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The article is devoted to the development of mathematical models for allocating students to free elective
courses in higher education institutions under conditions of limited capacity. The relevance of the study
is determined by the need for transparent and formalized allocation mechanisms. Unlike early registration
procedures, these mechanisms account for not only the order of application submission but also students’
individual preferences and their priority based on an integral rating score. The aim of the study is to develop
and provide a theoretical justification for mathematical models for allocating students to free elective courses.
It also aims to identify the specific features of applying weighted and lexicographic approaches to such
allocation. The study employs methods of discrete and lexicographic optimization. The allocation problem
is formalized with due regard to course capacity constraints, the number of courses selected by each student,
and feasibility conditions. Four mathematical models are constructed, combining ranked lists and normalized
weight coefficients with two approaches to incorporating student priority, namely weighted and lexicographic.
The experimental validation is carried out using generated data for 1000 students and 30 courses, using Monte
Carlo simulation. It is established that the weighted models provide a more balanced allocation and a higher
level of student satisfaction, whereas the lexicographic models ensure stricter adherence to the hierarchy of
priorities. The scientific novelty lies in the development of a set of models that allow accounting not only the
order but also the intensity of students’ individual preferences. The practical significance of the results lies in
the possibility of using the proposed models as a basis for creating transparent decision-support mechanisms
in higher education institutions.

Keywords: free elective courses, student allocation, integer programming, lexicographic optimization,
integral rating score.

1. Introduction

The problem of allocating students to elective courses lies at the intersection of higher education
management, educational system design, and discrete optimization, and it has both scientific and
practical significance. In its general form, the problem consists in the optimal allocation of limited
educational resources (available places in elective courses) among students who have diverse
preferences and competing priority levels.

Student-centered learning is a modern approach to organizing the educational process in which
the main focus is placed on the student rather than on the teacher or the instructional material.
This approach encourages students to participate in the educational process as autonomous and
responsible actors. It also orients learning toward their needs and interests and supports the
formation of individual educational trajectories. Increased responsibility, independence, and a
thoughtful approach to learning are key features of student-centered learning.

The formation of an individual educational trajectory plays an important role in training qualified
specialists. Responsibility for choosing academic disciplines also contributes to the development of
a conscious and independent personality. An individual study plan of a higher education student
consists of mandatory and elective academic disciplines chosen by the student.
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The number of places in elective courses is usually limited due to insufficient staff resources,
classroom capacity, the complexity of timetable formation, and high demand for certain courses. As
a result, not all students can be enrolled in the educational components they have chosen.
Therefore, there arises a need to apply certain criteria for selecting students when enrolling them in
free elective courses. Such criteria may include:

1. academic performance;
year seniority;
relevance of the course to the student’s profile;
inclusiveness and social factors;
registration time;
previous choice;

7. activity and motivation.

Academic performance. When choosing courses, students with a higher average grade for the
previous period of study are given higher priority. This approach can stimulate conscientious
learning and, importantly, is a transparent ranking criterion.

Year seniority. Senior students are given higher priority because they have less time left before
graduation to choose courses.

Relevance of the course to the student’s profile. Students for whom the chosen course corresponds
to their specialty or educational program are given higher priority. For example, students of a certain
faculty or specialty may have priority when choosing courses corresponding to their field of training.

Inclusiveness and social factors. Students from privileged categories, including persons with
disabilities or orphans, may receive additional priority in the allocation process.

Registration time. Priority is given to students who first submitted an application for a particular
course (FIFO). This approach motivates students to make their course selections on time and
contributes to greater organization in the process of forming individual study plans.

Previous choice. Students who have previously studied a course similar in content may receive lower
priority so that other students also have an opportunity to enroll in that course.

Activity and motivation. A student’s participation in additional activities related to the course, in
projects of a corresponding profile, and personal motivation stated in a special questionnaire may also
be taken into account.

For example, at Igor Sikorsky Kyiv Polytechnic Institute, bachelor’s students choose courses for the
next academic year in the spring semester, having access to the same list of courses. All courses are
divided into catalogs, within which a student may choose one or several courses depending on the year
of study. Each course has a limited number of places. Students determine the priority of courses within
the corresponding catalog. The current automated course allocation system at Igor Sikorsky Kyiv
Polytechnic Institute relies on early registration. Preference is given to students who submitted their
applications earlier. The algorithm allocates students to courses according to the order of submitted
applications. If places are unavailable for the highest priority, the next priority is considered. Such an
approach does not take into account academic achievements, individual characteristics of students,
and other justified selection criteria.

Therefore, there is a need to develop formal mathematical models for allocating students to elective
courses. These models should consider limited course capacities, individual student preferences, and
a justified system of student priorities. Such models should provide a basis for transparent decision-
making and the automation of allocation procedures in higher education institutions.

