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Abstract Researchers have extensively studied the university course timetabling problem
(UCTP) over the past decades, aiming to develop efficient, practical, and scalable scheduling that
cater to the needs of academic institutions. This paper presents the implementation of a general
Mixed-Integer Programming (MIP) model to solve UCTP using a dataset from an East Coast
Malaysian public university. Building upon previous research that proposed a model with 24
constraints, this study aims to validate the original model to ensure its applicability and flexibility.
Through the validation process, this study demonstrates how the model can be customized by
selecting 13 relevant constraints based on East Coast Malaysian public university’s specific
scheduling requirements, institutional policies, and academic preferences. This approach ensures
that the model remains both realistic and adaptable to various scheduling contexts. Two different
case studies with the same dataset are explored: case study 1 focuses on generating a timetable
based on the university’s real timetabling requirements, while case study 2 integrates additional
preferences and requests from lecturers and top university management to accommodate specific
needs. The model is solved using AIMMS with the CPLEX 12.9 solver, ensuring feasible and
optimal solutions. With minor modifications, this general model is adaptable and applicable to

other universities' while addressing various institutional requirements and preferences.

Keywords: AIMMS, Management problem, Mathematical model, Mixed-integer programming,
Scheduling.

Introduction

Timetabling research involves allocating resources to time slots and spaces while satisfying various
constraints accordingly to each problem. Figure 1 illustrates different application fields of timetabling
problems, with studies referenced from [1] to [15] providing examples of how these problems have been
addressed. Among these problems, the University Course Timetabling Problem (UCTP) is particularly
challenging, as it involves limited resources, overlapping schedules, and the preferences of both
lecturers and management, all of which must be satisfied to enhance the quality of the timetable
produced. It becomes more challenging as different institution requires different requirements and
preferences. The difficulty increases further when additional and unique institutional requirements are
incorporated. These challenges make it difficult to produce feasible timetables efficiently, particularly as
the size and complexity of the problem increases.

Hence, a general model that incorporates most requirements typically found in universities is essential,
as demonstrated in [16]. Most of the existing literature focuses on the timetabling problem of a single
institution, which makes it time-consuming and demanding to develop a new model for each specific
case. Thus, the model proposed in [16] can be directly applied to solve the UCTP for a specific institution.
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Its application in this study to a public university on the East Coast of Malaysia not only reduces the time
and effort required to produce a complete university timetable, but more importantly, serves to validate
the applicability and practicality of the general model introduced. Basically, to address these challenges,
optimization methods for UCTP are broadly classified into two categories; exact and heuristic methods.
Figure 2 illustrates these commonly used methods along with examples of the different types of
constraints considered in UCTP.

Exact methods, including integer programming (IP) [17, 18, 19], mixed-integer programming (MIP) [20,
21, 22], and binary integer programming (BIP) [23], guarantee an optimal solution by exploring all
possibilities, but can be computationally intensive for complex problems. Meanwhile, heuristic methods,
such as simulated annealing (SA) [24], genetic algorithms (GA) [25], and tabu search (TS) [26, 27],
provide high-quality solutions with lower computational effort [28, 29]. These methods have been widely
applied in previous studies to solve UCTP. Building on these methods, Figure 3 shows the timeline of
research developments specific to one of the East Coast Malaysian public universities. The first model,
based on [30] serves as the foundation, followed by reformulations and validations by other authors,
which were applied in the current research. Therefore, this research is divided into two case studies:
case study 1 addresses actual university requirements, while case study 2 incorporates additional
lecturer and management preferences.

