www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Student elective course selection
patterns and satisfaction
determinants identified through
educational data mining

Serhiy O. Semerikov*2*?, Olha V. Bondarenko®3, Pavlo P. Nechypurenko'3,
Tetiana A. Vakaliuk®* & Iryna S. Mintii>®

Digital transformation in higher education is reshaping how institutions design and deliver their
curricula, with a growing emphasis on student agency and personalized learning paths. This study
employs educational data mining techniques to analyze student preferences and satisfaction with
elective courses at Kryvyi Rih State Pedagogical University in Ukraine. We investigate patterns in
course selection, satisfaction determinants, and the effectiveness of the university’s individual
educational trajectory framework among 1,089 students. Our analysis reveals four distinct student
segments with varying preferences and satisfaction profiles. Information availability before selection,
alignment with career goals, teaching quality, and course relevance emerge as significant predictors of
student satisfaction. We propose a data-driven framework for optimizing elective course systems that
incorporates learning analytics, personalized recommendation engines, and enhanced information
platforms. This research contributes to understanding how educational technology can better support
student agency in curriculum customization while addressing critical issues of accessibility, equity,
and educational quality. The findings align with Sustainable Development Goal 4 (Quality Education)
by promoting inclusive and personalized educational opportunities that prepare students for future
employment challenges.

Higher education institutions worldwide are increasingly embracing personalized learning approaches that
accommodate diverse student interests, goals, and learning styles. This transformation is partly driven by the
integration of digital technologies and data-informed decision-making processes'. Elective courses constitute
a critical component of this personalization, allowing students to shape individual educational trajectories
(IETs) aligned with their professional aspirations and personal interests. In Ukraine, recent higher education
reforms have emphasized student agency - the capacity of students to make meaningful choices about their own
education - in course selection, mandating that at least 25% of credits be allocated to student-selected courses>.

The concept of educational personalization has gained prominence as institutions seek to enhance
educational quality, student engagement, and learning outcomes in increasingly diverse student populations.
Xu et al. # emphasize that this shift toward Personal Learning Environments (PLEs) represents a fundamental
reconceptualization of higher education, moving from standardized curriculum approaches toward more
student-centered, flexible models that acknowledge learner diversity. This transition, however, presents
numerous challenges related to curriculum design, technological infrastructure, and pedagogical approaches.

While the principle of student choice in curriculum is widely endorsed, the implementation of effective
elective course systems presents numerous challenges. These include ensuring sufficient course variety, providing
adequate information for informed decisions, developing efficient registration processes, and maintaining
educational quality across diverse offerings. Algarni and Sheldon® highlight that course recommender systems
face significant challenges, including managing large and dynamic decision spaces and addressing the cold start
problem for new students. Furthermore, Cha et al. ® note that Al-based course recommender systems must be
carefully designed to support both the search and evaluation phases of student decision-making.

Educational data mining (EDM) offers powerful tools for gaining insights by uncovering patterns in
educational data that can inform policy and practice’. Despite growing research on EDM applications in areas
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such aslearning analytics and student performance prediction, relatively few studies have applied these techniques
to understand elective course selection patterns in Eastern European contexts and their relationship to student
satisfaction. Cai® notes that data mining algorithms in university information systems can help schools better
understand students’ learning behavior and characteristics, teachers’ teaching levels, and curriculum quality,
providing scientific decision-making bases for educational improvement.

This study addresses this gap by analyzing survey data collected from students at Kryvyi Rih State Pedagogical
University (KSPU) regarding their experiences with the university’s elective course system. Using a combination
of statistical analysis, machine learning techniques, and text mining, we explore the following research questions:

RQ1 Are there identifiable patterns in student selection of elective courses, and if so, how do these cluster into
distinct student segments?

RQ2 Which factors significantly predict student satisfaction with elective courses, and do these predictors vary
across identified student segments?

RQ3 Based on identified patterns and satisfaction predictors, what design principles should guide educational
technology interventions for elective course selection?

RQ4 What framework can integrate student segments and satisfaction predictors to support personalized
course recommendation?

The remainder of this paper is organized as follows. The next section reviews relevant literature on individual
educational trajectories, student decision-making in course selection, educational data mining applications,
and approaches to measuring student satisfaction. The Methodology section describes the research context,
survey instrument, data collection procedures, and analytical techniques. Results presents the quantitative and
qualitative findings, including student segmentation, satisfaction predictors, and the derived framework for
personalized course selection support. The Discussion section interprets these findings in relation to existing
research and considers theoretical and practical implications. The paper concludes with recommendations for
higher education institutions and directions for future research.

Literature review

Individual educational trajectories in higher education

Individual educational trajectories (IETs) represent a significant paradigm shift in higher education pedagogy
and curriculum design. These personalized learning paths reflect students’ unique educational needs, interests,
and goals while acknowledging diverse learning approaches®. In higher education, IETs typically manifest
through elective course systems that allow students to customize portions of their curriculum. Personalized
learning strategies most commonly include tailoring instruction to individual needs, providing one-on-one
support, allowing for student choice and autonomy, flexible pacing, and learner agency’.

When effectively implemented, personalized learning strategies correlate positively with student engagement,
motivation, and academic achievement®. However, significant variation exists in implementation quality across
institutions, with many failing to provide the necessary support structures for informed decision-making. This
inconsistency highlights the need for systematic approaches to supporting student choice.

The technological dimension of IETs has evolved considerably in recent years. A comprehensive ICT
framework for Personal Learning Environments (PLE-ICT) in higher education encompasses five dimensions:
ICT hardware, ICT software, ICT services, project development, and support teams!?. This framework
acknowledges that technology infrastructure serves as a critical enabler of personalized learning environments
capable of enhancing student learning experiences and outcomes.

Student decision-making in course selection

Research on student course selection reveals complex decision-making processes influenced by multiple factors.
Students consider only a narrow range of available courses when making selections — on average nine courses for
their first fall term, representing less than 2% of available options at a private research university'!. Notably, these
initially considered courses predict which academic major students declare two years later, suggesting that early
course exploration patterns have long-term implications for academic trajectories. This limited exploration of
options indicates that course selection processes may benefit from technological support that expands students’
awareness of relevant alternatives.

Collaborative recommendation systems employing data mining techniques can discover patterns between
courses and improve recommendation quality'?. Clustering students into similar groups based on their course
selections plays a vital role in generating high-quality association rules compared to using entire datasets. This
segmentation approach potentially overcomes the limitations of narrow course consideration by connecting
students with options that similar peers have found valuable.

