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ABSTRACT

Efficient lecturer-to-course assignment is crucial for ensuring both faculty satisfaction and
optimal teaching outcomes in higher education institutions. This study presents an advanced
optimization model based on the Modified Hungarian Method (MHM) to address this challenge
by integrating lecturers’' preference levels and competency scores. While previous research has
primarily focused on the traditional Hungarian Method (HM), limited attention has been given
to its modified version. Moreover, the incorporation of preference-competency-based criteria
in lecturer assignments is still lacking. To bridge these gaps, this study develops a mathematical
programming approach to refine the MHM framework. The proposed model, called the
Preference-Competency Multi-Objective MHM (PC MO-MHM), aims to achieve two key
objectives: maximizing lecturers’ preferences and maximizing lecturers’ competencies.
Competency is assessed across three elements: knowledge, skills, and teaching motivation.
Data were gathered through an online survey involving Mathematics lecturers teaching
undergraduate courses at the public university in Malaysia. By utilizing the collected data on
preference levels and competency scores, the PC MO-MHM model was implemented using
MATLAB’s intlinprog function to generate an optimized lecturer-to-course assignment plan,
limiting each lecturer to a maximum of three courses. The findings highlight that the PC MO-
MHM model effectively determines the most suitable course assignments based on lecturers’
preferences and competencies. The enhanced MHM framework provides a practical tool for
optimizing course-teaching assignment planning. The model potentially not only improves
teaching quality but also minimizes mismatches between lecturers and courses, fostering better
academic outcomes and increased faculty satisfaction. Ultimately, this study contributes
towards refining lecturers’ assignment processes, paving the way for more effective and
efficient resource management in academia.
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1. Introduction

Assignment problem concerns the optimal allocation of a set of resources, such as people,
vehicles, machines, or computers, to a set of jobs or tasks, typically aiming to maximize total
profit, benefit, efficiency, or reliability, or minimize total costs, time, or effort. The assignment
problem may involve a balanced assignment problem, where the number of resources equals
the number of jobs. Otherwise, the problem is called an unbalanced assignment problem. The
assignment problem, which is a combinatorial optimization problem, is usually formulated as
a Mathematical Programming (MP) model, such as linear programming, 0-1 programming, or
integer programming model based on an efficient method in Operations Research called the
Hungarian method. Manually solving an assignment problem is often time-consuming, while
mistakes might occur. Thus, solving the assignment problem using the Hungarian method and
the MP model can help to find the optimal solution in less time while minimizing errors.

Assignments of lecturers to courses to be taught are a classic assignment problem
occurring in higher education institutions, aimed at balancing the lecturers' load and matching
them with courses suitable for their teaching based on certain criteria. Many lecturer-to-course
assignment problems have been tackled using MP models and the Hungarian method. However,
existing approaches are still lacking in addressing the complex interaction between lecturers’
preferences and competencies for the courses being assigned. In addition, with increasing
student enrollments and a growing variety of courses, institutions also frequently encounter
imbalances between available lecturers and course demands. This issue highlights the need for
advanced approaches such as the Modified Hungarian Method (MHM), which provides a more
effective solution for handling unbalanced assignment problems. While prior studies have
primarily focused on HM, limited attention has been given to the potential of MHM in lecturer-
to-course assignments. Although HM is effective in achieving balanced assignments and
allocations, it struggles in scenarios where resources, such as the number of lecturers and
available courses, are mismatched. To the best of our knowledge, this study is the first to apply
the MHM optimization model specifically in this context (Ibrahim et al., 2024). Moreover, past
research has typically considered either lecturer preferences or competencies in isolation,
overlooking the advantages of integrating both.