This paper is structured as follows: second section outlines UCTP requirements; third section presents
the formulated model; and the following sections detail its application to the case studies, and the final
section concludes the findings.
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Figure 3. The timeline of UCTP research at East-Coast Malaysian public university

University Course Timetabling Problem

The real data used to validate the model came from one of the East Coast Malaysian public universities
for the first semester of the 2017/2018 academic session. This university was selected because it
represents a typical Malaysian public university in terms of academic structure, institutional policies, and
resource limitation. Furthermore, the availability of complete and reliable real-world timetabling data
made it suitable for validating the proposed model under realistic operational conditions. The official daily
lecture hours usually begin at 8.00 AM and end at 7.00 PM and have been scheduled from Sunday to
Thursday. However, laboratory sessions are held from 2.00 PM until 5.00 PM, which take place on
Sunday and Monday, from 10.00 AM to 7.00 PM on Tuesday to Thursday. Courses are grouped into
three categories: elective courses, program core courses, and university core courses. Each course has
its specific attributes, like credit hours, lab and consecutive hour requirements, number of enrolled
students, and assigned lecturers. Each institution has its own set of requirements that need to be
considered when generating the course timetable. While some universities have similar scheduling
needs, others may have different requirements based on their academic structure, policies, and available
resources. In this research, we outline the specific requirements for the university of our focus as follows.

All lectures should be assigned to the respective time slot and room

Number of students cannot exceed the room capacity

Some time slots are unavailable for the assignment of lab

Some courses must be assigned according to their specific requirements for the room type

No student should attend more than one lecture in any time slot

No room should be used for more than one lecture in any time slot

No lecturer should teach more than one lecture in any time slot

Each lecturer cannot teach more than the limited number of their workload

Some lectures of the same course should be scheduled on the same day

0. Some lectures of the same course should not be scheduled on the same day except for some
courses

11. Some lectures of the same course should be scheduled consecutively

12. Lectures with a large number of students are to be scheduled simultaneously

13. Some time slots are unavailable for the assignment of any courses (break hours)

VYNGR WN=
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By addressing these requirements, this study ensures that the generated timetable is practical, efficient,
and suitable for real-world implementation. The problem is to assign the lectures to the available
resources. The dataset includes as below.

Table 1. The obtained data of East-Coast Malaysian public university

Data Collection

Course 508 courses

Lecturer 478 lecturers

Program 27 programs across 8 schools

Lecture 508 courses are divided into 2,895 lectures based on credit hours

Table 2. The available resources at East-Coast Malaysian Public University

Available Resources

Time slots 55 one-hour time slots (8.00 AM to 7.00 PM: Sunday to Thursday)
Rooms 141 rooms (72 lecture rooms, 69 laboratories)

Mixed-Integer Linear Programming

In this research, a general university course timetabling model proposed in [16] is applied to a real-world
dataset from an East Coast Malaysian public university. The model represents a general UCTP model
incorporating a wide range of institutional requirements with the aim of maximizing preferences in course
assignments. Out of the 24 constraints defined in this general model representing various UCTP
requirements, 13 are selected based on a thorough analysis of the intended institutional requirements
and academic preferences. The remaining constraints are excluded from this study. This strategic
selection ensures that the model is aligned with the university’s course timetabling requirements while
demonstrating the adaptability of the general modelling approach to different scheduling environments.
The notation used in the model is described as follows.

Table 3. The notation of UCTP model

Set and Indices

C Lectures offered
reR Room type of different capacities and facilities
lelL Lecturers
gea Student groups
teT Time slots available
deD Days of the week
cp€eC Laboratory courses
o Lectures that are taught by lecturer [, Vi e L
Cg Lectures that have the same student group g,vVg e G
Trunch Time slots for lunch break
T4 Set of time slots in day d,vd € D
H Set of lectures in pair (C,, , C,,) that needs to be assigned simultaneously in a time slot, V(C,,,C,,) € C
/ Set of lectures in pair (C,, , C,,) that needs to be assigned consecutively and in the same day,
V(Cp,Cpr) €C
o] Set of lectures in pair (C,, , C,,) that needs to be assigned on the same day, V(C,,,C,) € C
0’ Set of lectures in pair (C,, , C,,) that should not be assigned on the same day, V(C,,,C,) € C
Parameter
RC, Capacity of room, r
CS, Size of course, ¢
Unmax Maximum number of lectures per day scheduled for lecturer, [
Poir Lecturers’ preferences on having lecture, ¢ at time slot, t and room, r
Qcr Lecture, c are assign at room, r
Decision Variable
Xeer Classes, c, assigned to specific time slot, ¢, and room, r
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From the list of requirements in previous section, the constraints can be identified and clearly outlined.
These constraints serve as prior guidelines that ensure the generated timetable adheres to institutional
policies, academic regulations, and resource limitations. By explicitly defining these set of constraints,
the model can generate feasible and practical solutions that align with the university's operational
requirements. Hence, the purpose of these constraints is to guide the scheduling process toward creating
a timetable that is both efficient, adaptable and realistic.

