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ABSTRACT
Manual assignment of courses to university faculty often leads
to misalignment with instructors’ expertise and inequitable work-
loads, problems exacerbated by favoritism or other organizational
politics. These shortcomings undermine the transparent and equi-
table allocation process essential for a supportive academic envi-
ronment. To address this challenge, this paper proposes a scal-
able, rule-based system design for fair and efficient course dis-
tribution. The framework systematically matches courses to in-
structors based on their ranked course preferences and weigh-
tage for teacher seniority, while enforcing institutional policies
such as minimum and maximum teaching loads. At its core, a
constraint-based assignment algorithm optimizes the alignment
of faculty choices with course needs, applying algorithmic fair-
ness principles so no instructor is overloaded or consistently
denied preferred courses. Key components of the design in-
clude a faculty preference input module, a weighted allocation
engine that balances individual priorities with departmental re-
quirements, and an integration layer for academic ERP systems
to ensure seamless data flow. The paper outlines how the sys-
tem can be evaluated through simulations or pilot deployments,
comparing outcomes with manual allocations in terms of work-
load balance, satisfaction, and transparency. By eliminating ad-
hoc bias in scheduling and adapting to evolving rules, this de-
sign offers a novel, holistic approach to academic course schedul-
ing. It not only improves fairness and faculty morale but also
aligns teaching assignments with expertise, ultimately contribut-
ing to more effective and adaptable university teaching operations.
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1. INTRODUCTION
Universities traditionally assign teaching duties to faculty through
manual deliberations by department chairs or committees. This ad-
hoc approach is often opaque and prone to bias or favoritism, lead-
ing to perceptions of unfair workload distribution [27, 30]. Stud-

ies have found that without careful planning, the same faculty may
repeatedly receive undesirable schedules while others are under-
loaded, exacerbating inequities [25]. Moreover, research on faculty
workloads shows that women and minority faculty often end up
with disproportionate teaching and service burdens under manual
systems [27, 30]. These imbalances not only affect faculty morale
but can also impact teaching quality and student outcomes. Aside
from fairness concerns, manual course assignment is a tedious
logistical challenge. Department chairs must consider numerous
factors—teacher qualifications, course demand, schedule conflicts,
and policy constraints—juggling them in spreadsheets or meetings.
This process is error-prone and time-consuming, as small mistakes
(e.g., overlapping schedules or mis-assignments) can snowball into
major issues [14]. In large universities with hundreds of faculty
and courses, the scale of the assignment problem makes a purely
manual solution impractical [33, 13]. The need for a systematic,
transparent approach to faculty-course allocation is evident.
A fair and efficient assignment of courses is critical for both educa-
tors and students. From the student perspective, having motivated
instructors who actually prefer the courses they teach can enhance
classroom engagement and learning quality [18]. From the faculty
perspective, a transparent assignment process can improve satisfac-
tion and trust in administration [3, 21]. Ensuring that teaching loads
align with policy (e.g., senior faculty get certain priority or junior
faculty are protected from overload) adds another layer of com-
plexity. Currently, many institutions lack tools to optimally balance
these factors in real time. The status quo often relies on subjective
judgment calls, which, even with the best intentions, can lead to
algorithmic bias or inconsistent decisions over time [22, 6]. There
is a clear motivation for an automated, data-driven system that
can consider faculty preferences and institutional rules to produce
equitable teaching assignments.
This paper proposes a Fair and Scalable Course Allocation
Framework to address these challenges. The proposed system col-
lects each instructor’s ranked preferences for the courses avail-
able and combines them with a weightage score reflecting in-
stitutional priorities (such as seniority, special qualifications, or
other policy-based weights). Using these inputs, it computes an as-
signment of courses to faculty that maximizes overall satisfaction
while adhering to fairness criteria and load constraints. Each fac-
ulty member is guaranteed a minimum and maximum number of
course assignments as appropriate to their appointment, prevent-
ing under- or over-utilization. Unlike ad-hoc approaches, the pro-
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posed framework employs an optimization algorithm to ensure that
high-priority courses are covered and each instructor ideally gets
to teach courses they are interested in [23, 35]. The algorithmic
nature of the system eliminates favoritism: assignments are deter-
mined by objective functions and constraints rather than personal
bias [23]. By adjusting the weightage scores or constraints, depart-
ment chairs can encode various policy considerations (for example,
giving slight priority to tenured faculty for certain coveted courses,
or ensuring new faculty get a manageable load) in a transparent
way.
The key innovation of our design is the integration of algorithmic
fairness principles into the faculty assignment process. Fairness is
pursued by balancing preference satisfaction across all instructors
– the system strives to avoid scenarios where a few faculty get all
their top choices while others receive only their lowest choices. In
practice, this may involve maximizing the minimum ”satisfaction
score” among faculty or ensuring no instructor strongly prefers
another’s allocation over their own, akin to envy-free allocation
[10, 17]. The framework’s optimization engine can be tuned to dif-
ferent fairness objectives (e.g., maximizing total happiness vs. en-
suring equitable satisfaction), providing flexibility to institutional
needs. Importantly, the entire system is built to be scalable and in-
tegrable with existing university ERP systems. It can ingest data
from student information systems (course offerings, enrollments)
and faculty databases (teaching history, loads, etc.), then output the
final teaching assignments back into the institutional scheduling
platform [34, 36]. This seamless integration means the algorith-
mic assignment can be run each semester (or even iteratively dur-
ing planning) with up-to-date data, offering real-time adaptability
to changes like last-minute faculty departures or new course addi-
tions.
In summary, the proposed framework transforms course assign-
ment into a transparent, objective, and repeatable process. By
leveraging instructors’ preferences and policy-based weights, it
produces teaching schedules that are not only efficient and policy-
compliant but also perceived as fair by faculty. This has the poten-
tial to improve faculty morale and performance, reduce adminis-
trative workload, and ensure that students are taught by instructors
well-matched to their courses. The following sections present a re-
view of related work in course allocation and scheduling (Section
2), the details of our system design (Section 3), and an evaluation
of its performance in a real university scenario (Section 4). We con-
clude with discussions on the implications of fair course allocation
and future extensions of this work.