Furthermore, existing MP models that incorporate competency and preference as dual
objectives are still lacking. Another challenge in lecturer-to-course assignments arises from the
varying levels of expertise among lecturers across different Mathematics courses, which further
complicates the allocation and assignment process. Mathematics courses were chosen because
Mathematics is considered essential for advancing Malaysia’s national agenda and is
recognized as a fundamental subject across all levels of education (Selamat et al., 2025). This
paper introduces an enhanced MHM model to address these challenges, particularly dealing
with the unbalanced assignment problem. The proposed Preference-Competency Multi-
Objective MHM (PC MO-MHM) model is designed to achieve two main objectives which are
to maximize the lecturers’ preference levels based on preference scores and to maximize the
lecturers’ competency scores based on courses. Through these two objective functions, the
proposed model ensures that lecturers are assigned to courses that best suit their expertise while
meeting their preferences. Maximizing the lecturers’ preferences and competencies can
contribute to enhancing teaching effectiveness and academic quality.

2. Literature Review

Assignment of lecturers to courses in higher education is a complex process that requires
balancing institutional requirements on courses offered with lecturers’ preferences and
competencies. Traditional methods, such as manual assignment or the Hungarian Method (HM)
introduced by Kuhn (1955), provide effective solutions for balanced datasets. However, these
methods often face limitations in unbalanced scenarios where the number of lecturers and
courses is not equal. The traditional HM also lacks the flexibility to integrate multidimensional
factors such as preferences and competency, which can be considered crucial for optimizing
lecturer-course assignments. The Modified HM (MHM), through additional constraints and
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objectives, is well-suited for handling unbalanced assignment problems. Despite this strength,
the utilization of MHM in lecturer-to-course assignments is still lacking. Previous studies that
used MHM have primarily focused on either lecturers’ preferences or competencies
individually, rarely integrating both. Although multi-objective optimization techniques such as
goal programming have demonstrated the advantages of considering multiple factors, their
practical implementation in academic settings has been limited due to computational
complexity and challenges in interpretability.

Matching lecturers to courses based on preference levels and competency scores is
essential for effective educational management, in ensuring optimal resource allocation and
enhanced teaching quality. The lecturer-to-course assignments’ optimization involves
distributing resources (lecturers) to jobs (courses to teach) to maximize objectives such as
minimizing cost, such as differences in teaching loads of lecturers, or maximizing instructional
effectiveness, where, for example, a lecturer is given three or more different courses to teach in
one semester. Lecturer competency, as highlighted by Latip et al. (2020), directly influences
student satisfaction and academic performance, while preferences, including scheduling
considerations and subject expertise, contribute to lecturer satisfaction and teaching efficiency.
The HM model for lecturers’ assignments has been primarily implemented for a balanced
assignment problem setting. For example, Solaja et al. (2020), who applied the HM, have
demonstrated that aligning lecturer assignments with institutional needs improved teaching
effectiveness in Nigerian institutions. Similarly, Kabiru et al. (2017) utilized HM with LINGO
software to generate optimal staff-course schedules, while Udok and Victor-Edema (2023)
validated HM’s effectiveness in postgraduate Mathematics and Statistics course allocations
through manual calculations. Research by Wattanasiripong and Sangwaranatee (2021) and
Ahmed et al. (2022) leveraged HM-based approaches to optimize lecturer-to-course
assignments, enhancing decision-making efficiency and teaching quality. The Course and
Lecturer Assignment Problem Solvation (CLAPS) process at a tertiary institution is discussed
by Mallick et al. (2021), where the authors assign several courses to an equal number of
faculties, which leads to the least expensive allocation and assignment for the lecturer-course
assignment problem. Nevertheless, despite its wide applications, HM remains limited in
addressing unbalanced assignment problems, necessitating the adoption of more advanced
models. These studies, which used HM, typically assume equal numbers of lecturers and
courses, overlooking unbalanced scenarios where MHM would be more appropriate.

