in the reviewed articles
Source: Own work

Some interim conclusions can be drawn: first of all: machine learning is widely used for student profiling and
retention prediction, using clustering models to segment students based on academic, behavioural, and socio-
economic factors; second, course recommendation systems developed using Al methods are becoming a
powerful tool to improve learning personalisation; third, hybrid models combining clustering + supervised
learning (e.g., K-Means + Decision Trees) are effective in improving segmentation accuracy. It should also be
emphasised that although our study did not pay much attention to this issue, ethical issues regarding Al-based
analytics remain a key concern, especially in the use of student data for predictive decision-making. Table 2
summarises the primary focus areas, ML techniques used, and potential future applications of these techniques.

Table 2. The primary focus areas, ML technigues used, and potential future applications of these technigues

Focus Area Key Techniques Identified Future Applications
. . K-Means, DBSCAN, Improved K- Adaptive learning pathways, micro-
Student Profiling & Segmentation Means, BIRCH segmentation
. . Random Forest, Decision Trees, SVM, Early intervention, targeted academic
Predicting Student Success & Retention GBM, LASSO Regression support
. . Collaborative Filtering, Word2 Vec, Al-driven academic advising, automated
Personalised Course Recommendation . >
Hybrid Al models course recommendations

Random Forest, Gradient Boosting,

Bayesian Networks Al-powered early warning systems

Dropout Prevention & Risk Prediction

. . . Al-enhanced Learning Management Dynamic content adaptation, student
Learning Analytics & Adaptive LMS Systems (ILMS), Neural Networks engagement tracking
University Admissions & Marketing Logistic Regression, K-Means, Neural AI-based rec.rulltment st.ra.tegles, dgta-

Networks driven admissions decision-making
Employment Prediction & Career Decision Trees, Random Forest, Feature Al-powered job placement support,
Matching Engineering career path recommendations

Source: Own work

In addition to studies on the application of machine learning methods in the higher education sector, studies on
the use of various machine learning (ML) methods for customer segmentation and profiling and data set creation
strategies in many other sectors (the retail, finance, marketing, and telecommunications sectors of the economy)
were selected for analysis, they were rated by authors below 3.50. The aim is to explore how these methods can
be adapted and applied in the higher education sector to improve student profiling, admissions strategies, and
retention efforts.

ML-driven segmentation methods can be broadly classified into unsupervised, supervised, and hybrid models.
These methods are widely used in industries such as finance, marketing, retail, healthcare, and education, and
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provide insights into customer behaviour, preferences, and predictive trends. Our review results are summarised

in Tables 3 and 4.

Table 3. Machine learning methods used in various industries to perform segmentation and profiling

Machine Learning Method

Purpose in Customer Segmentation

Relevant Papers & Sources

Unsupervised Learning

A clustering algorithm that does not

Affinity Propagation require pre-defined cluster numbers. Mim & Logofatu (2022); Panji (2023)
DBSCAN (Dens1t}'/-Based Spatial Segments hlgh-value? customers and Hicham & Karim (2022); Kiran ct al. (2024)
Clustering) filters out noise data.

Fuzzy C-Means Clustering

Used for dynamic segmentation in
marketing.

Widianti (2024); Thitiporndharma &
Khonthaoagdee (2024)

Hierarchical Clustering

Groups of customers based on purchasing
power and product affinity.

Wani (2023); Gupta & Israni (2024)

K-Means Clustering

Groups of customers into similar
segments based on pre-defined numerical
features.

Mustafa (2023); Wang (2024); Arakh (2024)

Identifies customer groups based on

Julian & Hariprasath (2024); Saxena (2022);

spending habits, loyalty, and preferences. Arakh (2024)
Spectral Clustering Usedin banklngg ;guc;:smfy credit risk Shaikh & Khedkar (2023)
Principal Component Analysis Reduces data dimensionality to improve Widianti (2024); Alkhayrat (2020); Wani
(PCA) segmentation accuracy. (2023)
Supervised Learning
Decision Trees (DT) Rule-based classification that helps define Mustafa (2023); Thitipomdharma &
customer segments. Khonthaoagdee (2024); Wang (2024)
Ensemble method that improves accuracy
Random Forest (RF) and identifies key features for Mustafa (2023); Cao (2024); Wang (2024)

segmentation.
Finds optimal hyperplanes to classify
customers into different segments.

Support Vector Machines (SVM) Mustafa (2023); Cao (2024); Arakh (2024)

Optimisation Techniques

Optimisation technique that enhances
clustering accuracy.
Source: Own work

Genetic Algorithms Hamidi & Haghi (2024)

ML-based segmentation has many advantages, but there are still challenges such as data quality, algorithm
selection, and interpretation, which can be overcome by hybrid models that combine machine learning with
traditional statistical methods, improving both segmentation accuracy and interpretability. These hybrid models
often integrate clustering algorithms with dimensionality reduction or ensemble methods, balancing
performance and transparency in the segmentation process. For example, using such a combination of K-Means
+ Decision Trees increases the accuracy of the model and the usefulness of the model in real-world e-commerce
scenarios, while universities can use such a hybrid model to group applicants based on academic records and
then predict their probability of success.