Table 4. The mathematical equation for UCTP constraints

Constraints Index Domain Equation
ZZXW =1 ve (1)
t r
CSc - Xeer < RC Ve, Vi, Vr )
Xeer =0 vr (3)
CpEC tETyn
D Xegr =0 v(e,r) € Qe @
t
D, D Keer <1 vt, Vg (5)
CECy T
Z Xoer <1 vt vr (6)
CER
Z ZXCN =1 vt,vi (7)
ceC; r

Z z zxc,t,r < Unax vd, Vi (8)

ceCiteTg 7

Z Z(Xcm,t,r - ch,t,r) =0 V(¢ ) € 0,Vd 9

teTq 1
z Z(Xcm,t,r + Xeper) < 1 V(¢ cy) € 0',Vd (10)

teTy T
XCm,t,T - XCn,t+1,T = 0 V(Cm, Cn) € 1, Vt, Vr (1 1)
Z(Xcm.t.r - ch.t,r) =0 V(¢ ) € H,Vt (12)

T
> Xeep=0 ve,vr (13)
t€Tyun

Thus, based on all the listed constraints in (1) to (13), the university course timetable model can be
written as follows. The objective of the model is to maximize the overall satisfaction of lecturers’
preferences in assigning lectures to time slots and rooms. These preferences are represented by the
parameter P..,, where integer values range from 1 (least preferred) to 5 (most preferred). The data for
the parameter P, ., are generated randomly in AIMMS, with all preference levels distributed evenly
across the scale. The corresponding preference scale is defined as follows.
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e 1:least preferred

2: low preference

3: moderate preference
4: high preference

5: most preferred

Therefore, the formulation below combines both the hard constraints (institutional’ requirements) and the
soft constraint (lecturers’ preferences), resulting in a structured Mixed Integer Linear Programming
(MILP) model that can be solved using optimization tools.

Max Z = Z Z Z PoerXctr (14)
c t r

Subject to:
(1) to (13)
and,

X.:r €{0,1} Y, Vr, vt

The course timetabling problem is divided into two case studies: case study 1 and case study 2. Both
case studies use the same primary data and model, with the difference being the specific university
requirements and the demands of timetabling users in each case. Next section will cover the elaboration
for both case study 1 and case study 2, that includes the computational results for each case, and will
analyse the model's performance, respectively.

Case Studies

Case Study 1

The case that uses the same requirements as mentioned in previous section. In this case, all lectures
are assigned to suitable time slots from 8.00 AM to 7.00 PM on Sunday to Thursday. Accordingly, the
course timetabling model for case study 1 is formulated as presented in third section. The decision
variable X, , as defined in Table 3, represents the assignment of courses, ¢ to time slots, f and rooms,
r. Thus, C,T,and R denote the number of courses, time slots, and rooms, respectively. Lecturers’
preferences are represented by the parameter P, ..., with integer values from 1 (least preferred) to 5
(most preferred). These preference values are generated randomly in AIMMS, with an equal distribution
across all preference levels. The model is evaluated using the dataset described in the second section,
and AIMMS optimization software is employed to solve the proposed model.