The MHM model has been successfully applied in various fields in solving the
optimization of the unbalanced assignment problem. For instance, Zhang et al. (2021) utilized
MHM in multi-agent pursuit evasion, while Wei et al. (2022) employed it to enhance federated
learning in wireless networks. In IoT systems, Liu et al. (2021) and Ge et al. (2020) applied
MHM to optimize subchannel allocation, whereas Mukherjee and De (2023) used it for resource
allocation in 5G networks. Despite its effectiveness, MHM has not yet been explored for
lecturer-to-course assignments. This study is the first to introduce MHM in this context,
proposing five variants of the MHM model to optimize lecturer allocations. These models focus
on maximizing either lecturers’ preferences, competency scores, or both, utilizing goal
programming techniques to address multiple objectives (Ibrahim et al., 2024). Among the
proposed models, the novel Preference-Competency Multi-Objective MHM (PC MO-MHM)
model is designed specifically for unbalanced lecturer-to-course assignments. This proposed
model is a bi-objective model which pursues two objective functions: to maximize the lecturers’
total preference scores and to maximize the lecturers’ total competency scores measured based
on knowledge, skills and teaching motivation. Unlike traditional HM-based approaches, the PC
MO-MHM model employs the preemptive goal programming (GP) method to optimize based
on the priority levels for the goals (objective functions), thus through a sequential procedure.
The first objective function has the highest priority, the second objective function becomes the
second-priority goal, the third becomes the third-priority goal, and so on. In PC MO-MHM,
maximizing the lecturers’ total preference scores is the priority goal, whereas maximizing the
lecturers’ total competency scores is the second priority goal. The model ensures that lecturers’
preferences are maximized while ensuring that the preferences do not neglect lecturers’
competency in teaching the assigned courses. Having the lecturers’ preferences satisfied as
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much as possible can contribute towards lecturers’ satisfaction, while having courses assigned
based on preferences to these lecturers must also adhere to their competency or expertise in
teaching those courses. In other words, it is important to meet both the lecturers’ satisfaction
and the goal of maintaining or enhancing the quality of teaching of those courses. Table 1 shows
the summary of relevant past studies on HM and MHM models.

Table 1. Past Studies of Hungarian Method (HM) and Modified Hungarian Method (MHM) models

Hungarian Method Modified Hungarian Method (MHM) model
(HM) model
Authors Area of Authors Area of Application
Application
Kabiru et al. (2017) Staff-subject Elsisy et al. Fuzzy Assignment
(2020) problem

Solaja et al. (2020)

Assign lecturers to
courses

Ge et al. (2020)

Internet of Things
(IoT)

Wattanasiripong and
Sangwaranatee (2021)

Assign lecturers to
courses

Liu et al. (2021)

Internet of Things
(IoT)

Mallick et al. (2021) Assign lecturers in Zhang et al. Assignment of
different faculties (2021) Redundant Pursuers
to courses

Ahmed et al. (2022) Assign teachers to Wei et al. Federated learning
classes (2022) training

Udok and Victor- Assign lecturers to Mukherjee and Device-to-Device

Edema (2023) postgraduate De (2023) (D2D) Multicasting
courses

Mixed Integer Linear Programming (MILP) models have been commonly employed in
past studies to solve assignment problems. For example, Hanafi et al. (2024) proposed a MILP
model to deal with the Exam-Invigilator Assignment Problem in Universiti Pertahanan
Nasional Malaysia (UPNM). The model was solved using an algorithm implemented in XPress
MP and a better solution and more efficient and effective resource utilizations were obtained.
MILP was used by Cua et al. (2024) for the assignment and scheduling of healthcare workers,
where worker skill levels and shifts were considered. The model minimizes the total costs and
the optimal schedule found was validated through a scenario analysis. A Mixed Integer Goal
Programming (MIGP) model refers to a multi-objective MILP with more than one objective
function considered and some but not all the variables are constrained to be integer valued. The
MIGP model is often solved using a certain goal programming (GP) approach. Shuib and
Ibrahim (2021) proposed a MIGP model for the Vehicle Routing Problem with Time Windows
(VRPTW) for optimal routes of blood collecting vehicles to adhere to all time windows for
collection at blood donation sites. The model pursues four goals, namely, to minimize total
distance traveled, to minimize total travel time, to minimize total waiting time of vehicles and
to minimize the number of vehicles (routes). The model was solved using the preemptive GP
technique, with results that include a reduced number of vehicles used. Haroune et al. (2023)
utilized the MIGP model to produce an optimal schedule for a multi-project scheduling problem
under shared multi-skill resource constraints. The model minimizes the total weighted tardiness
and the undesirable goal deviations. Employees are assigned to projects with fixed percentages
of time, in which all projects must be completed within the desired time horizon. A local search
and tabu search (TS) algorithm are proposed to tackle large-scale instances where high-quality
solutions are achieved.