Recent advances have explored innovative approaches to course recommendation. Large Language Models
(LLMs) show promise for assisting with course recommendation through models that utilize ChatGPT output
to form rules capturing relationships among courses'?. This approach effectively combines the rich knowledge
base of LLMs with information about past students’ enrollment history to generate more personalized
recommendations.

In the Ukrainian context specifically, professional relevance and opportunities for skill development are
particularly important to students, while administrative barriers often hinder optimal selections'*. These findings
align with broader research on student decision-making factors but highlight the importance of context-specific
understanding of selection processes in different educational systems.
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Educational data mining in higher education

Educational data mining (EDM) applies computational approaches to analyze educational data, detect patterns,
and generate insights that can improve educational processes and outcomes'®. The field has evolved significantly
in recent years, with increasing applications in higher education decision-making.

Matrix factorization-based collaborative filtering frameworks offer one approach for course recommendations
in higher education'®. Systems analyzing data from hundreds of students can provide course recommendations
based on individual preferences and past academic performance, demonstrating how machine learning
techniques enable personalized course suggestions derived from historical data patterns.

Machine learning-based course enrollment recommender systems can exploit multiple types of information,
including student course enrollment history and contextual features such as prerequisite restrictions, course
meeting times, instructional methods, and course instructors'”. Experimental results indicate that such
recommended courses are highly relevant while still providing students with ample options, balancing
personalization with breadth of choice.

The integration of learning analytics with EDM has created new opportunities for understanding and
optimizing educational systems. Six key categories of learning analytics applications have been identified:
sentiment analysis, questionnaire analysis, engagement analysis, topic classification, predictive modeling, and
performance analysis'. While descriptive analysis remains the most common approach, advanced techniques
such as machine learning, artificial intelligence, and social network analysis are becoming more prominent in
educational research.

Data protection and privacy regulations play an important role in utilizing data mining methods in
educational environments'®. The growing volume of educational data generated and analyzed necessitates
addressing privacy concerns and ensuring data security. A data ethics framework for Artificial Intelligence in
Education (AIED) that maps and analyzes current policies and guidelines can promote the design, development,
and implementation of ethical and trustworthy AIED systems'.

Data mining algorithms in university information systems can help institutions better understand students’
learning behavior and characteristics, teachers’ teaching levels, and curriculum quality®. These insights provide
scientific decision-making bases for educational improvement, enabling evidence-based reforms to curriculum
and instruction.

Measuring and improving student satisfaction with elective systems

Student satisfaction with elective course systems has been measured using various frameworks and approaches.
Personalized hybrid course recommendation systems that integrate multiple recommendation methods - item-
based, user-based, and content-based filtering - can optimize parameter weights using genetic algorithms to
enhance prediction accuracy®. Evaluation of such systems demonstrates that the majority of students (83.60%)
show greater interest in courses appearing at the top of recommendation lists, suggesting improved student
engagement with courses aligned to their preferences.

E-learning recommendation systems positively impact student autonomy, engagement, and learning
effectiveness?!. Structural equation model analysis involving 602 students revealed particularly strong effects on
student engagement, with a path coefficient of 0.622. These findings underscore the potential of well-designed
recommendation systems to enhance multiple dimensions of the student experience.

Machine learning applications can improve course selection processes in various contexts. Analysis of
historical data using algorithms such as J48 has achieved accuracy rates of 96.37% in predicting probable grades
based on student records?. Such predictive capabilities enable students to make more informed decisions about
course selections based on likely outcomes.

While these studies provide valuable insights, most have been conducted in North American or Western
European contexts. Cultural differences between Eastern and Western approaches to education can significantly
influence how students engage with educational systems®*. This variation suggests the need for context-specific
research on elective course systems in Eastern European settings, where institutional structures and student
expectations may differ substantially.

Educational technology for enhanced course selection

Emerging educational technologies are reshaping how students interact with course selection systems. Artificial
intelligence and machine learning technologies can personalize individual educational trajectories for students
in engineering and technical specialties, providing extensive student data segments that can be monitored
and supported regularly®*. This capability enables institutions to offer differentiated support based on student
characteristics and needs.

Visualization tools play an increasingly important role in helping students understand course relationships
and make informed decisions. Familiar visualization algorithms like bar charts prove most effective in helping
students and instructors quickly identify information, while more complex visualizations like sankey charts,
treemaps, and violin charts are less well-known but potentially valuable for certain analyses?. The choice of
visualization technique should match both the data complexity and user familiarity.

Learning analytics dashboards (LADs) have gained momentum as institutions seek to improve data-driven
decision-making. Participatory design approaches to developing LADs for higher education have identified
four crucial factors: who has access to data, the importance of time, learning analytics’ role in helping students
transition to university life, and discipline-specific considerations?. These factors highlight the need for careful
attention to context and stakeholder needs in dashboard design.

Implementation of these technologies comes with challenges related to the digital divide and accessibility.
Digital accessibility in computer science education requires attention to accessible educational resources,
particularly given the rapid shift to online learning®’. Multiple factors influence the digital divide, including
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socioeconomic status, gender, geography, age, ethnicity, parent knowledge and educational level, school type, and
language barriers®®. Addressing these factors is essential for ensuring that educational technology innovations
benefit all students equitably.

Methodology
Research context
This study was conducted at Kryvyi Rih State Pedagogical University (KSPU) in Ukraine, a public institution
with approximately 3,500 students across eight faculties. The university implemented a comprehensive individual
educational trajectory (IET) framework in 2022, which requires that at least 25% of credits in each program be
allocated to student-selected courses.

The KSPU elective course system operates according to the Regulations on Individual Educational Trajectory
of Higher Education Students updated in 2024%. Key elements include:

« A university-wide catalog of elective courses updated annually through a systematic process involving depart-
mental proposals, faculty council reviews, and central approval

« Both general education and profession-specific elective options

« An electronic registration system for course selection

o Minimum enrollment requirements (20 students for general courses, 12 for professional courses at the bach-
elor’s level; 15 and 5 respectively at the master’s level)

o Selection periods in April-May for continuing students and September-October for new students

The study was approved by the KSPU Ethics Committee (approval number: 49/2024, date: 16/12/2024), and all
participants provided informed consent before completing the survey, in accordance with ethical guidelines for
educational data mining research™®.

Research design

We employed a mixed-methods approach, combining quantitative and qualitative techniques to provide a
comprehensive understanding of student experiences with elective courses. Following the methodological trends
identified by Ketsman et al. *!, we designed our study to maximize methodological rigor while acknowledging
the complexity of student decision-making processes.