Case Study 2

This case considers the same requirements as mentioned in case study 1, but with additional demands
and requests from the lecturers and top management of the university. Some of these requests involve
specific compulsory undergraduate courses, namely PAL3000 and BBB2000, which are taken by all
students in the programmes. Such demands and requests focus on time slots and rooms and can be
listed as follows.

e Lecturers of PAL3000 course requested that the lectures be held at the flat lecture rooms

e Lecturers of BBB2000 course requested the lectures are assigned in the morning sessions

e Previous Deputy Vice-Chancellor (DVC) of Academics requested all lectures and labs are
assigned in the morning sessions and completed by 1.00 PM every day

Therefore, this case study will consider the lecture hours from 8.00 AM to 1.00 PM, every day for the
assignment of lectures. The lecturers’ requests for specific time slots and rooms will be considered while
constructing the timetable in this case study. Hence, the course timetabling model for case study 2 can
be written as in last section, where the decision variable X, . ,- represents the assignment of course, ¢ to
time slot, t and room, r. The only differences between both case studies lie in the considered lecture
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hours and the inclusion of additional lecturers’ and management preferences, while the mathematical
structure of the model remains unchanged. The integer values range from 1 (least preferred) to 5 (most
preferred) are set for parameter P, ., which is the lecturers’ preferences on the allocation of lectures to
time slots and rooms. The values are distributed at uniformly random. The model is validated with the
dataset described in second section. The mathematical tool utilized to solve this model is AIMMS
optimization software.

Computational Results

Table 5 provides a comparative summary of the computational results for case study 1 and case study
2, highlighting some differences in solution quality and performance. Case study 1 achieved an optimal
solution with 0% gap between the best LP bound and the best solution. ‘Best LP Bound’ in AIMMS refers
to the LP objective value of the best outstanding node, whereas ‘Best Solution’ refers to the value of the
objective function for the best feasible solution discovered thus far. In optimization, the gap here known
as optimality gap which measures the relative difference between the best LP bound and the best
solution. It is commonly used to assess solution quality. Generally, the optimality gap is calculated as
below.
|Best LP Bound — Best Solution|

G %) = X 100
ap (%) |Best LP Bound|

Case study 2 faced unforeseen circumstances that will be further discussed in last section of
performance analysis, leading to a solution with a 38.29% gap, but maintained a solution close to 60%
of the optimal. This indicates that the model is still able to generate a high-quality timetable under
additional constraints and preference requirements. The solution obtained thus far corresponds to the
best feasible timetable identified by the solver during the current computation, before it reached the final
iteration. However, in the following section, this paper discusses how the model for case study 2 can be
adjusted to further improve the solution quality and aim for optimality. The AIMMS progress windows for
both case studies are presented in this section by providing further insight into the solver performance
and the solutions obtained.

Table 5. The comparison between computational results of case studies

Attributes Case Study 1 Case Study 2
Solver AIMMS with CPLEX 12.9 AIMMS with CPLEX 12.9
System Specification Core i7, 3.40 GHz, 16GB RAM Core i7, 3.40 GHz, 16GB RAM

Optimal Solution 14,081 10,190
Best LP Bound 14,081 14,091.97
Optimality Gap 0% 38.29%

Execution Solution obtained with 0% gap 40% relative optimality tolerance
Solution Quality Optimal solution achieved 60% close to optimal solution

Objective Maximized preferences with 0% gap Maximized preferences with 38.29% gap