3. Methodology
This study is structured into four key phases: data collection and analysis, development of the
enhanced MHM model, computational experiments and result analysis. Data were gathered

from March to August 2023 through an online survey involving 39 Mathematics Department
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lecturers, covering 35 undergraduate courses. Each lecturer assessed their competency in three
elements, namely knowledge, skills and teaching motivation for every course. The following
are the respective Likert scales for each of the preferences and three elements of competency

of lecturers for each course, shown in Tables 2, 3,4 and 5.

Table 2. Likert Scale for Lecturer’s Preferences for a Course.

Scale Description Justification
1 Strongly This course has never been taught, learned, or exposed to before.
Unpreferred
2 Unpreferred This course has never been taught (only learned in university, self-
taught, etc.).
3 Preferred This course has been taught before.
4 Strongly Have attended training (MATLAB, MAPLE, LINGO, etc.) for
Preferred this course.
Table 3. Likert scale for the lecturer’s Knowledge competency of a Course.
Scale Description Justification
1 Beginner Has a basic level of knowledge.
2 Competent A person who has the knowledge, advanced than a beginner but not
yet proficient.
3 Proficient A person who is highly competent but not yet an expert.
4 Expert Subject matter expert recognized by virtue of credentials, training,
education, profession, publications, or experiences.
Table 4. Likert scale for the lecturer’s Skills competency of a Course.
Scale | Description Justification
1 Basic Has a basic level of skills, which is expected to have some knowledge
of the specified activity and its terminology and concepts.
2 Capable Can carry out standard relevant tasks confidently and consistently
without supervision.
3 Accomplished | Can carry out complex, specialist, or non-standard tasks confidently
and consistently.
4 Authoritative | Widely recognized as an authority, external peers and by others in the
organization for the knowledge and experience that have been
demonstrated.

Table 5. Likert scale for the lecturer’s Teaching Motivation competency of a Course.

Scale | Description Justification

1 Basic Has a basic level of skills, which is expected to have some knowledge
of the specified activity and its terminology and concepts.

2 Capable Can carry out standard relevant tasks confidently and consistently
without supervision.

3 Accomplished | Can carry out complex, specialist, or non-standard tasks confidently
and consistently.

4 Authoritative | Widely recognized as an authority, external peers and by others in the
organization for the knowledge and experience that have been
demonstrated.
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The data analysis phase involved computing the average preference levels and competency
scores for each lecturer-to-course. Preference levels (p) were converted into percentages, with
a score of 1 corresponding to p;; = 0.25, a score of 2 to p;; = 0.5, a score of 3 to p;; = 0.75,
and a score of 4 to p;; = 1. Similarly, Competency scores q;; were categorized based on the
average score across the three competency elements. The classification is shown in Table

Table 6. Average Competency Scores.

Score Average Competency (q;;)
1 0<gq;;=<025
2 0.25 < q;; = 0.50
3 0.50 < ¢q;; <0.75
4 0.75 < ¢q;; < 1.00

To derive these values, the sum of scores for the three competency elements for each course
was divided by 12 (the maximum possible sum), resulting in a value between 0 and 1. For
instance, if Lecturer SA1 received scores of 2 for knowledge, 4 for skills and 3 for teaching
motivation, the average competency score was calculated as:

Since this value falls within the range 0.50 < q;; < 0.75 , the final competency score for
Lecturer SAT was assigned as q;; = 0.75 (Score 3). For both scores of preferences and
competency of one lecturer to one course can be shown, for example, Lecturer SA1 has a score
of course MAT422 with p;; = 1 (Score 4) and q;; = 0.75 (Score 3). The expansion of the
MHM optimization model was carried out in Excel using the collected preference levels (p;;)
and competency scores (q;;) as coefficients for the objective functions. The input matrices
generated from the Excel model were subsequently used to solve the model in MATLAB
utilizing the intlinprog function. The primary objectives of the enhanced MHM model are to
maximize lecturers' preference scores and maximize the competency scores of lecturers in
course assignments as a second objective. The formulation of the enhanced MHM model is
presented as follows.