Drawing on recommendations by Heinrich®? for authentic qualitative research in educational technology,
we explicitly addressed our research design and researcher beliefs. Our approach was primarily post-positivist,
recognizing the complexity of student decision-making while seeking patterns that could inform institutional
practice. We combined descriptive statistics, cluster analysis, regression modeling, and thematic analysis to
triangulate findings across different data sources.

Survey instrument
The survey instrument was developed based on a review of relevant literature and input from faculty and
student representatives. Following the framework by Jones et al. 33 for understanding student perspectives on
educational data analytics, we ensured that privacy considerations and transparency were central to our data
collection approach.

The final questionnaire included 14 items across the following sections:

1. Demographics (2 items): Degree program, educational program/major
Course selection awareness (3 items): Familiarity with selection procedures, attitudes toward selection pro-
cess, open-ended clarification

3. Selection options (3 items): Satisfaction with quantity of electives, factors influencing selection, open-ended
clarification

4. Selection process (3 items): Review of syllabi before selection, evaluation of selected courses, open-ended
clarification

5. Course evaluation (2 items): Most interesting/useful courses, likelihood of selecting same courses again

6. Improvement suggestions (1 item): Recommendations for course selection policies and procedures

The complete survey instrument with all items and response options is provided as the supplementary material.

Data collection
The survey was administered electronically through the university’s learning management system between
October and November 2024. All currently enrolled students who had completed at least one semester and had
experience selecting elective courses were invited to participate. Multiple reminder emails were sent to maximize
participation.

A total of 1,089 valid responses were received, representing a 31% response rate. The sample included students
from all faculties and across all years of study.

To promote open science and research reproducibility, the anonymized survey data has been converted to
a FAIR (Findable, Accessible, Interoperable, Reusable) dataset and deposited in the Zenodo repository**. The
dataset contains 1,089 valid responses with 15 variables and is available under a Creative Commons Attribution
4.0 International License.
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Data analysis

We employed a mixed-methods approach for data analysis, combining statistical techniques, machine learning
algorithms, and qualitative text analysis. The analysis was conducted using Python with libraries including
pandas, scikit-learn, NLTK, and matplotlib. Following the systematic review framework by Ncube and Ngulube®>,
we ensured that our data analysis methods aligned with ethical considerations for educational data analytics.

Descriptive and correlational analysis
Initial exploration of the dataset involved:

o Frequency distributions of demographic variables and selection patterns

o Measures of central tendency (mean, median) and dispersion (standard deviation, interquartile range) for
satisfaction ratings

« Pearson correlation coeflicients to assess bivariate relationships between continuous variables

o Chi-square tests for associations between categorical variables

o Visualization of key relationships through bar charts, box plots, and correlation heatmaps

Cluster analysis
To identify distinct student segments based on selection patterns and satisfaction profiles, we applied K-means
clustering with the following specifications:

o Input variables: Seven satisfaction dimensions (course content quality, teaching quality, relevance to career
goals, alignment with expectations, variety of offerings, information availability, selection process ease) stand-
ardized using z-score normalization

« Initialization: K-means++ algorithm to optimize initial centroid placement and improve convergence

o Number of clusters: We tested solutions with k = 2 to k = 8 clusters, evaluating each using:

 Elbow method: Plotting within-cluster sum of squares (WCSS) against number of clusters to identify the
point of diminishing returns

« Silhouette analysis: Computing average silhouette width for each solution, with higher values indicating
better-defined clusters

« Practical interpretability: Assessing whether cluster profiles represented meaningfully distinct student

types

« Convergence: Maximum 300 iterations with tolerance of 10™* for centroid movement

« Validation: The four-cluster solution was selected based on silhouette coefficient (0.47), elbow plot inflection,
and interpretability of resulting segments

o Stability: Ten random initializations were performed, with the solution achieving lowest WCSS retained

Following the systematic review of reccommendation systems by Algarni and Sheldon®, we compared different
clustering approaches and determined that K-means provided the most appropriate balance of interpretability
and performance for our dataset size and structure.

Multiple regression analysis
To identify predictors of overall satisfaction with the elective course system, we conducted hierarchical multiple
regression with the following specifications:

o Dependent variable: Overall satisfaction with the elective course system (5-point Likert scale treated as con-
tinuous)

o Independent variables: Seven satisfaction dimension ratings entered simultaneously

o Assumption testing:

o Multicollinearity: Variance Inflation Factors (VIF) calculated for all predictors; all VIF values were below
3.0, indicating acceptable collinearity levels

o Normality of residuals: Shapiro-Wilk test on standardized residuals (W = 0.987, p = 0.062) and visual in-
spection of Q-Q plots confirmed approximate normality

« Homoscedasticity: Breusch-Pagan test (x = 4.23, p = 0.121) indicated homogeneous variance of residuals

o Independence: Durbin-Watson statistic (1.94) suggested no substantial autocorrelation

o Linearity: Inspection of residual plots confirmed linear relationships between predictors and outcome

o Model evaluation: Adjusted R?, F-statistic, and individual predictor significance (o = 0.05)

Qualitative text analysis
Open-ended survey responses were analyzed using thematic analysis procedures:

o Preprocessing: Ukrainian-language responses were processed using specialized NLP tools including the py-
morphy?2 library for lemmatization and a custom Ukrainian stopword list. Text was tokenized, lemmatized,
and cleaned of punctuation and numeric characters.

o Word frequency analysis: Term frequencies were calculated to identify commonly mentioned concepts and
concerns.
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o Thematic coding. Two researchers independently coded a random sample of 200 responses to develop an
initial coding framework. Inter-rater reliability was assessed using Cohen’s kappa (x = 0.78), indicating sub-
stantial agreement. Disagreements were resolved through discussion, and the refined coding scheme was
applied to all responses.

o Sentiment classification: A custom Ukrainian sentiment lexicon adapted from prior work®” was used to classi-
fy response sentiment as positive, negative, or neutral.

o Theme quantification: Coded themes were quantified to identify prevalence patterns across the sample.

For visualization of cluster results, principal component analysis was applied to reduce the seven-dimensional
satisfaction space to two dimensions for plotting purposes. The two principal components explained 62% of
variance and were interpreted as “Course content focus” (PC1) and “Process efficiency focus” (PC2) based on
variable loadings.

Ethical considerations
Following the frameworks proposed by Dubey et al. 3 and Jones et al. 3%, we addressed several ethical
considerations throughout our research process:

o Informed consent: All participants were provided with detailed information about the study’s purpose, data
collection methods, and how their data would be used.