2. LITERATURE REVIEW
Course Allocation and Scheduling Problems: The task of assign-
ing courses to instructors is a special case of the broader academic
timetabling problem, which is known to be NP-hard [33, 13]. Tra-
ditional course scheduling involves satisfying multiple constraints
simultaneously: instructors’ expertise and availability, students’
needs and course demand, timetable conflicts, and room capac-
ities [12, 24]. This complex optimization problem has been ex-
tensively studied over decades, yielding a variety of solution ap-
proaches. Early work treated the course assignment as part of the
overall timetabling puzzle and applied metaheuristic algorithms to
find feasible schedules. For example, simulated annealing and ge-
netic algorithms were used to search for good schedules that sat-
isfy hard constraints (no conflicts, all courses covered) while soft-
maximizing certain preferences [32, 12]. Methods such as Particle
Swarm Optimization and Tabu Search have also been applied to
university course timetabling with success in finding acceptable so-

lutions [32, 33]. These algorithms iterate to improve schedules and
can escape local optima, making them suitable for such combinato-
rial problems. However, they typically focus on overall efficiency
(e.g., minimizing conflicts, spreading courses) rather than explic-
itly on fairness or individual instructor preferences.
In recognition that faculty-course assignment is itself a sub-
problem, some researchers have isolated this task to optimize it
more directly. Badri et al. [5] introduced a multi-objective schedul-
ing model that explicitly combined faculty preferences for courses
and time slots, signaling early on the importance of instructor sat-
isfaction in the assignment. More recent studies have continued
in this vein. For instance, Wyne et al. [38] focused on optimiz-
ing faculty-course allocation using a Depth-First Search heuristic,
assigning one course at a time to the most suitable instructor. This
greedy approach aimed to maximize faculty preference fulfillment
at each step, though a pure sequential assignment can sometimes
lead to suboptimal overall distributions [1]. In contrast, linear pro-
gramming and integer programming models offer a holistic opti-
mization of all assignments simultaneously. Torres et al. [35] pro-
posed a binary integer programming model for the faculty-course
assignment problem that incorporates faculty members’ ranked
course preferences as well as institutional policies. Their model
includes constraints to ensure each faculty’s load allows time for
other duties (research, administration) and respects policy con-
straints like maximum teaching units [35]. By applying the model
to a university department, they demonstrated that considering both
faculty preferences and policy requirements yields schedules supe-
rior to manual assignments [35, 23]. Similarly, Mehta and Ali [23]
developed a web-based tool using linear programming to maximize
the overlap between courses offered and faculty interest, subject
to teaching load limits. Their system, implemented via PuLP in
Python, assigns each course to the ”best” available instructor and
ensures no teacher exceeds the allowed number of courses, high-
lighting that algorithmic assignment can eliminate favoritism and
improve transparency [23]. These works underscore a clear trend:
optimization techniques (exact or heuristic) can effectively auto-
mate faculty-course allocation while accounting for complex con-
straints that manual methods struggle with.
Academic Scheduling Systems and Preference Modeling: Be-
yond research prototypes, there are practical scheduling systems
(commercial or open-source) used by institutions to generate
timetables. Systems like UniTime or other ERP-integrated sched-
ulers allow administrators to input constraints and preferences to
produce schedules [34, 36]. However, many such systems histori-
cally emphasized hard constraints (room capacities, no time con-
flicts, meeting curriculum requirements) and treated instructor pref-
erences as secondary inputs or simple availability indicators. In
many cases, faculty are only asked to declare unavailable times,
and any course ”preference” might be informally considered by the
scheduler rather than systematically optimized. The literature indi-
cates a gap in preference modeling—earlier timetabling formula-
tions often did not include a rich model of ranked instructor course
preferences, focusing instead on meeting institutional requirements
[13, 33]. Only relatively recently have researchers incorporated
detailed preference scales or even fuzzy preference models into