The MHM Model for Preference-Competency Multi-Objective (PC MO-MHM Model)

Our study has developed five variants of the enhanced MHM model for the lecturer-to-course
assignment problem, in which one of them is the MHM model for maximizing preference and
maximizing competency scores of lecturers, which is a dual objective (PC MO-MHM model).
The PC MO-MHM model formulation is as follows.

PC MO-MHM Model Formulation

Notation — Sets, Indices, Parameters and Input Variables:

m : number of lecturers (m = 39)

n number of courses (n = 35)
I={1,..,m} : index for lecturers, i € I
J={1,..,n} : index for courses, j €]

bij : lecturer i preferences to get course j

qij : lecturer i competency to get course j

X _ {1, lecturer i is assigned course j

Y 0, otherwise
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ZZPUXU (1)

Maximize Z;

iel jej
Maximize Z, = Z Z ij%ij )
iel jej
subject to
1SZXUS3 ,ngj (3)
iel
1SZXUS3 ,VLGI (4)
jeJ
xijf{o.l} ,Viel; Vje] (5)

Model Description

The objective function is presented in Equation (1), which is to maximize the lecturers’
preference, while the second objective function, Equation (2), is to maximize the competency
of lecturers for courses. Constraint (3) is to ensure that a lecturer i should be assigned to at least
one and at most three courses. On the other hand, Constraint (4) guarantees that a course j must
be assigned to at least one and at most three lecturers. Finally, Constraint (5) presents the
restriction on the value of decision variables, in which the binary decision variables only take
binary values of either 0 or 1.

Before solving the PC MO-MHM model using MATLAB, the model’s expansion was
carried out to determine vectors and matrices, which are the parameters of the MATLAB
intlinprog. These vectors include vectors of the objective function coefficients (f) and the right-
hand side (RHS) of inequality constraints (b). Matrix denotes the technology matrix or
coefficients of the inequality constraints (A). Input vectors and matrices of MATLAB
intlinprog are as shown in Figure 1.

= Workspace
E Name Value(DimenSion)
-
SHia 149x1365 double
3 1] ans 1
o B2 b 149x1 double
g = ) FX"TS] 02 double : Value ¢f the objective
% ia [fval -,82 — function of PCJMO—MHM
= ] intcon Ix1365 double model
11b 1365x1 double

g & options 1x1 Intlinprog
S | output 1

1Jub 1365x1 double

1 X 1365x1 double

Figure 1. MATLAB Workspace for PC-MHM model.

The third phase, Computational Experiments, involved solving the expanded model using
MATLARB?’s intlinprog solver. The input matrices and vectors generated in Excel were used as
parameters for the solver, ensuring precise computation of the optimization problem. The final
phase, analysis of results, focused on evaluating the output from MATLAB to determine the
effectiveness of the enhanced MHM model in optimizing lecturer-to-course assignments.
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Figure 1 provides an overview of the input matrices and vectors used in the computational
process, emphasizing the reproducibility and robustness of the methodology.

4. Results and Discussions

Table 7 presents the list of Mathematics courses offered by the Mathematics Department of the
university. The MATLAB intlinprog generates optimal solutions, which contain the objective
function value (fval) and the values of the decision variables x;;which has either a value ‘1’ or
‘0’. Note that the objective functions of PC MO-MHM are to maximize the preferences and
maximize the competency score of lecturers for courses. The fval value for the PC MO-MHM
model is as shown in Figure 1, which is -82. Note that MATLAB's default is to minimize the
objective function; thus, the command is to minimize the negative of the objective function of
PC MO-MHM. Thus, the maximum preferences and competency score of lecturers for courses
is 82. The values of “1’s and ‘0’s obtained from MATLAB intlinprog are transferred to an Excel
spreadsheet to better illustrate the assignment of each lecturer to courses.

Table 7. List of Mathematics Courses.