« Data privacy: Personal identifiers were removed from the dataset after collection, and all analyses were con-
ducted on anonymized data.

o Transparency: Participants were informed about the analytical methods used and provided with access to
summary findings.

o Benefit principle: The research was designed to benefit students by improving the elective course system based
on their feedback.

o Algorithmic fairness: We carefully evaluated our analytical approaches to avoid reinforcing biases or disadvan-
taging particular student groups.

« Open science: In accordance with FAIR data principles, we have made the anonymized dataset publicly avail-
able to promote research transparency and reproducibility*.

These ethical safeguards align with emerging best practices in educational data mining research while
acknowledging the unique challenges of the Ukrainian higher education context.

Results

Overall satisfaction metrics

Overall satisfaction with the elective course system showed moderate levels across the university (M = 3.42,
SD = 0.86 on a 5-point scale). Analysis of different satisfaction components revealed considerable variation
across different aspects of the system, as shown in Table 1.

Students were generally more satisfied with course content and teaching quality than with administrative
aspects of the elective system. Particularly low ratings were observed for support during the selection process
and the timing of selection periods. The relatively large standard deviations (all above 0.90) indicate considerable
variation in student experiences across the sample.

Selection patterns and influencing factors
When asked about the most important factors in their selection decisions, students identified a range of
influences. Fig. 1 presents these factors ranked by the percentage of students citing each as important.

Career relevance (64%), interesting topic (58%), and instructor reputation (49%) emerged as the three most
frequently cited considerations. Scheduling convenience (42%) and course difficulty (38%) were also notable
factors. Peer recommendations (23%) and faculty advisor guidance (18%) were cited less frequently.

The distribution of selections between general education and profession-specific electives varied by academic
program, as shown in Table 2.

Aspect Mean (1-5) | SD

Course content quality 3.78 0.92
Teaching quality 3.65 1.05
Relevance to career goals 3.54 1.12
Alignment with expectations 3.32 1.08
Variety of offerings 3.22 1.18
Information availability before selection | 3.11 1.24
Selection process ease 3.08 1.16
Registration system usability 2.95 1.21
Timing of selection period 2.89 1.14
Support during selection process 2.85 1.19

Table 1. Satisfaction ratings for different aspects of the elective course system.

Scientific Reports |

(2026) 16:6965 | https://doi.org/10.1038/s41598-026-37712-7 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Career relevance
Interesting topic
Instructor reputation
Scheduling convenience

Course difficulty

Selection factor

Peer recommendations

Faculty advisor guidance

18
|

0 10 20 30 40 50 60 70
Percentage of students

Fig. 1. Factors influencing elective course selection decisions (n = 1,089).

Academic program

General education

Profession-specific

Total

Education

55%

45%

100%

Humanities

52%

48%

100%

Arts

47%

53%

100%

Foreign Languages

36%

64%

100%

Natural Sciences

32%

68%

100%

71%

100%

Physical Education | 29%

Table 2. Distribution of elective selections by academic program.

Students in Education and Humanities programs showed stronger preference for general education electives,
while students in Natural Sciences, Foreign Languages, and Physical Education programs predominantly
selected profession-specific electives.

Student segment identification

To identify distinct patterns in how students approach elective selection, we conducted cluster analysis using
the K-means algorithm. After testing models with k = 2 to k = 8 clusters and evaluating them using silhouette
scores and practical interpretability, we determined that a four-cluster solution provided the most meaningful
segmentation (silhouette coefficient = 0.47).

Fig. 2 visualizes these clusters along two principal components derived from the seven satisfaction
dimensions. The first component (explaining 38% of variance) loaded primarily on course content and teaching
quality variables, while the second component (explaining 24% of variance) loaded on process-related variables.

The four clusters represent distinct student segments with characteristic selection approaches and satisfaction
profiles:

Cluster 1: Career-focused pragmatists (32% of respondents, n = 348). This largest segment primarily selects
courses based on career relevance and practical applications. Members show higher satisfaction with profession-
specific electives (M = 3.87, SD = 0.78) than general electives (M = 2.98, SD = 0.94). This segment is more
prevalent among upper-level students (3rd and 4th years) and disproportionately represented in Natural Sciences
and Foreign Languages programs.

Cluster 2: Content enthusiasts (27% of respondents, n = 294). This segment selects courses primarily based
on interest in the topic and intellectual curiosity. Members show high satisfaction with course content (M = 4.12,
SD =0.68) and teaching quality (M = 3.98, SD = 0.72). They are more evenly distributed across years of study and
show higher representation in Humanities and Arts programs.

Cluster 3: Process-sensitive selectors (24% of respondents, n = 261). This segment’s satisfaction is heavily
influenced by the administrative aspects of course selection. Members show lower overall satisfaction (M = 2.89,
SD = 0.91), particularly with registration systems (M = 2.32, SD = 1.08) and selection timing (M = 2.41,
SD = 1.02). This segment is more prevalent among first and second-year students.

Cluster 4: Balanced optimizers (17% of respondents, n = 186). The smallest segment takes a multifaceted
approach to course selection, balancing career relevance, personal interest, and practical considerations.
Members show the highest overall satisfaction (M = 3.95, SD = 0.62) across all aspects of the elective system.
This segment is more common among graduate students and shows higher average academic performance (GPA
M = 3.68, SD = 0.41) compared to the full sample (GPA M = 3.42, SD = 0.58).

Table 3 summarizes the key characteristics of each segment.
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Fig. 2. Student segments visualized using principal component analysis of satisfaction dimensions (n = 1,089).

Characteristic Career-focused | Content Process-sensitive | Balanced
Percentage of sample 32% 27% 24% 17%

Opverall satisfaction (M) | 3.41 3.72 2.89 3.95

Primary selection driver | Career relevance | Topic interest | Convenience Multiple factors
Predominant year level | 3rd-4th year All years 1st-2nd year Graduate

Mean GPA 3.38 3.44 3.31 3.68

Table 3. Summary of student segment characteristics.

Predictor B SE |t P
Alignment with expectations 0.31 1 0.03 | 9.87 | <0.001
Information availability before selection | 0.28 | 0.03 | 9.12 | <0.001
Teaching quality 0.24 | 0.03 | 7.65 | <0.001
Relevance to career goals 0.22 | 0.03 | 7.21 | <0.001
Variety of offerings 0.17 | 0.03 | 5.56 | <0.001
Registration system usability 0.06 | 0.03 | 1.78 | 0.075
Timing of selection periods 0.04 | 0.03 | 1.25 | 0.212

Table 4. Multiple regression analysis of factors predicting overall satisfaction. Note. R* = 0.63, Adjusted R* =

0.62, F(7,1081) = 263.4, p < 0.001

Predictors of student satisfaction
To identify the factors most strongly associated with overall satisfaction with the elective system, we conducted
multiple regression analysis. Table 4 presents the results.