Thus, the research topic is relevant. The growing role of student-centered learning and elective
courses creates demand for allocation models that ensure fairness, transparency, and efficiency under
capacity constraints.
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2. Literature review and problem statement

Allocating students to free elective courses belongs to the class of combinatorial optimization
problems and is a generalization of the stable marriage problem [1]. At the same time, this problem
can be interpreted as a university admissions problem [1]. In this problem, the number of places is
limited and the applicant selection criteria are identical for all.

An algorithm based on a student’s average grade is partially implemented in the targeted placement
of state-funded places in Ukraine. Similar principles are also used in the National Resident Matching
Program in the United States. In both cases, the Deferred Acceptance Algorithm (DAA) [2] is used,
which was first formally studied in [1]. The idea of this algorithm lies in an iterative process of
submitting applications and selecting the best candidates, which ensures an optimal allocation.

In the scientific literature, considerable attention is paid to modifications of the DAA for student
course allocation. Paper [3] analyzes the Student Optimal Stable Mechanism and the Efficiency
Adjusted Deferred Acceptance Mechanism, which improves efficiency but is less resistant to
strategic behavior by students. Paper [4] considers similar approaches for course allocation at
Harvard Business School. It studies deferred acceptance algorithm modifications and reveals
potential manipulation during course selection.

Generalized versions of the DAA for allocating students among projects are presented in [5], and
their automated application to course formation is discussed in [6]. In addition to stable matching
algorithms, considerable attention is also paid to optimization approaches. Paper [7] analyzes
algorithmic mechanisms based on matching, second-price, and optimization methods that ensure a
balance between fairness and efficiency.

Paper [8] considers minimax-rank constraints for improving student allocation, while [9] proposes a
Pareto-optimal allocation algorithm that takes into account real constraints, in particular credit limits
and timetable conflicts. Paper [10] uses a nonlinear random matrix method for allocating places in
educational institutions, and [11] applies the Hungarian algorithm to search for an optimal allocation.
Paper [12] proposes a fuzzy multi-criteria decision-making method for considering the priorities of
students and instructors. Paper [13] investigates evolutionary algorithms for improving the quality of
student project allocation.

Thus, summarizing previous studies, it can be observed that modern approaches mainly attempt
to balance student preferences, overall efficiency, and fairness, often relying on heuristics or soft
constraints.

Most existing systems rely on single-criterion indicators. No individual criterion is sufficient to
fully capture the academic validity of choices, social fairness, and the organizational needs of higher
education institutions.

To address this problem, there is an objective need to employ an integral selection criterion capable
of incorporating the entire set of relevant factors. Some factors naturally have a quantitative nature,
including academic performance, seniority, and registration time. For non-quantitative criteria, such as
course relevance, inclusiveness, and motivation, appropriate scales can convert qualitative assessments
into quantitative measures.

The integral criterion makes it possible to transform a complex selection procedure into a
transparent and universally understandable quantitative rule. Moreover, it ensures flexibility:
through the use of weighting coefficients, universities can adapt the model to their specific priorities
while preserving the general allocation principle.

Reducing student characteristics to a single numerical indicator provides a rigorous mathematical
foundation for process automation. Algorithmic allocation based on optimization methods minimizes
subjectivity, ensures reproducibility of results, and is particularly important for large universities.

Despite numerous approaches to allocating students to elective courses, several problems remain
unresolved. Existing models do not simultaneously account for limited course capacity, individual
student preferences, and student priority based on an integral rating score. They also insufficiently
reflect both the order and intensity of preferences. Existing approaches primarily focus on procedural
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allocation mechanisms or individual selection criteria. Consequently, they fail to fully formalize a fair
and transparent student allocation mechanism.

3. The aim and objectives of the study

The study aims to develop and justify mathematical models for elective course allocation under
capacity constraints. These models ensure the consideration of individual preferences and rating-
based student priorities. Additionally, the research identifies specific features of applying weighted
and lexicographic allocation approaches.

To achieve this aim, the following objectives were defined:

— to formalize the problem of allocating students to free elective courses under conditions of limited
course capacity;

— to construct mathematical allocation models for two ways of representing students’ preferences,
namely ranked lists and normalized weight coefficients;

— to investigate the specific features of using weighted and lexicographic approaches when taking
into account students’ integral rating scores;

— to determine, on the basis of the experimental study, the comparative advantages of the proposed
models relative to the baseline FIFO approach.

4. Materials and methods for modeling student allocation to elective courses
4.1. Research hypothesis, object, and subject of the study

The hypothesis of the study is that optimization models based on an integral rating score and
student preferences make it possible to obtain a more justified allocation of students than the FIFO
approach. These models rely on both quantitative scoring and individual preferences.

The object of the study is the process of allocating students to elective courses in higher education
institutions.