No. First Year Courses No. Second Year Courses No. Third Year Courses
1 MAT402(Business 13 MAT480(Further 25 MATS570(Mathematics
Mathematics) Differential Equations) Economics)
o | MAT406(Foundation |y o1\ 1491 (Caleulus 1) 26 | MAT571(Real Analysis)
Mathematics)
MAT415(Discrete MAT49.5 (Partial MATS575(Introduction to
3 Mathematics) 15 | Derivatives and 27 Numerical Analysis)
Approximation Methods) " Y
4 | MAT417(Mathematics) | 16 | MATS12(Number Theory) | 28 | WA1>/8(Mathematical
Methods)
MAT522(Ordinary MATS580(Further
S | MAT421(Caleulus 1) 17 Differential Equations) 2 Differential Equations)
MAT422(Mathematical MAT523(Linear Algebra MAT583(Applicd
6 | Logic and Proving 18 30 .
. 1)) Numerical Methods)
Techniques)
7 MAT423(Linear 19 MAT525(Coding and 31 MAT612(Partial
Algebra I) Cryptography) Differential Equations)
MAT631(Complex
8 MAT435(Calculus for 20 MATS530(Introduction to 3 Analysis with
Engineers) Mathematical Modelling) Computational
Applications)
MATA438(Foundation MATS531(Advanced MAT 652(Algebraic
9 | of Applied 21 Mathematical Modelling) 33 Structures)
Mathematics) athematical Modelling uctures
10 | MAT441(Caleulus 11y | 22 | MAT338(Applicd 34 | MAT633(Fuzzy Set
Mathematics) Theory)
MATA455(Further
11 | Calculus for 23 | MAT560(Vector Caleulus) | 35 | “AT668(Graph Theory
. with Applications)
Engineers)
12 MAT472(Foundation 24 MAT565(Advanced
of Mechanics) Differential Equations)

The results obtained are displayed in Table 8, where each lecturer is assigned one to three
courses, while each course can only be taught by not more than three lecturers. Based on Table
8, lecturers SA3, SA4, SA13, SA21 and SA26 are assigned only one course each, while SA7
and SA10 are assigned two courses. The remaining lecturers, including SA1, SA2 and so forth,
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have been assigned three courses each. The results reflect that courses have been assigned to
suit the preference levels and competency scores (scores obtained based on Knowledge, Skills
and Teaching Motivation). Besides that, it is also found that this optimal solution of lecturers
to course assignments also displays that these courses reflect the areas of expertise of the
lecturers. Table 8 also summarizes the lecturer-to-course assignments of all the lecturers
involved.
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Table 8. The result from MATLAB for the Courses of Each Lecturer.

Cowses[ 1 | & | 3 | & B [ 6 [ T8 TR [T B[ ¥ H] %[ 7 [ 8] &al]d][# [ &8 5]%|#]|#]8[H] 02885

Lesturers |MAT 402 MAT406 MAT 475] MAT4IT| MATE| MAT422 MAT4Z3IMAT 435MAT Ig IMET441|MAT iﬁWTd-?ng iﬂ MAT41| MAT4S5 MATSIZ M.ﬂg IMATS2 MAT&QW.TS‘J‘D M#.T531I IMATE3| MATEEIMAT 565 MATSI0] MATETIMAT STEMAT EQMM 5§M#.T§MMSEPMT GHIMAT 852 MATEY3) MATE6