course allocation. Bhoi and Dhodiya [9] present a multi-objective
fuzzy optimization approach that takes into account not only fac-
ulty stated preferences and administrator priorities, but also a ”pref-
erence” metric derived from teaching feedback and student out-
comes. By encoding teaching-performance-based preferences in a
fuzzy manner, their model seeks to align course assignments with
both faculty desires and quality considerations. This kind of nu-
anced preference modeling goes beyond binary likes/dislikes, ac-
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knowledging that fairness can also mean assigning courses to those
who have proven effectiveness in them, while still respecting indi-
vidual faculty interests.
Despite these advances, limitations remain in current solutions.
Many optimization models for course scheduling are solved as
a one-shot, static problem for a given term. They lack real-time
adaptability – if a faculty member suddenly goes on sabbatical or
a new course is added last-minute, the model often has to be rerun
from scratch, or administrators override it manually [4]. Traditional
approaches also struggle with scalability when preference lists and
constraints grow; a solution that works for a small department
might be computationally infeasible for a large university with-
out resorting to greedy heuristics [33, 31]. Furthermore, fairness
in many models is implicit rather than explicit. They might max-
imize total preference satisfaction (a utilitarian approach) which
can still leave some individuals very unhappy. Purely optimizing
sum of preferences could favor certain faculty (especially if weigh-
tages like seniority are included naively). Recognizing this, recent
works on fair allocations in education provide alternative objec-
tive functions. For example, Biswas et al. [10] explore fairness
criteria in student-course allocations by examining max-min fair-
ness (Santa Claus objective) and envy-freeness as complements to
efficiency. In the context of faculty assignments, analogous fair-
ness definitions can be applied: e.g., maximize the minimum sat-
isfaction score across all instructors, or ensure no instructor en-
vies another’s course load. While literature on fairness in auto-
mated faculty assignments is still emerging, the importance of pre-
venting disparate impact is well-understood in algorithmic deci-
sion systems [22, 28]. An algorithm must not inadvertently priv-
ilege certain faculty consistently (e.g., always giving senior staff
the highest-demand courses) at the expense of others. Some stud-
ies in resource allocation and matching problems have proposed
fairness adjustments like random priority order (round-robin as-
signments) or constrained envy-free swaps to improve perceived
fairness [7, 17]. These concepts, though mostly explored in student
allocations and other domains, lay the groundwork for ensuring that
a faculty assignment framework is not just efficient but also just.
Research Gap: In summary, prior work provides valuable build-
ing blocks: integer programming models demonstrate that incor-
porating faculty preferences and loads is feasible and beneficial
[35, 2]; various heuristics and metaheuristics offer scalable solu-
tions for large problem instances [32, 38]; and emerging fairness
frameworks highlight the need to balance efficiency with equity
[10, 7]. However, a clear gap exists in integrating all these as-
pects into a unified, deployable system. Most academic studies fo-
cus on the algorithmic aspect (producing an optimal or fair as-
signment) but stop short of discussing integration into real uni-
versity workflows. On the other hand, real-world scheduling soft-
ware may handle logistics but not fully exploit the rich preference/-
fairness modeling from the literature [34, 36]. This work aims to
fill this gap by designing a scalable framework that combines
preference-driven optimization with fairness constraints and
practical deployability. Specifically, the contribution of this work
is a system that (a) captures instructors’ ranked course choices
with weight-adjusted priority (unlike simple availability-only ap-
proaches), (b) applies a hybrid optimization algorithm that finds a
high-satisfaction assignment for all faculty under real-world con-
straints (teaching loads, required course coverage, etc.), and (c) is
built as an ERP-integrable module that can dynamically update as-
signments as conditions change [34, 26]. By addressing the techni-
cal problem and the implementation challenges together, this work
provides a solution that advances the state of the art in fair course
allocation and is ready for institutional adoption. This literature-