The subject of the study is mathematical models, optimization criteria, and algorithms for allocating
students under capacity constraints.

4.2. Problem statement and input data

It is required to construct an allocation of students to elective courses that maximally satisfies
their preferences, while giving priority to students with higher Integral Rating Score (IRS) values. We
consider the allocation problem within a single catalogue of elective courses, since such an allocation
constitutes a structural unit of the overall problem.

The input data are defined as follows:

— the number of students n;

— the number of courses in the catalogue m;

— the set of courses D = {D1,Do,...,D,}.

For each course D;, j = 1,...,m, the admissible bounds on the number of enrolled students are
specified:

— the minimum number of students allowed to enroll in course D, q?“in;

— the maximum number of students allowed to enroll in course D, ¢7**;

— the number of elective courses in an individual student’s study plan for the considered semester,
v; each student is assigned to exactly v courses from the set D.

For the correctness of the problem, it is assumed that

m ) m
Z q?“n <nv< Z qj.nax, (1)
Jj=1 Jj=1

that is, the total capacity of the courses is sufficient to ensure the existence of a feasible allocation.
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Each student i, i = 1,...,n, is characterized by an integral rating score g;. The integral rating
score is used as a generalized quantitative indicator of student priority in the allocation process. It
aggregates several criteria that may be relevant for determining the order of access to limited elective-
course capacity. In general form, the integral rating score of student can be calculated as a weighted
sum of normalized partial indicators.

Student i’s preferences regarding the selection of courses can be specified in one of two ways.

Option 1 (ranked list). Student i provides an ordered list of courses (D§'1’ Dj.2, Cees Dz‘m) , sorted in

descending order of priority, which is a permutation of the set {D1, Do, ..., D, }. In this case, course
Di.l has the highest priority for student i, whereas Di.m has the lowest.

Option 2 (weight coefficients). Student i specifies weight coeflicients w;; for each course D, j =
1,...,m, satisfying the normalization condition

m
Zwij =1, Wij 2 0. (2)
=

Allocation scenarios.

Depending on the relationship between the total maximum capacity and the required number of
student placements, two scenarios are possible.

Scenario 1. If

m
Z q;™ > nv, (3)
j=1

then the allocation process is carried out in two stages: a preliminary stage and a final stage.
Scenario 2. If

D 4 =n, (4)
j=1

then the allocation is performed in a single (final) stage.

Allocation stages.

Stage 1 (preliminary). At this stage, the number of available positions g; for each course D; is
determined such that the following constraints are satisfied:

max

q‘l}nlnSQquJ s j:]-’--'7m7 (5)

and

quznv. (6)

j=1

During the preliminary stage, students’ preferences are analyzed. As a result, courses that fail to
attract the minimum required number of students q?‘in may be excluded from further consideration.

Stage 2 (final). At this stage, the final allocation of students to courses is performed in accordance
with the values g; determined at the preliminary stage. The allocation should ensure the most
comprehensive satisfaction of student preferences, taking into account their IRS scores.

The scheme of allocating students to elective courses obtained as a result of Stage 2 is presented in

Fig. 1.
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Fig. 1. Scheme of allocation of students to elective courses

4.3. Mathematical models of student allocation

At the first stage, the values ¢g;, j = 1,...,m, are determined. These values define the number of
available positions in courses D; and satisfy the following constraints
gt < qp <@, j=1....m, (7)
m
>laj=nv. (8)
j=1

In essence, this stage is implemented as a simple feasibility-checking procedure that does not require
the use of a complex mathematical framework or optimization methods. For each course, the possibility
of assigning an admissible number of places is sequentially verified, taking into account both lower and
upper capacity bounds, and student preferences are also analyzed. As a result of this analysis, courses
for which it is impossible to ensure the minimum required number of students q;.nin may be excluded
from further consideration. Consequently, a consistent capacity vector (g1, ..., gm,) is formed, which
is then used at the second stage of the allocation process.

Mathematical model based on a weighted approach.

At the second stage, the final allocation of students to courses must be performed, assuming that
the number of available positions g;, j = 1,...,m, has already been determined for each course.

The decision variables are binary

(9)

_J1, if student i is assigned to course D,
Y 0, otherwise,
wherei=1,...,n, j=1,...,m.
For each course D;, the number of assigned students must be equal to the predefined capacity

n

Zx,-j:qj, j=1,...,m. (10)

i=1

Each student must be assigned to exactly v courses

m
Zx,-j:v, i=1,...,n. (11)
=1
Additionally,
x;€{0,1}, i=1,...,n, j=1,...,m. (12)

Objective function. The objective is to construct an allocation that maximally satisfies student
preferences while simultaneously giving preference to students with higher rating scores.

The formalization of the objective function depends on how student preferences are specified.