Performance Analysis

Case Study 1

In case study 1, an optimal solution of 14,081 out of a possible 14,475 was achieved, where 2,622 out
of 2,895 lectures (90.6%, as shown in Figure 4) were assigned to the most preferred time slots and
rooms. Additionally, 6.4% of lectures were scheduled in preferred time slots, while 2.2%, 0.3%, and 0.4%
were allocated to no preference, not preferred, and least preferred time slots, respectively (Figure 4).
The timetable in Figure 7 confirms that all constraints listed in (1) to (13) were fully satisfied. (1) and (2)
ensured all lectures were assigned to suitable time slots and rooms without exceeding room capacity.
(3), (4), and (13) prevented lectures from being scheduled in unavailable time slots or rooms, ensuring
no lectures occurred during break hours (1.00 P.M. — 2.00 P.M.). Lab courses were assigned specific
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lab rooms, and no lectures or labs were scheduled after 7.00 PM, unlike previous university timetables
in the year of 2017/2018 due to limited resources. With the mathematical model developed in this study,
we were able to prevent assigning any lectures or labs after 7.00 PM compared to the timetable
generated by the university.

Both timetables were conflict-free due to (5), (6), and (7), ensuring that each resource (student groups,
rooms, and lecturers) was assigned only once per lecture. Constraint (8) limited lecturers to a maximum
of five hours per day. No lecturer exceeded their workload, as evidenced in Figure 8. (9) and (11) allowed
certain lectures or labs to be scheduled consecutively for two, three, or five hours in the same room,
while (10) prevented same-course lectures from being scheduled on the same day. For example, the
two-hour STM3201 (G1) lecture was scheduled from 9.00 AM to 11.00 AM on Sunday, with another one-
hour lecture on Monday from 6.00 PM to 7.00 PM (12) allowed simultaneous scheduling of courses with
multiple student groups but different lecturers, such as BIO3101, which was scheduled for groups G4
and G5 in separate rooms (BK 5-07 and KK 13) at the same time on Tuesday.
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Preferred Preference Preferred Preferred
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Figure 4. The percentage of the lecturers’ preferences for case study 1

Case Study 2

Initially, the model was solved without any adjustments, leading to a solution with a 38.29% gap. The
model achieved up to 60% optimality, which demonstrates that it is working effectively as intended. It
proves that the model is able to generate a practical timetable based on current demands and
preferences. The remaining percentage of optimality could be attained with more sufficient and
compatible facilities that are well equipped to handle and support complex data that require longer
computational times. In this case, an optimal solution of 10,190 out of a total of 14,475 (if all courses
were allocated to the most preferred time slot, with a range of 5 as the maximum) was achieved for the
total of lecturers’ preferences in the assignment of lectures to time slots and rooms. Figure 5 shows the
percentage graph of lecturers’ preferences on the allocation of lectures to suitable time slots and rooms
for case study 2. It shows that 36.6% and 19.4% of lectures are allocated to the ‘most preferred’ and
‘preferred’ time slots and rooms, respectively. The ‘no preference’, ‘not preferred’ and ‘least preferred’
time slots and rooms are respectively 16.5%, 14.4% and 13.2% of all lectures.

As a result, the generated timetable almost satisfies the lecturers’ preferences and simultaneously
adhere to the model’s requirements. Figure 9 and 10 present the examples of timetables generated by
the MIP model for a program and a lecturer, respectively. Based on Figure 9, all lectures were allocated
to the time slots and rooms without breaching the room capacities due to (1) and (2). The allocation of
lectures to unavailable time slots and rooms are avoided with (3), (4) and (13). No lectures are held
during the break hours and the labs are assigned to the slots specified in fourth section. The previous
DVC'’s request cannot be fulfilled for all lectures and labs as the resources (time slots and lecturers) are
limited. There is a total of 25 time slots for morning sessions per week. However, there are programs
that have more than 25 hours of lectures and labs per week. Therefore, it is impossible to allocate all
lectures and labs to the morning session only.
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Figure 5. The percentage of the lecturers’ preferences for case study 2

Hence, this study introduces adjustments to improve the model. These adjustments ensure a better
allocation of lectures to time slots and rooms while still considering lecturers’ demands and preferences.
To obtain a feasible solution, only program core courses for certain Schools are selected to be assigned
on the morning session. The other courses can be assigned to any time slot from 8.00 AM to 7.00 PM.
The timetable becomes more compact for both students and lecturers when the teaching period is
reduced. As a result, the revised model successfully achieves an optimal solution with 0% gap as shown
in Figure 6. As summarized in Figure 6 below, the model consists of 2,106,679 constraints and
4,720,636 variables, of which 4,720,635 are integer variables, indicating a large-scale MILP problem. A
total of 40,667,346 nonzero coefficients were involved, reflecting the high level of interaction between
variables and constraints in the model. The solver proceeded directly into the MILP phase, performing
478,015 iterations and exploring 3,362 branch-and-bound nodes before convergence.