Table 4. Hybrid models utilised in various industries to perform segmentation and profiling

Hybrid Model Used Industry Paper
Gaussian Mixture Model (GMM) + Logistic Retail / Marketing John et al. (2023)
Regression
PCA + K-Means + Hierarchical Clustering Wani (2023)
K-Means + (K-nearest neighbours, Logistic Finance

Regression, Decision Tree,
Random Forest, Support Vector Machine)
K-Means + Decision Tree
K-Means + PCA + Decision Trees
K-Means + Apriori
K-Means + SVM
Hybrid Clustering (K-Means + PCA + Decision
Trees)

Hoang Dang Tran (2023)

Thitiporndharma & Khonthaoagdee (2024)
Rahmet & Giirkan (2024)
Phyo et al. (2023)
Arakh (2024)

Rahmet & Giirkan (2024)

Credit card companies

Retail

E-commerce

Various industries

Source: Own work
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A major challenge in segmentation is data collection and preprocessing. Industries utilise various dataset
creation strategies to build high-quality customer and student profiles (Table 5).

As a result of analysing strategies used in other business sectors, we can distinguish between data fusion and
integration and feature development and dimensionality reduction (PCA, LDA). The first approach is effectively
used in industries such as telecommunications and retail, combining structured (purchase history) and
unstructured data (social media activity) to create a complete customer profile. In higher education, artificial
intelligence methods can also be used to combine LMS data, academic records, customer surveys, social media
activity to increase segmentation accuracy, and improve the learning experience and admission strategies. The
dimensionality reduction approach is actively used in marketing and finance, PCA (principal component
analysis) and LDA (linear discriminant analysis) reduce the complexity of the data while preserving the main
attributes.

Using this approach in higher education will ensure the selection of the most relevant student attributes for
profile development and noise reduction in student data, resulting in a more accurate student profile and
improved personalised support system.

Table 5. Dataset creation strategies used in various industries

Paper Industry Dataset Used Key Features
Alkhayrat (2020) Mobile usage data, call detail records Call frequte)rilﬁi};;;?ltiz tf)(;;lsumptlon,
Telecom - -
Widianti (2024) Call detail records, mobile data usage Call duration, data consumption,
network preferences
Shaikh & Khedkar (2023) Banking Account act1v1t}{, credit card Spending behav19ur, credit score, loan
transactions history
Wang (2024) Retail & Finance Transaction records & customer Age, income, purchase frequency,
demographics payment method
Lewaaelhamd (2023) . Purchase records, browsing data Spending frequency, reeency. product
Retail & E- categories
Mustafa (2023) commerce Online purchase logs, browsing data Purchase frequency, speqdmg habits,
product categories
Katragadda (2023) Marketing Website mterz.ictlons, a(.l engagement, Clickstream data, 3001.a1 media
online behaviour engagement, conversion rates
Thitiporndharma & Finance Transaction patterns, credit card Spending clusters, income levels,
Khonthaoagdee (2024) usage payment preferences

Source: Own work
Table 6 highlights how ML-based clustering and classification models, leveraging different business areas, can
significantly enhance student recruitment strategies by segmenting applicants, identifying outliers, optimising
marketing, and improving scholarship distribution.

Table 6. Applications of business model in higher education and their benefits

Business Model Application in Admissions Benefits
K-Means Clustering Groups applicants bas.ed on academic | Helps target marketing efforts and scholarship
performance, location, interests offers

Identifies outliers (applicants with
unique backgrounds)
Creates detailed applicant segments
based on multiple features
Classifies students as high, medium,
or low probability enrollees
Predicts which students are most
likely to succeed

Source: Own work

DBSCAN (Density-Based Clustering) Ensures diversity and inclusion in recruitment

Customises admission messaging for different
applicant types
Optimises recruitment resources by focusing
on likely candidates
Improves scholarship and admissions
decisions

Hierarchical Clustering

Support Vector Machines (SVM)

Neural Networks (Deep Learning)

To sum up, customer segmentation models from various industries offer valuable methodologies that can be
adapted for student profiling and recruitment strategies in higher education. Unsupervised clustering techniques
provide dynamic segmentation, supervised models enable academic performance prediction, and hybrid
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approaches combine the strengths of both for enhanced student profiling. Al-driven dataset creation techniques,
such as data fusion and feature selection, ensure more reliable insights for university decision-making.