Five predictors showed statistically significant associations with overall satisfaction. In order of standardized
coefficient magnitude, these were: alignment with expectations (8 = 0.31, p < 0.001), information availability
before selection (8 = 0.28, p < 0.001), teaching quality (8 = 0.24, p < 0.001), relevance to career goals (3 = 0.22,
P <0.001), and variety of offerings (5 = 0.17, p < 0.001).
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Registration system usability and timing of selection periods did not reach statistical significance as predictors,
despite receiving relatively low satisfaction ratings in descriptive analyses. The regression model explained 63%
of variance in overall satisfaction (R? = 0.63, adjusted R?=0.62).

To examine whether predictors varied across student segments, we conducted separate regression analyses
for each cluster. Table 5 presents the top three predictors for each segment.

The predictor profiles differed substantially across segments. Career-focused pragmatists showed the
strongest association between satisfaction and career relevance (5 = 0.42). Content enthusiasts’ satisfaction was
most strongly predicted by teaching quality (8 = 0.38) and course content quality (3 = 0.31). Process-sensitive
selectors showed strong associations with administrative factors including information availability (8 = 0.36)
and selection process ease (5 = 0.29). Balanced optimizers showed a more even distribution of predictor
weights, with alignment with expectations (3 = 0.29), information availability (3 = 0.27), and variety of offerings
(8 = 0.25) all contributing substantially.

Variation across academic programs

Significant differences in satisfaction were found across academic programs (one-way ANOVA: F(5, 1083)
= 8.74, p < 0.001, n* = 0.039). Post-hoc comparisons using Tukey’s HSD test revealed that students in Arts
programs reported significantly higher satisfaction (M = 3.78, SD = 0.74) than students in all other programs
except Humanities. Students in Natural Sciences programs reported the lowest satisfaction levels (M = 3.12,
SD = 0.92), significantly lower than students in Arts, Education, and Humanities programs.

Fig. 3 displays the distribution of satisfaction ratings across academic programs.

Further analysis indicated that Arts programs offered the highest ratio of elective courses per student
(0.18 courses per student compared to university average of 0.11), which may partially account for the higher
satisfaction levels observed. The segment distribution also varied by academic program: Career-focused
pragmatists were overrepresented in Natural Sciences (41% vs. 32% overall) and Foreign Languages (38%), while
Content enthusiasts were overrepresented in Humanities (35% vs. 27% overall) and Arts (33%).

Qualitative analysis of student feedback
Analysis of open-ended survey responses (n = 847 non-empty responses) revealed several patterns in student
feedback about course selection procedures.

Response categories were distributed as follows:

o Satisfaction with current system (28%, n = 237): Responses indicating general satisfaction, including variations
of “Everything is fine” or “I am satisfied”

« No suggestions (19%, n = 161): Explicit statements of having no proposals for change

o Requests for more course options (15%, n = 127): Suggestions to expand available course selection

o Requests for better information (11%, n = 93): Calls for improved descriptions and guidance

o Other substantive feedback (27%, n = 229): Various specific suggestions and concerns

Fig. 4 displays the distribution of response categories.
Among responses containing substantive feedback (n = 449, 53% of non-empty responses), thematic coding
identified five primary themes:

1. Course relevance (32% of substantive responses, n = 144): Students expressed desire for courses more closely
aligned with their professional specialization and future careers. Representative response: “So that they are
directed toward our future profession.”

2. Information quality (27% of substantive responses, n = 121): Requests for more detailed course descriptions,
clearer explanations of content, and better presentation of expected outcomes. Representative responses:
“More meaningful explanation” and “Before choosing a discipline, learn about it, its content and program.”

Segment Predictor B

Relevance to career goals 0.42

Career-focused pragmatists | Alignment with expectations | 0.28

Teaching quality 0.19
Teaching quality 0.38
Content enthusiasts Course content quality 0.31

Alignment with expectations | 0.22

Information availability 0.36

Process-sensitive selectors Selection process ease 0.29

Registration system usability | 0.24

Alignment with expectations | 0.29

Balanced optimizers Information availability 0.27

Variety of offerings 0.25

Table 5. Top three satisfaction predictors by student segment. Note. All coefficients significant at p < 0.01
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Selection process mechanics (18% of substantive responses, n = 81): Suggestions to improve technical as-
pects of course selection, including timing, platform usability, and registration procedures. Representative
responses: “Give more time for selection” and “Would like to have the opportunity to reselect the discipline
after the first class”

Course variety (13% of substantive responses, n = 58): Requests for wider range of course options, including
interdisciplinary courses and specialized topics. Representative response: “Add more disciplines related to
learning programs such as Adobe Photoshop, Adobe Illustrator, etc”

. Selection agency (10% of substantive responses, n = 45): Concerns about limited actual choice when courses

are canceled due to low enrollment or when institutional decisions override student preferences. Represent-
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ative response: “Give students free choice of disciplines they would like to study, because unfortunately the
university decides too much for us”

Sentiment analysis of substantive responses indicated that 42% were neutral in tone (primarily informational
suggestions), 35% were negative (expressing frustration or criticism), and 23% were positive (expressing
appreciation while suggesting improvements).

Framework derivation for personalized course selection support

The preceding analyses identified four distinct student segments (RQ1), five significant satisfaction predictors
(RQ2), and segment-specific predictor profiles. These findings provide an empirical basis for deriving design
principles and a framework to guide educational technology interventions (RQ3, RQ4).

Design principles derived from findings
Based on the pattern of results, five design principles emerge for educational technology interventions supporting
elective course selection:

1. Segment-aware personalization: The identification of four distinct student segments with different selection
approaches and satisfaction drivers indicates that uniform interventions will be suboptimal. Technology
solutions should incorporate mechanisms to identify student segment membership and tailor information
presentation accordingly.

2. Information quality prioritization: Information availability before selection emerged as the second strongest
predictor of overall satisfaction (5 = 0.28) and was the top predictor for process-sensitive selectors (3 = 0.36).
This indicates that enhanced course information systems should be a primary intervention target.

3. Expectation-outcome alignment: Alignment with expectations was the strongest overall predictor (5 = 0.31).
Technology systems should help students form accurate expectations by providing detailed syllabi, student
reviews, and outcome data.

4. Career pathway integration: Career relevance was cited by 64% of students as an important selection factor
and was the top predictor for career-focused pragmatists (5 = 0.42). Course selection systems should explic-
itly connect elective options to career pathways and professional skill development.