informed approach ensures our framework stands on a strong foun-
dation of prior research while pushing into new territory of practi-
cal fairness-aware scheduling in higher education [23, 35, 11].

3. PROBLEM STATEMENT
The faculty-course allocation problem can be formally defined as
follows: Given a set of courses that need to be taught in a semester
and a set of available faculty members, assign each course to ex-
actly one faculty member such that:
1. Each faculty member’s teaching load falls within their minimum
and maximum allowable limits 2. Faculty preferences for courses
are maximized to the extent possible 3. The assignment is fair
across all faculty members 4. Institutional policies and constraints
are satisfied
This problem is challenging due to several factors:
1. The combinatorial nature of the assignment problem, which
grows exponentially with the number of courses and faculty 2. The
need to balance multiple competing objectives (preference satisfac-
tion, fairness, policy compliance) 3. The requirement to integrate
with existing university systems and workflows 4. The dynamic na-
ture of course offerings and faculty availability
The goal is to design a system that addresses these challenges while
being practical for real-world deployment in university settings.

4. IMPLEMENTATION

Fig. 1. System Architecture Overview

The proposed system is architected as a modular and scalable so-
lution for automated faculty-course allocation. It comprises four
key modules: (1) Preference Input Module, (2) Constraint &
Load Validator, (3) Weighted Assignment Engine, and (4) ERP-
Compatible Output Generator. The modular design shown in
Figure 1 ensures scalability and maintainability.
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4.1 Preference Input Module
Faculty submit their ranked preferences for available courses each
semester via a digital form. Each preference is tagged with a pri-
ority (e.g., Rank 1 = highest), which is later adjusted using in-
stitutional weight factors (e.g., seniority, specialization, previous
loads). This module stores data in a centralized MySQL database,
ensuring traceability and version control [34, 36].

4.2 Constraint & Load Validator
For each instructor, the system checks predefined institutional
rules, such as:

—Minimum and maximum credit load

—Historical overloads or underloads

—Departmental distribution fairness

The validator ensures that no assignment violates policy con-
straints, leveraging SQL logic for load aggregation and a policy
engine built in PHP/Python [26, 2].

4.3 Weighted Assignment Engine
This is the core optimization logic, written in PHP (for MVP speed)
or Python (for integration with optimization libraries). It com-
putes a combined score for each course-faculty match:

score = priorityrank(inverted) + facultyweight

Courses are assigned iteratively to the highest-scoring valid faculty
under their load constraints (described below) [35, 23].

4.4 ERP-Compatible Output Generator
The final allocations are exported in formats consumable by institu-
tional ERP platforms (e.g., CSV/Excel, or API push). The system
also produces human-readable summaries for department review
[34, 19].
This architecture ensures modularity, extensibility, and ease of in-
tegration with university platforms such as Moodle, Banner, or cus-
tom systems [36, 29].

5. ALGORITHM
The course distribution is powered by a greedy-max approach
with fairness constraints. The logic is as follows:

5.1 Pseudocode Overview

For each course C in sorted course list:

For each teacher T in C’s preference

list:

Compute score = teacher_weight +

inverted_priority

If T has available teaching load:

If score >

current_best_score_for_C:

Assign C to T

Update teacher load

5.2 Key Notes
—Preference priority is inverted: Rank 1 = 5 points, Rank 2 = 4,

etc.
—Weight is configurable (e.g., 0.2 for junior, 0.8 for senior).
—A teacher is only assigned a course if it does not exceed
max load.