The model achieved an objective function value of 14,206, with the Best LP Bound equal to the Best
Solution, resulting in an optimality gap of 0.00%, which ensures that the obtained solution is both feasible
and optimal. The solving time was 2,057,652.86 seconds, with a total computational time of 2,057,708.19
seconds, reflecting the computational complexity associated with the large problem size. During
computation, the solver used approximately 6,013.1 MB of memory, demonstrating stable memory
utilization for a model of this scale. Overall, these results highlight the practicality of the proposed model
and its capability to reach proven optimal solutions despite the large number of variables and constraints
involved. Therefore, Figure 6 illustrates the AIMMS progress window after the modifications.

Progress R x
Case L0 X
AIMMS University Course Timetabling (FY]
Math Program SolveLecturerPreference

# Constraints 2106679

#Variables 4720636 (4720635 integer)

#Nonzeros 40667346

Model Type MIP

Direction maximize

SOLVER CPLEX 129

Phase MIP

Rerations 478015 (Threads: 3)
Nodes 3362 (Left 0)
BestLP Bound : 14206 (Gap: 0.00%)
Best Solution 14206

SoMng Time 2057652.86 sec (Peak Mem: 21
Program Status : Optimal

Solver Status Normal completion

Total Time 2057708.19 sec
Memory Used 6013.1Md
Memory Free 39731.0Md

Figure 6. AIMMS progress window after lab period modifications

Furthermore, lecturers and students can use the free time after 1.00 PM for revision or research. Figure
9 shows one of the programs with more than 25 hours of lectures and labs. In this figure, there are no
core courses that are assigned after 1.00 PM on any given day. Meanwhile, some of the university core
courses, elective courses and labs are assigned after 1.00 PM. Other constraints are also met without
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any violation. The conflict-free timetable is a result of the (5), (6), and (7). The resources (student groups,
rooms and lecturer) are assigned with a lecture one at a time. As can be seen in Figure 10, the lecturer’s
workload is satisfied with (8). (9) and (11) assign lectures consecutively and on the same day. The
assignment of lectures of the same course to the different days is fulfilled with (10). Lectures with student
groups of the same program and year of study but have different lecturers are assigned simultaneously
by (12). The discussion above shows that all constraints in (1) to (13) are satisfied without any violation
even though the relative gap between the ‘Best LP Bound’ and the ‘Best Solution’ is 38.29%. To put it
another way, a timetable that is 60% close to the optimal solution is generated with all constraints in
previous section from (1) to (13) are met. It can be concluded that the relative gap only affects the
objective function, i.e. soft constraint of the model.

It causes a large number of lectures not to be assigned to the ‘most preferred’ and ‘preferred’
preferences. Assigning all lectures and labs to morning sessions proved challenging due to limited
resources like lab rooms and teaching staffs, making it difficult to achieve a 0% relative optimality gap in
a short time. A higher-specification and bigger memory size computer could have solved the problem
faster, but it was unavailable. To address this, the lab period was modified from the restricted morning
slots to 8.00 PM to 7.00 PM daily, giving AIMMS more flexibility in assigning lectures to time slots. The
same model can be used to solve the problem, but with some modifications to the lab period. This
adjustment enabled the system to achieve a 0% gap, as shown in Figure 6, improving the model’s ability
to meet lecturer preferences. An optimal solution of 14,206 out of 14,475 was achieved with a 0% gap
after modifying the lab period. Figure 9 and 10 provide examples of timetables for a program and a
lecturer after the adjustments.