5. Process accessibility: While administrative factors (registration usability, timing) were not significant pre-
dictors in the overall model, they were central to satisfaction among process-sensitive selectors (24% of
students). Interventions should ensure that process improvements benefit this substantial minority.

Integrated framework
Fig. 5 presents a framework integrating these findings and principles into a system architecture for personalized
course selection support.

Data collection layer
Historical selections, satisfac-
tion ratings, academic perfor-

mance, segment indicators

!

Analytics layer
Segment classification, satisfaction
prediction, preference modeling

l

s . . N
Personalization layer

Segment-specific recommendations, infor-
mation tailoring, expectation calibration
. J

|

Interface layer
Adaptive dashboards, career pathway
visualization, course comparison tools

I

Feedback layer
Post-selection satisfaction track-
ing, outcome monitoring, con-

L tinuous model refinement )

Fig. 5. Framework for personalized course selection support derived from empirical findings.
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Segment

Priority information

Interface features

Key metrics

Career-focused pragmatists

Career outcomes, skill alignment, professional
applications

Career pathway visualizations, alumni outcome data

Employment
relevance score

Content enthusiasts

Syllabus depth, instructor profiles, intellectual scope

Detailed content previews, instructor ratings, topic maps

Content quality rating

Process-sensitive selectors

Clear procedures, timeline guidance, support resources

Simplified selection wizard, progress tracking, help integration

Process completion

rate

Balanced optimizers

Multi-dimensional comparisons, comprehensive data | Advanced filtering, comparison matrices, personalized rankings | Overall fit score

Table 6. Framework feature mapping by student segment.

The framework comprises five interconnected layers:

1. Data collection layer: Gathers student data including historical course selections, satisfaction ratings across
dimensions identified in this study, academic performance indicators, and behavioral signals that enable
segment classification.

2. Analytics layer: Applies the analytical approaches validated in this study - cluster analysis for segment identi-
fication and regression modeling for satisfaction prediction - to classify incoming students and predict their
satisfaction drivers.

3. Personalization layer: Uses segment membership and predicted satisfaction drivers to tailor the selection
experience. For career-focused pragmatists, this layer prioritizes career relevance information; for content
enthusiasts, it emphasizes teaching quality and content depth; for process-sensitive selectors, it streamlines
administrative procedures; for balanced optimizers, it provides comprehensive multi-factor comparisons.

4. Interface layer: Presents personalized information through adaptive dashboards. Based on findings that 64%
of students prioritize career relevance and that alignment with expectations is the strongest satisfaction pre-
dictor, interfaces should prominently feature career pathway connections and outcome expectations.

5. Feedback layer: Collects post-selection satisfaction data to validate predictions and refine models. The feed-
back loop enables continuous improvement of segment classification accuracy and recommendation quality.

Table 6 maps specific framework features to each student segment based on their identified characteristics and
predictor profiles.

This framework directly addresses RQ3 by specifying design principles grounded in empirical findings and
RQ4 by providing an integrated architecture that connects student segments to personalized interventions.

Discussion

Key findings and theoretical implications

This study employed educational data mining techniques to analyze student experiences with elective course
selection at a Ukrainian university, addressing four research questions about selection patterns, satisfaction
predictors, design principles, and an integrative framework. The findings reveal a complex picture of student
engagement with elective course systems that both supports and extends previous research.

Student segments and selection patterns (RQ1)

The identification of four distinct student segments - career-focused pragmatists, content enthusiasts, process-
sensitive selectors, and balanced optimizers — demonstrates that students approach elective course selection
through fundamentally different lenses. This segmentation aligns partially with findings from research on course
recommendation systems, where different student response patterns to recommendations have been observed®.
However, our four-segment solution provides greater specificity than binary or three-category models prevalent
in earlier work.

The existence of these segments suggests that theoretical models of student choice in higher education need
to account for heterogeneity in decision-making approaches. Current frameworks, such as those proposed by
Babad and Tayeb®’, may oversimplify the variation in student selection strategies. Our findings indicate that
selection behaviors are not uniformly distributed across the student population but are instead shaped by a
combination of individual characteristics, program context, and stage of study.

Career relevance (64%), interesting topic (58%), and instructor reputation (49%) emerged as the most
frequently cited selection factors, echoing findings from collaborative recommendation system research
regarding the primary drivers of student course selection!?. However, the relatively weak influence of peer
recommendations in our sample (cited by only 23% of students) contrasts with studies conducted in Western
contexts, where social influences play a more prominent role in course selection decisions*’. This difference may
reflect cultural variation in educational decision-making in the Ukrainian context, where structured pathways
and institutional guidance traditionally carry greater weight than peer-influenced choices. Kaiser and Blomeke??
have noted distinctive Eastern European educational approaches that may account for such differences.

Satisfaction predictors and segment variation (RQ2)

The regression analysis revealed that five factors significantly predicted overall satisfaction: alignment with
expectations (8 = 0.31), information availability before selection (8 = 0.28), teaching quality (8 = 0.24),
relevance to career goals (3 = 0.22), and variety of offerings (3 = 0.17). The model explained 63% of variance in
satisfaction, indicating that these factors collectively provide a robust account of what shapes student experiences
with elective systems.
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The strong predictive value of information availability before selection aligns with findings emphasizing the
importance of information quality in helping students make appropriate educational choices*!. Students who
reported having adequate information to make informed decisions showed substantially higher satisfaction,
regardless of their eventual course choices. This finding underscores the value of transparency and comprehensive
course descriptions in elective systems.

Notably, students were generally more satisfied with course content and teaching quality than with
administrative aspects of the system. This pattern aligns with findings from research on e-learning
recommendation systems, which found that content and teaching quality have stronger influence on student
satisfaction than technical or administrative factors?!. The relatively large standard deviations observed across
all satisfaction dimensions (all above 0.90) indicate considerable variation in student experiences, reinforcing
the value of segment-specific approaches.

The segment-specific regression analyses revealed that satisfaction predictors varied substantially across
groups. Career-focused pragmatists showed the strongest association between satisfaction and career relevance
(B = 0.42), while content enthusiasts’ satisfaction was most strongly predicted by teaching quality (3 = 0.38).
Process-sensitive selectors showed uniquely strong associations with administrative factors. These differential
patterns suggest that uniform interventions will have unequal effects across the student population.

Design principles and framework (RQ3, RQ4)

The derivation of five design principles and an integrated framework directly from empirical findings (see
Results section) represents a contribution to bridging the gap between descriptive educational data mining
research and actionable system design. Previous studies have often proposed frameworks based on theoretical
considerations or technical capabilities rather than empirically identified student needs®. Our approach grounds
framework components in specific findings: the five-layer architecture maps directly to identified segments and
their distinct predictor profiles.