il
g i . i
-
584
[ S&6
85
A

1 course - 2 courses - 3 courses
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Table 9. Result of Lecturer to Course Assignment Based on PC MO-MHM Scores
Lecturer Courses Lecturer Courses
SA1l MAT422 | MAT495 | MAT522 SA21 MAT 583
SA2 MAT 415 | MATS530 | MAT570 SA22 MAT441 | MAT491 | MAT538
SA3 MAT 455 SA23 MAT406 | MAT422 | MAT491
SA4 MAT 565 SA24 MAT423 | MAT441 | MAT523
SAS MAT 578 | MAT 580 | MAT633 SA25 MAT530 | MAT531 | MAT560
SA6 MAT 402 | MAT 438 | MAT522 SA26 MATS531
SA7 MAT560 | MAT 583 SA27 MAT417 | MAT 435 | MAT 455
SAS8 MAT421 | MAT 435 | MAT633 SA28 MAT 472 | MAT525 | MAT633
SA9 MAT 480 | MAT512 | MATS531 SA29 MAT 472 | MAT512 | MATS525
SA10 MAT 438 | MAT538 SA30 MAT495 | MAT 580 | MAT 612
SA11 MAT 578 | MAT 612 | MAT 631 SA31 MAT422 | MAT571 | MAT 631
SA12 MAT406 | MAT417 | MAT 575 SA32 MAT441 | MAT522 | MAT570
SA13 MAT 415 SA33 MAT 402 | MAT 480 | MAT668
SA14 MAT423 | MATS523 | MAT560 SA34 MAT 438 | MAT530 | MAT538
SA15 MAT423 | MAT 435 | MAT523 SA35 MAT525 | MAT 575 | MAT668
SA16 MAT417 | MAT491 | MAT 612 SA36 MAT 402 | MAT 565 | MAT570
SA17 MAT 415 | MAT571 | MAT 652 SA37 MAT 480 | MAT 565 | MAT 580
SA18 MAT 472 | MAT 652 | MAT668 SA38 MAT406 | MAT 578 | MAT 583
SA19 MAT512 | MATS571 | MAT 631 SA39 MAT421 | MAT 455 | MAT495
SA20 MAT421 | MAT 575 | MAT 652

Table 9 shows the compilation of results shown in Table 8. Examples of the optimal assignments
include for instance, Lecturers SA3, SA4, SA13, SA21 and SA26 are assigned only one course, which
is MAT455 (Further Calculus for Engineers), MAT565 (Advanced Differential Equations), MAT415
(Discrete Mathematics), MATS583 (Applied Numerical Methods) and MATS531 (Advanced
Mathematical Modelling), respectively. Meanwhile, some lecturers have been assigned with two
courses. For example, Lecturer SA7 is assigned two courses, namely MATS560 (Vector Calculus) and
MATS583 (Applied Numerical Methods), while Lecturer SA10 is assigned MAT438 (Foundation of
Applied Mathematics) and MAT538 (Applied Mathematics). Lecturers can be assigned up to three
courses. For instance, Lecturer SA1 is assigned MAT422 (Mathematical Logic and Proving
Techniques), MAT495 (Partial Derivatives and Approximation Methods) and MAT522 (Ordinary
Differential Equations), whereas Lecturer SA2 is assigned MAT415 (Discrete Mathematics), MATS530
(Introduction to Mathematical Modelling) and MAT570 (Mathematics Economics). Several lecturers
are also assigned to teach courses at various levels of the undergraduate program, with lecturers like
SA17, S20, SA28, SA30 and SA31 assigned to the first digit of the code (4, 5 and 6), where code
represents the year, the course is offered, which is the first year, second year or third year of
undergraduate program. This suggests extensive experience and competence among these lecturers.
Conversely, lecturers such as SA3, SA13, SA23, SA27 and SA39 specialize in first-year courses,
whereas SAS5, SA11, SA19 and SA35 focus on second and third-year courses, demonstrating their
adeptness in higher-level Mathematics. Overall, this structured assignment of courses to lecturers
based on preferences and competency ensures a better learning experience for students and supports
faculty development, highlighting the importance of a strategic approach to lecturer-to-course
assignments within the Mathematics department.

Conclusion

This study examines the assignment of lecturers to courses using the MHM model, which integrates
both preference and competency scores to enhance assignment efficiency. The findings highlight the
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complexity and importance of optimizing lecturer assignments in higher education institutions. To
address this challenge, the study proposes an enhanced MHM optimization model, referred to as the
Preference-Competency Multi-Objective MHM (PC MO-MHM) model, which strategically
incorporates lecturer preferences and competencies to improve assignment outcomes. The model's
objective function aims to maximize preference and maximize the competency scores of Mathematics
lecturers. The results highlight the need for a systematic assignment approach to ensure balanced
workloads, comprehensive course coverage and alignment with lecturers’ expertise. By adopting the
PC MO-MHM model, institutions can implement continuous evaluation mechanisms to enhance
decision-making in academic resource management. Future research could further refine this model
by incorporating additional factors, improving scalability and exploring the applications to optimize
both lecturer performance and student learning outcomes.
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