The timetables in Figure 9 and 10 confirm that all constraints in third section of the paper starting from
(1) to (13) were met without violations, similar to those in Figure 7 and 8. The previous DVC's request
was partially satisfied, with program core courses assigned before 1.00 PM., except for one School.
University core courses, electives, and labs were scheduled until 7.00 PM. Despite modifying the lab
period, the timetable fulfilled lecturers’ preferences while adhering to model constraints. Compared to
the 38.29% gap in the previous explanation, the 0% gap resulted in a higher percentage of most preferred
allocations, showing that adjusting the lab period improved both feasibility and lecturer satisfaction.
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Day 12.00 pm 1.00 pm
Sunday
Monday
Tuesday
Break hour
Thursday
Figure 7. Optimized timetable generated by the MIP model in case study 1 for a program
Date 8.00 am 9.00 am 10.00 am 11.00 am - 12.00 pm 1.00 pm 2.00 pm 3.00 pm 4.00 pm 5.00 pm 6.00 pm
Sunday
Monday
Tuesday BREAK HOUR
Wednesday

Indicator for the types of lecture: Indicator for the assigned lecture:

Lectures of programme core courses STM3107 (G1) [ Course code (Student group)

Lab works MPRO [ Room for the assigned lecture

Lectures of university core courses

Figure 8. Example of lecturers’ timetable for case study 1
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Day Year 8.00 am 9.00 am 10.00 am 1.00am [ 12.00pm 1.00 pm 2.00 pm 300pm | 400pm | 500pm | G00pm |
1
2
Sunday 4
4
1
2
Monday
3
1
1
Tuesday 2
3
BREAK HOUR
1
1
2
Wednesday 3
1
1
2
Thursday
3
4

Figure 9. Optimized timetable generated by the MIP model in case study 2 for a program

9.00 am 10.00 am 11.00 am 12.00 pm 1.00 pm 2.00 pm 3.00 pm 4.00 pm 5.00 pm 6.00 pm

Sunday

Monday

BREAK
HOUR

Wednesday

Thursday

Figure 10. Example of lecturers’ timetable for case study 2
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Conclusion

This research investigated the applicability of a general MILP model proposed in [16] to solve the course
timetabling problem at an East-Coast Malaysian public university. From the 24 constraints available in
the original model, 13 were carefully selected to match the university’s operational and academic
requirements. Two case studies were conducted: case study 1 addressed standard institutional
constraints, while case study 2 incorporated additional requests from lecturers and management. Both
case studies were solved using AIMMS with the CPLEX 12.9 solver on a Core i7 computer with 16 GB
of RAM. The main contribution of this study lies in the successful adaptation and validation of an existing
general MILP model within a real-world university environment, demonstrating its ability to generate
conflict-free, compact timetables that satisfy both lecturers’ preferences and institutional policies. In
contrast to the 2017/2018 timetable, the proposed model eliminated lectures and laboratory sessions
scheduled after 7.00 PM, improving timetable practicality and usability for both students and lecturers.

The novelty of this work is reflected in the selective customization of constraints to accommodate
institution-specific requirements without reconstructing the original model structure, thereby maintaining
the generality of the model while enhancing its applicability in real-world settings. This highlights the
flexibility of the model in balancing standard scheduling rules with additional managerial and lecturer-
driven demands. From an impact perspective, this study demonstrates that a validated MILP timetabling
model can be effectively implemented as a scalable and automated decision-support tool for higher
education institutions, reducing manual scheduling effort while improving timetable quality and
stakeholder satisfaction. Future research may extend this work by incorporating actual lecturer
preferences instead of randomly generated data in AIMMS and integrating lab-specific scheduling
constraints to further enhance the flexibility and applicability of the model across diverse university
environments.
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