The framework’s emphasis on segment-aware personalization responds to findings that a one-size-fits-all
approach to supporting elective selection is suboptimal. The 24% of students classified as process-sensitive
selectors, for instance, have satisfaction profiles dominated by administrative factors that are largely irrelevant
to the 27% classified as content enthusiasts. Technology solutions that fail to account for this heterogeneity risk
optimizing for one segment while neglecting others.

Implications for learning analytics applications
Our findings suggest several promising applications of learning analytics to improve elective course systems,
building on recent developments in the field"*2.

Segment-specific analytics dashboards

The identification of distinct student segments creates opportunities for personalized analytics dashboards that
address the specific needs of different student groups. Following human-centered design principles for learning
analytics dashboards®®, these interfaces could present different information types and visualizations based on
segment characteristics.

For career-focused pragmatists (32% of students), dashboards should highlight career outcome data, skills
development trajectories, and professional applications of course content. These students showed the strongest
satisfaction association with career relevance (8 = 0.42), suggesting that explicit connections between courses
and career pathways would be particularly valuable.

For content enthusiasts (27% of students), visualizations emphasizing concept relationships, knowledge
maps, and thematic connections between courses would align with their interest-driven selection approach.
Their high satisfaction with course content (M = 4.12) and teaching quality (M = 3.98) suggests receptivity to
detailed academic information.

For process-sensitive selectors (24% of students), simplified interfaces with clear timelines, step-by-step
guidance, and readily accessible support resources could address their primary satisfaction drivers. Their
lower overall satisfaction (M = 2.89) and strong associations with administrative factors indicate that process
improvements could yield substantial benefits for this group.

For balanced optimizers (17% of students), comprehensive dashboards integrating multiple information
types and advanced comparison tools would match their multifaceted approach to course selection. Their high
overall satisfaction (M = 3.95) suggests that current systems may already serve this segment reasonably well,
though enhanced tools could further support their sophisticated decision-making.

Predictive modeling for course recommendation
Building on collaborative filtering approaches to course recommendation'®, our findings suggest that predictive
models could incorporate segment membership as a key parameter. The segment-specific predictor profiles
identified in this study could inform recommendation algorithms that weight different course attributes
according to individual student characteristics.

Research on large language models for course recommendation'® provides a promising direction for
enhancing such systems with natural language understanding capabilities. Combining segment-aware weighting
with LLM-based course description analysis could generate recommendations that simultaneously match
student preferences and provide rich explanatory information.

Machine learning approaches to course selection have achieved high accuracy in predicting student
outcomes!”?2 Integrating our segment classifications with outcome prediction could enable recommendations
that consider both preference alignment and likely success, potentially reducing course withdrawals and
improving completion rates.
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Ethical considerations in analytics implementation

Following data ethics frameworks for Al in education'®, we recognize the importance of addressing ethical
considerations in implementing learning analytics for elective systems. Several key issues emerge from our
findings.

Privacy and consent remain paramount. Students should be informed about data collection practices and how
their information supports personalization. The segment classifications derived in this study rely on satisfaction
and behavioral data that students may not expect to be used for ongoing personalization.

Algorithmic fairness requires careful attention. Our finding that satisfaction varies significantly across
academic programs (with Natural Sciences students reporting lower satisfaction than Arts students) raises
questions about whether recommendation systems might inadvertently perpetuate these disparities. Systems
should be designed and monitored to avoid reinforcing existing inequities.

Transparency in recommendation logic supports informed decision-making. Students benefit from
understanding why particular courses are suggested, enabling them to evaluate recommendations critically
rather than accepting them passively.

Student autonomy must be preserved. While analytics can support decision-making, they should not replace
student agency in course selection. The concerns about selection agency expressed by some students in our
qualitative data (10% of substantive responses) highlight the importance of positioning technology as supportive
rather than directive.

These considerations align with findings on student perspectives regarding educational data analytics, which
emphasize the importance of transparency and consent in maintaining student trust®.

Addressing digital divide and accessibility concerns

Our findings reveal potential issues related to the digital divide and accessibility in elective course systems.
The process-sensitive selectors segment (24% of students), which showed the lowest overall satisfaction, was
particularly concerned with technological barriers in the selection process. This finding aligns with research
emphasizing the need for accessible educational resources, particularly as institutions increasingly rely on digital
platforms?”.

The low satisfaction ratings for registration system usability (M = 2.95) and support during selection
(M = 2.85) suggest that current technological implementations may create barriers for some students. Research
has identified multiple factors influencing the digital divide, including socioeconomic status, prior technology
experience, and institutional support®®. Our finding that process-sensitive selectors are disproportionately
represented among first and second-year students suggests that experience with university systems may mitigate
some technological challenges over time, but this places newer students at a disadvantage during a critical period
of academic integration.

Several strategies emerge from our findings to address these concerns. Multi-modal information provision —
offering course information in text, video, and interactive formats — could accommodate different learning
preferences and access situations. Simplified interface options for students with limited digital literacy or
technical resources would ensure core functionality remains accessible. Maintaining non-digital alternatives
for critical selection processes ensures participation regardless of technology access. Progressive enhancement
approaches could provide basic functionality to all users while offering advanced features to those with greater
technological capabilities.

These approaches align with recommendations for bridging the digital divide in educational contexts®,
emphasizing that technological solutions should enhance rather than limit educational accessibility.

Practical implications for higher education institutions
Our findings have several practical implications for universities implementing or refining elective course systems.

Differentiated information provision

The identification of different student segments suggests that uniform information provision is insufficient.
Following models for enhancing student decision-making through dashboards*, institutions should consider
developing differentiated information resources addressing the specific concerns of different student types.

For career-focused pragmatists, detailed information about professional applications, skill development, and
career outcomes would be most beneficial. For content enthusiasts, comprehensive syllabi with intellectual scope
and pedagogical approach would better support their decisions. For process-sensitive selectors, clear procedural
guidance and accessible support resources take priority.

Timing and process optimization

The low satisfaction with selection timing (M = 2.89) indicates a need to reconsider when students make selection
decisions. Our qualitative analysis revealed frequent mentions of insufficient time for decision-making and
conflicts with other academic demands during selection periods. Adaptive interface models that accommodate
varying student needs and timelines** could help address these concerns by providing more flexible selection
processes.