Option 1. Preferences given as a ranked list.
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Let r;; denote the rank of course D; in the preference list of student i : r;j = 1 corresponds to the
highest priority, and r;; = m to the lowest.

In this case, the higher the priority of a course for a student, the greater its contribution to the
objective function. Taking into account the student’s rating score, the objective function can be
written as

Fi1(x) :ZZg,-(m—r,-j+1)x,-j — max. (13)

i=1 j=1

Thus, the model seeks an allocation that simultaneously ensures high overall student satisfaction
and prioritization of students with higher ratings.

Option 2. Preferences given as weight coefficients.

In this case, the objective function is naturally defined as

n m
Fo(x) = Z Z giW;jX;j — Mmax. (14)

i=1 j=1

The proposed models employ a weighted approach in which all students are considered
simultaneously, and each student’s contribution to the objective function is scaled by their rating
score. This approach is straightforward to implement and transparent in interpretation.

At the same time, a situation may arise where a partial deterioration in the outcome for a high-
ranked student is compensated by a significant improvement for several other students. If the aggregate
effect is larger, such a solution may be considered optimal by the model. Therefore, incorporating
rating scores into the objective function ensures a weighted priority but does not guarantee a strict
priority.

Mathematical model based on the lexicographic approach.

If it is required to enforce a rule under which students with higher rating scores must have
unconditional priority over those with lower scores, a simple weighted objective function is
insufficient. In this case, a lexicographic approach should be applied. Its essence lies in sequential
optimization. First, allocation quality is maximized for highest-rated students. Then, among these
optimal solutions, quality is maximized for the next group.

Formation of priority groups of students. Let each student i be characterized by a rating score g;.
To implement prioritization based on these scores, the set of all students is partitioned into disjoint
groups

Gl’ G2"",GK’ (15)

where G is the group of students with the highest rating scores, G is the group with the next level
of ratings, and so forth. Thus, the groups are ordered in descending priority.

Such a partition enables a strict priority hierarchy. During optimization, preferences of group G
are maximally satisfied first. Then, group G is optimized while preserving optimality for G.

For practical purposes, it is reasonable to form groups based not on exact rating values but on
intervals of IRS.

The decision variables and constraints remain the same as in the previous model.

Objective function for ranked preferences.

For each priority group G, k =1,...,K, define a partial objective function

FE(x) = Y > m=ryj + Dy, (16)

i€Gy _]=1
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In this case, the problem consists in the lexicographic maximization of the vector of objective
functions

(Fll(x), F12(x), ey FlK(x)) — lex-max. (17)

This means that first the value Fl1 (x) is maximized, i.e., the total satisfaction of students in the
highest-priority group. Then, among all allocations optimal with respect to Fl1 (x), the value F12 (x) is
maximized, and similarly for subsequent groups.

Objective function for weighted preferences.

For each group Gy, the partial objective function is defined as

Ff(x)= ) > wiyxy, k=1,... K. (18)

ieGg j=1
In this case, the problem also consists in the lexicographic maximization of the vector
(F3(x), F2(x), ..., FX(x)) — lex-max. (19)

Thus, depending on the method of representing student preferences and the approach to
incorporating rating scores, four mathematical models of allocation can be distinguished:

— model M1: ranked preferences with a weighted approach;

— model M2: ranked preferences with a lexicographic approach;

— model M3: weighted preferences with a weighted approach;

— model M4: weighted preferences with a lexicographic approach.

4.4. Solution methods and algorithmic implementation

The formulated problems of assigning students to elective courses belong to the class of discrete
optimization problems, since the decision variables are binary and represent whether a student is
assigned to a particular course.

Depending on the representation of student preferences and the approach to incorporating rating
scores, different solution methods can be applied.

For models based on the weighted approach, the problem reduces to a binary Integer Linear
Programming (ILP) problem. The objective function is linear, and the constraints enforce
requirements on the number of students assigned to each course and the number of courses assigned
to each student. Exact methods of integer optimization can be applied, including the
branch-and-bound method, cutting-plane methods, and their combinations. The main advantage of
this approach is the ability to obtain an optimal solution within the given mathematical model.

For models based on the lexicographic approach, the problem also belongs to binary ILP, but it
is solved sequentially. First, the objective function is maximized for the highest-priority group of
students. Then, the obtained optimal value is fixed as an additional constraint, and the problem is
solved for the next group. This procedure is repeated for all priority groups. Such an approach ensures
strict prioritization according to rating scores but is computationally more demanding.

For large-scale problems or under time constraints, heuristic and metaheuristic methods may also be
applied. These include greedy algorithms, local search, genetic algorithms, simulated annealing, and
other approximate procedures. While they do not guarantee a globally optimal solution, they allow
obtaining feasible and sufficiently high-quality allocations within reasonable computational time.