Our research aimed to answer the following key question: How are artificial intelligence (Al) and machine
learning (ML) used for customer profiling in education? Al and ML are widely used in student segmentation,
profiling, predictive analytics, and clustering models; various predictive models are used to predict student
performance, dropout probability, and future employability. Learning management systems (LMS),
recommender systems, and chatbots powered by Al allow universities to improve student engagement and
personalise their learning trajectory. The most common methods used for segmentation are K-Means,
DBSCAN, hierarchical clustering, in turn, for predicting student success and dropout rates, such methods as
random forest, decision trees, gradient boosting, logistic regression are most often used, various hybrid models
are successfully used for both segmentation and prediction, for example, K-means + decision trees, clustering
+ regression (for example, LASSO regression). In addition to these widely used ML methods, the use of Natural
Language Processing (NLP) technique Word2Vec is also being implemented to process student feedback and
academic records; joint filtering, neural networks and reinforcement learning are used for personalised
recommendations and personalisation of students' learning trajectory. The key issue for the effective and high-
quality work of AL/ML models is the selection of student characteristics, the data used in the studied sources
can be divided into the following groups:

- demographic data: age, gender, nationality, socio-economic background;

- academic records: GPA, course performance, attendance;

- behavioural data: online engagement, social media activity, LMS interaction;
- survey data: student self-assessment, satisfaction surveys;

- career-related data: internship experience, employment status, skill gaps.

Despite covering many aspects of ML-driven student profiling, some areas remain understudied. First, the
integration of Google Analytics to analyse applicant or student behaviour in real time is not actively explored,
i.e. most studies use static datasets and do not examine real-time web interactions. Accordingly, future work
should investigate how website visitation patterns influence enrolment decisions. Second, there is little use of
natural language processing (NLP) methods to process, for example, student feedback, chatbot interactions, and
emails, and incorporate this information into student characteristics used in creating profiles. Third, improving
hybrid models. Fourth, implementing real-time adaptive segmentation. Current segmentation methods classify
students using static datasets, but it is possible, for example, to develop and implement reinforcement learning
models that adjust engagement strategies based on real-time student interactions.

Conclusions

This study examined Al and machine learning models and techniques for customer segmentation and profiling
in higher education and business, identifying key clustering, predictive analytics, and hybrid models that can
be adapted to university admission and retention strategies, and outlining issues that require further research.

Let us outline some future directions for our research on student segmentation and profiling.

Stage 1. Data collection and feature development for student admissions:

1) Collect structured demographic and academic data and unstructured data on applicant behaviour, such as
social media activity, university chats, and correspondence;

2) Feature selection methods such as random forest feature importance ranking and principal component
analysis (PCA) will be used to optimise data quality;

3) Perform research and application of approaches to combining data from different information sources;

4) Explore the feasibility of using cloud computing solutions such as AWS, Google Cloud or Microsoft Azure
for data storage, integration and real-time analytics while complying with GDPR (General Data Protection
Regulation) and FERPA (Family Educational Rights and Privacy Act).

Stage 2. Integrating real-time behavioural data and using NLP techniques. As part of Stage 2, future work
should focus on integrating real-time tracking of applicant behaviour using web analytics tools such as Google

474


http://jssidoi.org/jesi/
http://doi.org/10.9770/f7937756383

ENTREPRENEURSHIP AND SUSTAINABILITY ISSUES
ISSN 2345-0282 (online) http://jssidoi.org/jesi/

2026 Volume 13 Number 4 (June)
http://doi.org/10.9770/f7937756383

Analytics. In addition, enrichment of the dataset using NLP techniques (e.g., Word2Vec for text analysis of
student feedback) will be explored to improve profiling accuracy and segmentation accuracy:

1) Collect and analyse Google Analytics data to track applicant interactions with the university website;

2) Apply NLP techniques to analyse student feedback, chat interactions, and support requests to improve
profiling accuracy;

3) Explore the use of reinforcement learning models for adaptive segmentation.

Stage 3. Selecting and testing Al/ML models for student profiling:

1) Conduct experiments on the use of segmentation methods (K-Means, DBSCAN) to cluster students based
on admission;

2) Develop predictive models (random forest, gradient boosting, neural networks) to predict student retention
and academic achievement;

3) Model evaluation metrics such as F1 score, recall accuracy, and root mean square error (RMSE) will be used
to evaluate the effectiveness of different approaches.

This requires considering ethical and data security issues. For Al, machine learning, and data analytics to be
fully effective in education, access to student data is essential. However, it should be noted that the rights to
educational data should remain with students, and educational institutions should implement robust data
protection measures to prevent unauthorised access. Transparency in data collection, storage, and use is
essential for building trust in Al-powered educational technologies while protecting students' digital rights, and
these requirements need to be considered when collecting data and implementing segmentation and profiling
models.

By implementing these three phases of research, we plan to develop data-driven segmentation and profiling
models using machine learning and Al techniques to develop marketing strategies to attract and retain students,
enabling personalised, effective, and ethical decision-making.
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