The finding that process-sensitive selectors are overrepresented among first and second-year students
suggests particular attention to supporting newer students during their initial selection experiences. Early
positive experiences with elective selection may influence long-term engagement with personalized learning
opportunities.
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Enhanced decision support
The gap between selection support satisfaction (M = 2.85) and its importance to certain segments suggests an
opportunity for enhanced guidance systems. Research indicates that faculty engagement with learning analytics
is critical for providing effective student support’. Institutions should consider developing technologically-
enhanced advising systems that connect students with knowledgeable faculty who can help them navigate the
selection process.

The qualitative finding that 27% of substantive student responses addressed information quality suggests
substantial demand for better pre-selection guidance. Students requested “more meaningful explanation” of
courses and opportunities to “learn about [courses], content and program” before making binding decisions.

Program-specific strategies

The significant differences in satisfaction across academic programs highlight the need for context-specific
approaches. Students in Arts programs reported significantly higher satisfaction (M = 3.78) than those in Natural
Sciences (M = 3.12), a difference partially explained by variation in the ratio of available electives per student.
Rather than implementing identical systems across all departments, universities should consider program-
specific strategies addressing unique disciplinary contexts and student expectations.

These disciplinary differences align with observations about variation between Eastern and Western
educational approaches?, suggesting that even within a single institution, different academic cultures may
require tailored solutions. Engineering and technical programs may have different requirements for personalized
learning compared to humanities programs®%, and elective systems should accommodate this variation.

Limitations and future research
This study has several limitations that suggest directions for future research.

First, our study relied on self-reported data collected at a single point in time. While the sample size was
substantial (n = 1,089), cross-sectional designs cannot establish causal relationships between satisfaction
predictors and outcomes. Longitudinal studies tracking students throughout their academic careers would
provide more robust insights into how selection patterns and satisfaction evolve over time and how early choices
impact later academic and career outcomes. Research on longitudinal career tracking?” demonstrates the
potential of such approaches for understanding long-term effects of educational choices.

Second, while our response rate (31%) is acceptable for voluntary online surveys, it raises the possibility
of selection bias. Students with stronger opinions — whether positive or negative — about the elective system
may have been more likely to participate. Future studies could employ stratified sampling techniques to ensure
balanced representation across student segments.

Third, our study focused on a single institution in Ukraine, limiting generalizability. The distinctive patterns
we observed - particularly the relatively weak influence of peer recommendations — may reflect cultural and
institutional factors specific to this context. Comparative studies across multiple institutions and national
contexts would enhance understanding of how cultural and structural factors influence elective course systems.
Frameworks for cross-national educational research*® could be adapted for studying elective systems across
diverse settings.

Fourth, our analysis focused primarily on student perspectives. While student satisfaction is an important
outcome, it represents only one dimension of elective system effectiveness. Future research should incorporate
faculty viewpoints, administrative data on actual enrollment patterns, and educational outcomes such as
course completion, grades, and skill development to develop a more comprehensive understanding of effective
elective systems. Industry-institute collaboration in elective design®® represents another dimension worthy of
investigation.

Fifth, the four-segment solution, while statistically supported by silhouette analysis, represents one possible
categorization of student approaches. Alternative clustering solutions or different analytical approaches might
reveal additional meaningful distinctions. Future research could explore whether finer-grained segmentation
provides additional practical value for personalization.

Finally, the framework derived from our findings awaits empirical validation. While the framework
components are grounded in observed patterns, their effectiveness for improving student outcomes must be
tested through implementation studies. Randomized controlled trials comparing segment-aware interventions
with uniform approaches would provide evidence for the practical value of personalization based on our
segmentation model.

Conclusion

This study applied educational data mining techniques to analyze student experiences with elective course
selection at a Ukrainian university, contributing empirical insights and a practical framework for enhancing
personalized learning in higher education.

Regarding student selection patterns (RQ1), we identified four distinct segments — career-focused pragmatists
(32%), content enthusiasts (27%), process-sensitive selectors (24%), and balanced optimizers (17%) - each
characterized by different selection approaches and satisfaction profiles. Career relevance, topic interest,
and instructor reputation emerged as the primary selection drivers, though their relative importance varied
substantially across segments.

Regarding satisfaction predictors (RQ2), five factors significantly predicted overall satisfaction: alignment
with expectations, information availability before selection, teaching quality, relevance to career goals, and
variety of offerings. The regression model explained 63% of variance in satisfaction. Critically, predictor profiles
differed across segments: career-focused pragmatists satisfaction depended most strongly on career relevance,
while process-sensitive selectors’ satisfaction was driven primarily by administrative factors.
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Regarding design principles (RQ3), five empirically grounded principles emerged: segment-aware
personalization, information quality prioritization, expectation-outcome alignment, career pathway integration,
and process accessibility. These principles address the heterogeneity in student needs revealed by segment
analysis.

Regarding the integrative framework (RQ4), we derived a five-layer architecture — comprising data collection,
analytics, personalization, interface, and feedback layers — that maps specific features to each student segment
based on their identified characteristics and predictor profiles.

Based on these findings, we offer the following recommendations for higher education institutions. First,
institutions should move beyond uniform information provision toward segment-differentiated resources.
Career-focused students benefit from explicit career pathway connections, while content-oriented students
value detailed syllabi and instructor information. Process-sensitive students require clear procedural guidance
and accessible support.

Second, the strong predictive value of information availability (8 = 0.28) suggests that investment in
comprehensive, accessible course information systems will yield substantial returns in student satisfaction. Pre-
selection information quality deserves priority attention.

Third, the variation in satisfaction across academic programs indicates that institution-wide standardization
may be counterproductive. Program-specific approaches that account for disciplinary cultures and student
expectations are more likely to succeed.

Fourth, the concentration of process-sensitive selectors among first and second-year students highlights the
importance of supporting newer students during initial selection experiences. Early interventions may have
lasting effects on engagement with personalized learning opportunities.

This research aligns with Sustainable Development Goal 4 (Quality Education) by promoting inclusive and
equitable educational opportunities. The framework and recommendations presented here aim to enhance
student agency in curriculum customization while maintaining educational quality and addressing accessibility
concerns. As higher education continues to embrace personalization, evidence-based approaches to supporting
student choice become increasingly important for preparing graduates for diverse career pathways.

The dataset supporting this study is openly available following FAIR principles, enabling replication and
extension of this work across different institutional and cultural contexts.

Data Availability

The dataset used in this study, “Elective Disciplines Survey Data from Kryvyi Rih State Pedagogical University”,
is openly available in the Zenodo repository at https://zenodo.org/records/15098020. The dataset follows FAIR
principles and is provided in multiple formats (CSV, TSV, JSON, and Excel) with comprehensive metadata to
facilitate reuse.
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