In this study, preference is given to exact methods, as they ensure the determination of an optimal
solution, which is essential for the correct analysis and comparison of the developed models. Their
application is also justified by the size of practical problems and the requirement to obtain a well-
founded allocation that strictly satisfies all imposed constraints.

It should be noted that for weighted models (M1 and M3), the solution process is single-stage. It
reduces to the direct application of binary ILP methods to maximize the global objective function
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Fi(x) or Fa(x) under the given constraints. In contrast, the lexicographic approach (models M2 and
M4) requires an iterative solution procedure.
Pseudocode of the generalized lexicographic approach algorithm.

1. Input:

I={1,2,...,n} - set of students

J=A{1,2,...,m} - set of courses

gi — integral rating score of student i (i€ l)

g; - number of available positions in course D; (j € J)

v - number of courses each student must be assigned to

b - type of preference representation (b =0 for ranked lists, b =1 for
weight coefficients)

rankPrefs - student preferences in the form of ranked lists

weightPrefs - student preferences in the form of weight coefficients

2. QOutput:

X = (x;;) - matrix of the final allocation of students to courses
3. Partition the set of students [/ into priority groups Gi,Gao,...,Gg
4. for k=1,2,...,K do:
5. if b =0 then
6. Solve optimization problem Pf(x)—»lnax using rankPrefs under the
common set of constraints and all additional constraints obtained in previous
steps
7. Add the constraint Ff(x)::zz, where z; is the optimal value of Ff(x)
8. else
9. Solve optimization problem Fg(x)—alnax using weightPrefs under the
common set of constraints and all additional constraints obtained in previous
steps
10. Add the constraint Fg(x)::zz, where 7; is the optimal value of Fg(x)
11. end if
12. end for

13. return X

The computational complexity of models M1 and M3 is determined by solving a single ILP problem
with n-m binary variables and n+m linear constraints. In the general case, this problem belongs to the
class of NP-hard problems; therefore, its theoretical worst-case complexity may grow exponentially
with an increasing number of binary variables.

The complexity of the lexicographic models M2 and M4 is higher because they require the sequential
solution of K binary ILP problems, where K is the number of priority groups. Therefore, compared
with the weighted models, the lexicographic approach preserves the NP-hardness of the underlying
optimization problem. At the same time, it increases computational costs due to the need for repeated
sequential solution procedures for all priority groups.

5. Results of investigating mathematical models for student allocation to elective
courses

5.1. Experimental design

The experimental study was organized as two separate experiments differing in the method of
representing student preferences. In the first experiment, preferences were specified as ranked lists,
while in the second experiment they were given as normalized weight coefficients for each course.
Accordingly, in the first experiment, allocation strategies were compared using the objective function
F1(x), and in the second using Fa(x). In each experiment, three allocation strategies were considered.
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These include FIFO, where priority is given to students who submitted their requests earlier, the
weighted approach implemented by models M1 and M3, and the lexicographic approach implemented
by models M2 and M4.

To evaluate the effectiveness of the proposed models, a simulation of the allocation process was
conducted. A test dataset was generated with parameters corresponding to a realistic faculty scale:
n = 1000 students and m = 30 elective courses. Each student was required to be assigned to exactly
v = 3 courses.

To approximate real educational conditions, non-uniform demand for courses was introduced: a
subset of highly popular (“high-demand”) courses was defined, creating an artificial shortage of
available positions and increased competition. Students were sorted by rating scores and divided
into four equal-sized priority groups.

To ensure statistical reliability and reduce the influence of stochastic factors (such as random
registration order and preference generation), the experiments were conducted as a series of 100
Monte Carlo simulations.

To evaluate the computational feasibility of the proposed models, the empirical complexity of
the considered problem instances was also assessed. For the experimental parameters n = 1000 and
m = 30, the number of binary variables is n-m = 30000, while the number of main linear constraints is
n+m = 1030. Such a problem size is acceptable for modern integer programming solvers. For weighted
models M1 and M3, expected solution times range from seconds to minutes. This duration depends
on hardware, solver settings, and generated data structure. For the lexicographic models M2 and M4,
the execution time may be up to K times higher, since the problem is solved sequentially for each
priority group.

5.2. Results for rank-based preference representation

In the first experiment, student preferences were represented as ranked lists of elective courses. The
averaged results for the FIFO strategy, the weighted model M1, and the lexicographic model M2 are
shown in Figs. 2-4.

5.2.1. Results by the average rank criterion

The average rank of assigned courses for each priority group is shown in Fig. 2, where a lower value
corresponds to a better allocation result.

= FIFO
mm Model M1
= Model M2 7.23

@

Average rank

G1 (max IRS) G2 G3 G4 (min IRS)

Fig. 2. Average rank of assigned courses (Experiment 1)

Under the FIFO strategy, the average rank is almost identical for all student groups and ranges from
6.37 to 6.38. For the weighted model M1, the average rank changes from 4.66 for the highest-priority
group to 7.03 for the lowest-priority group. For the lexicographic model M2, the highest-priority group
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has an average rank of 3.02, whereas the corresponding values for the remaining groups lie within the
range from 7.00 to 7.23.

5.2.2. Results by the preference satisfaction criterion

The level of student preference satisfaction in relative terms is presented in Fig. 3, where 100%
corresponds to the ideal allocation, that is, receiving courses ranked 1, 2, and 3.

. FIFO
= Model M1

s Model M2
100 - 96.2%

9
90.1% 88.3%

83.8% 83.2%

81.4%  80.6%
80

60 4

404

Preference satisfaction level (%)

20

0-
G1 (max IRS) G2 G3 G4 (min IRS)

Fig. 3. Satisfaction level of student preferences (Experiment 1)

Under FIFO, the satisfaction level is about 83.8% for all groups. In model M1, the satisfaction level
of the top group reaches 90.1%, while the values for the lower-priority groups gradually decrease. In
model M2, the satisfaction level of the highest-priority group reaches 96.2%, whereas for the remaining
groups it is about 81%.

5.2.3. Results by the distribution of desirable courses

The distribution of the number of assigned desirable courses is shown in Fig. 4, where desirable
courses are defined as those belonging to the student’s individual Top-3 list.

= FIFO

=== Model M1
831.09 mmm Model M2
800 4

749.98

-
S
=3

Number of students
8
3

200
155.63

0 0 0.14 7.04 175

All 3 desirable 2 desirable 1 desirable No desirable course
(residual principle)

Fig. 4. Efficiency of allocating desired courses (Experiment 1)

Under FIFO, about 155 students obtain all three desirable courses, while about 831 students do not
obtain any of them. In model M1, approximately 496 students obtain at least one desirable course.
In model M2, about 250 students obtain exactly two desirable courses.
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5.3. Results for weight-based preference representation

In the second experiment, student preferences were represented by normalized weight coefficients
assigned to each course. The averaged results for the FIFO strategy, the weighted model M3, and the
lexicographic model M4 are shown in Figs. 5-7.

5.3.1. Results by the average rank criterion
The average rank of assigned courses for the second experiment is presented in Fig. 5.

g| == FIFO
s Model M3

mmm Model M4 7.29

Average rank

G1 (max IRS) G2 G3 G4 (min IRS)

Fig. 5. Average rank of assigned courses (Experiment 2)

Under FIFO, the average rank remains within the range from 6.35 to 6.39 for all groups. In the
weighted model M3, this indicator ranges from 4.75 for the highest-priority group to 6.96 for the

lowest-priority group. In the lexicographic model M4, the highest-priority group has an average rank
of 3.23, while the remaining groups have values from 7.00 to 7.29.

5.3.2. Results by the preference satisfaction criterion
The satisfaction level obtained in the second experiment is shown in Fig. 6.

. FIFO
mmE Model M3

mmm Model M4
1001 95.5%

89.8%

83.9% 83.3%

81.6% 80,49
80

60

40

Preference satisfaction level (%)

20

0-

G1 (max IRS) G2 G3 G4 (min IRS)

Fig. 6. Satisfaction level of student preferences (Experiment 2)

In model M3, the satisfaction level of the strongest students reaches 89.8%. In model M4, the
satisfaction level of the highest-priority group reaches 95.5%.
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Fig. 7. Efficiency of allocating desired courses (Experiment 2)

5.3.3. Results by the distribution of desirable courses

The distribution of the number of assigned desirable courses in the second experiment is presented
in Fig. 7.

In model M3, about 629 students remain outside their Top-3 list, while the share of students
obtaining one or two desirable courses increases. In model M4, 67 students obtain all three desirable
courses, 118 obtain two desirable courses, and 55 obtain one desirable course.

6. Discussion of the results of student allocation modeling for elective courses
6.1. Interpretation of the obtained results

The obtained results show that the FIFO strategy does not ensure any meaningful differentiation
between student groups according to the integral rating score. In both experiments, the indicators for
all groups remain nearly identical, which means that the order of registration acts as the dominant
factor and effectively produces a quasi-random access mechanism to popular elective courses.

At the same time, the weighted models M1 and M3 demonstrate a gradual deterioration of indicators
from the highest-priority group to the lowest-priority group. This pattern indicates that these models
do account for student priority according to the integral rating score, but do so in a soft manner. The
optimization process in these models seeks to maximize the global objective function, which makes
it possible to improve the overall allocation quality without introducing an excessively sharp decline
in outcomes for lower-priority groups. As a result, the weighted approach produces a more balanced
distribution between efficiency and fairness.

The lexicographic models M2 and M4 produce a fundamentally different pattern. Their results
demonstrate a clear concentration of advantages in the highest-priority group, while the indicators
of the other groups become substantially worse. This is consistent with the nature of lexicographic
optimization. In this approach, the satisfaction of higher-priority groups is maximized first, while
lower-priority groups are considered only after fixing the best achievable result for the preceding ones.
Thus, the lexicographic approach ensures a strict priority hierarchy.

A comparison of the two experiments also reveals an important difference between rank-based
and weight-based preference modeling. In the rank-based setting, the models account only for the
order of student preferences. In the weight-based setting, they additionally reflect the intensity of
those preferences. This makes the distribution more flexible, since the model can distinguish between
courses that are merely preferred and courses that are critically important for a particular student.
Such flexibility is especially visible in model M4, where the distribution of desirable courses within
the top group is more differentiated than in model M2.
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6.2. Comparison of the proposed models and practical implications

The results suggest that the choice of the allocation model should depend on the policy priorities
of the higher education institution. If the main objective is to maximize total satisfaction and to
distribute scarce places in a more balanced way, then the weighted models M1 and M3 are more
appropriate. They reduce extreme outcomes and increase the share of students who receive at least
one desirable course.

If, however, the institution considers the strict observance of rating-based hierarchy to be the
principal requirement, then the lexicographic models M2 and M4 are more appropriate. These models
provide an explicit and mathematically well-defined mechanism for giving unconditional preference
to students with higher integral rating scores. This may be relevant in educational systems where
academic performance must be reflected directly in access to high-demand elective courses.

The comparison between the rank-based and weight-based versions of the models further indicates
that the use of weight coefficients provides additional expressive power. Unlike ranked lists, weight
coefficients allow the model to capture not only the order of student interests but also their strength.
Therefore, models M3 and M4 can be considered more flexible instruments for representing individual
educational demand.

From a practical perspective, the proposed models can serve as a basis for the development of
transparent and reproducible decision-support mechanisms in universities. Their implementation
would make it possible to formalize the allocation process, reduce the influence of purely technical
factors such as registration timing. It would also allow adapting allocation rules to the strategic
priorities of a specific institution or educational program.

6.3. Limitations of the study and prospects for further research

The conducted study has several limitations. First, the experiments were carried out on simulated
data, although their size and structure were chosen to approximate real university conditions. Second,
the problem was considered within a single catalog of elective disciplines, which simplifies the actual
organization of student choice. Third, the current models do not account for timetable conflicts,
inter-catalog dependencies, or multi-semester planning constraints.

Further research may therefore be directed toward validating the proposed models on real
institutional data, extending them to multiple catalogs of elective courses, and incorporating
scheduling constraints. It may also focus on developing hybrid exact-heuristic solution procedures
for larger-scale allocation problems. Another promising direction is the refinement of the integral
rating score through the inclusion of additional academic, social, and organizational criteria that
reflect the specific priorities of a higher education institution.

Conclusion

The paper solves the scientific and practical problem of developing mathematical models for
allocating students to free elective courses under conditions of limited capacity. These models take
into account students’ individual preferences and their priority based on an integral rating score.

As a result of the study, the problem of allocating students to free elective courses is formalized as
a discrete optimization problem. This formulation takes into account course capacity constraints, the
number of courses selected by each student, and feasibility conditions for the allocation.

Four mathematical allocation models are developed, differing in the way students’ preferences are
represented and in the mechanism used to incorporate student priority. Unlike models that rely solely
on ranking, models based on normalized weight coefficients make it possible to account not only for
the order but also for the intensity of students’ individual preferences.

The experimental study shows that the baseline FIFO approach does not in fact ensure
differentiation of allocation outcomes according to students’ integral rating scores. It is shown that
the weighted models provide a more balanced allocation and a higher overall level of student



Models for allocating students to free elective courses 111

satisfaction, whereas the lexicographic models ensure stricter adherence to the hierarchy of
priorities.

It is also established that the use of weighted preference representation expands the possibilities
for modeling individual educational demand.

The obtained results make it possible to formulate the scientific novelty of the study as follows:

1. for the first time, a comprehensive set of mathematical models for allocating students to free
elective courses has been developed. These models combine two ways of representing students’
preferences — ranked lists and normalized weight coefficients — with two approaches to incorporating
student priority based on an integral rating score: weighted and lexicographic;

2. the approach to formalizing students’ preferences in the allocation problem has been improved
through the use of normalized weight coefficients. This makes it possible to account not only for the
order but also for the intensity of individual preferences;

3. the application of lexicographic optimization to the problem of allocating students to elective
courses has been further developed. This ensures stricter adherence to the hierarchy of priorities
compared with procedural mechanisms of the FIFO type.

Thus, the proposed models create a theoretical foundation for the development of transparent and
formalized mechanisms for allocating students to free elective courses. The choice of a particular model
should be determined by the priorities of the educational policy of a higher education institution.
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CrarTio IPHUCBSYeHO MOOYI0BI MaTeMaTUIHUX MOJIE/ell PO3IOJILY CTYIAEHTIB Ha IUCIUILIIHA BiJIBHOIO BHOODPY B
3aKJIQJIaX BUINOI OCBITH 3a YMOB OOMEXKEHOI KiJbKOCTI MiCIhb. AKTyasbHICTH JIOCHIZKEHHSI 3yMOBJIEHa TOTPEOOIO B
po3opux i dpopmasizoBaHuX MexXaHi3Max PO3IO/ILTY, SKi, HA BiAMIHY BiJ mporeayp paHHBOI peecTparllil, JaloTh 3MOTY
BpPAXOBYBATH HE JIUINE YEpProBiCTh IOMAHHS 3asB, a U IHAUBiAyanabHI ymomobaHHa 3700yBadiB OCBITH Ta IXHIO
npiopuTeTHICTL 3a IHTerpaJbHUM pefTHHroBEMM OajoMm. MeToro [OCTiKeHHsT € TOoOyJI0Ba Ta TEOPETUIHE
OOI'PYHTYBaHHS MAaTEMATHIHUX MOJIEJIel PO3IMOIIY CTY/IEHTIB Ha JUCHUIIIHA BiJILHOTO BHOODY, & TaKOXK BUSIBJIEHHS
0COBJIMBOCTEl 3aCTOCYBAHHS 3BA’KEHOIO Ta JIEKCHKOTPA(IIHOIO MiXO0/IIB JI0 TAKOr0 PO3Io/iry. ¥ poboTi BUKOPUCTAHO
METOAU JTUCKPETHOI omTuMmizarii, 30kpeMa OiHApHe JIiHIHE ILJIOYNCIOBE IIPOTPAMyBaHHS Ta JIEKCUKOTpadidHy
ontnMmizario. PopmasizoBaHo 3a1ady PO3IMOALTY 3 ypaxyBaHHSM OOMEXKEHb Ha MICTKICTb [WCIHUILIIH, KiIbKICTH
JIUCITUILIIH Y BHOOPI CTy/JEHTa Ta yMOB JOMYCTHMOCTI posmnomiay. [loOymoBamo woTUpW MaTeMATHYIHI MOJENTi, IO
[IOE/IHYIOTh PAHKOBaHI CIMCKM Ta HOPMOBAHI Barosi KoedillieHTH 3 JBOMa croco0aMy BpaxyBaHHS IPIOPUTETHOCTI
CTYIEHTIB — 3BaKeHWM 1 Jiekcukorpadiuaum. EKcrepuMeHTabHY I€PEBIPKY IMIPOBEIEHO Ha 3reHEepPOBaHUX JAHUX,
HabJIMKeHNX J10 yMOB Besimkoro dakysbrery, mjias 1000 crymentiB i 30 auciuiiiiH i3 BUKOPUCTAHHSIM MOJIEJTIOBAHHSI
meromoM Monre-Kapso. YcraHoBaeHo, Mo 3BakeHi MOAEl 3a0e3MedyIoTh OIIbIT 30a/IaHCcOBAHUI PO3MOILT 1 BUIIAM
piBEHDb 3a/I0BOJIEHOCTI CTYIEHTIB, TOMI AK JeKCHKorpadidni momesni rapaHTyOThL CyBOpilie JTOTPUMAaHHS iepapxil
npiopureris. HaykoBa HOBu3HA moJisrae y MOOYJIOBI KOMILIEKCY MOJIEJIEl, IO JAIOTh 3MOI'Y BPAaXOBYBATH HE JIAIIE
MOPSIJIOK, & i IHTEHCUBHICTHL IHJUBIAyaJbHUX ITepeBar CTyJ/eHTiB. lIpakTudHe 3HAYEHHS OJEPXKAHUX PE3YJIbTATIB
MOJISITAE€ Y MOYKJIMBOCTI BUKOPHUCTAHHS 3aIPONOHOBAHUX MOjeseil K OCHOBH JIJIs CTBOPEHHSI MPO30PUX MEXaHi3MiB
MATPUMKI TPUINHATTS PillIeHb y 3aKJIaJIaX BUIIOI OCBIiTH.

Kuro4oBi coBa: aucnumiiing BiTbHOTO BUOOPY, PO3IMIOMII CTYAEHTIB, IIJIOINCIOBE IPOrpaMyBaHHsd, JeKCHKorpadiana
ONITUMI3aIlisl, iHTerpaabHuil PERTUHTOBUN OAaJT.
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