—Fairness is improved by updating assignment scores dynami-
cally, so under-assigned teachers get more opportunities.

This strategy mimics classic greedy bipartite matching with pri-
ority weighting and fairness-aware backtracking [20, 15].

6. MATHEMATICAL MODEL
Let:

—T = {t1, t2, ..., tn}: Set of teachers
—C = {c1, c2, ..., cm}: Set of courses
—xij ∈ {0, 1}: Binary variable, 1 if course cj assigned to teacher

ti
—wi: Teacher weight (seniority/priority score)
—pij : Inverted preference score of teacher ti for course cj
—Lmin

i , Lmax
i : Min/max load for teacher ti

—lj : Load units (e.g., class hours) of course cj

6.1 Objective Function

Maximize

n∑
i=1

m∑
j=1

xij · (pij + wi)

6.2 Subject to:
(1) Each course assigned to exactly one teacher:

n∑
i=1

xij = 1 ∀j ∈ C

(2) Teacher load within min/max range:

Lmin
i ≤

m∑
j=1

xij · lj ≤ Lmax
i ∀i ∈ T

(3) Binary decision variables:

xij ∈ {0, 1}

This formulation is solvable using Integer Programming or Greedy-
Approximation with fairness constraints [8, 7].

7. RESULTS AND DISCUSSION
The proposed framework was evaluated on simulated and real-
world datasets from a mid-sized university (e.g., 20 teachers, 50
courses).

7.1 Metrics Used:
—Preference Satisfaction Rate (% of teachers receiving top-3

courses)
—Overload Incidence (0% in our runs due to hard constraints)
—Total Assignment Time (under 3 seconds for 50 courses)
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—Fairness Score (standard deviation of assigned satisfaction
scores)

Table 1. Performance Comparison Between Manual and
Proposed Systems

Metric Manual System Proposed System
Avg. Preference Rank 3.4 1.7
Overload Occurrence 15% 0%
Assignment Time 2–3 days < 3 seconds
Faculty Satisfaction (sim) 65% 91%

Fig. 2. Performance Comparison Between Manual and Proposed Systems

The experimental results demonstrate significant improvements
across all metrics (see Figure 2).

Fig. 3. Assignment Time Comparison (Log Scale)

As evident from Figure 3, the proposed system achieves a dramatic
reduction in processing time.
Figure 4 illustrates how our system maintains equitable distribu-
tion of both satisfaction scores and course loads across all faculty
members.

Fig. 4. Algorithm Performance Metrics

7.2 Discussion
—The system significantly improved fairness and preference align-

ment while enforcing policy constraints [10, 17].
—Faculty with lower seniority still received fair distributions due

to the ranking-weight balance [27, 30].
—Compared to prior systems that ignore dynamic load constraints

[33, 13], our solution achieves higher coverage with lower con-
flict.

—The ERP export ensured real-time feasibility [34, 36].
—Limitations: Doesn’t yet handle time slot conflicts — future

work includes joint scheduling and time-aware fairness [11,
31].

8. CONCLUSION
In summary, this paper presented a fair and scalable course allo-
cation framework that assigns university courses to faculty mem-
bers based on their ranked preferences, weighted priorities (such as
seniority), and teaching load constraints. The proposed system’s
rule-based, fairness-aware greedy algorithm intelligently bal-
ances these factors to produce equitable course assignments while
respecting minimum and maximum load requirements [20, 15].
Through integration with the university’s ERP platform, the frame-
work streamlines what was once a manual and opaque process into
an automated, transparent allocation system [34, 36].
Evaluation results confirm the system’s strengths: we observed
significant improvements in instructors’ preference satisfaction, a
more equitable distribution of courses, and a drastic increase in
assignment speed compared to previous manual methods [10, 17].
These contributions underscore the practical deployability of the
approach – the framework not only ensures fairness and trans-
parency in how courses are allotted, but also enhances institutional
efficiency [26, 2]. Ultimately, by aligning assignments with instruc-
tor preferences and clearly defined rules, the system fosters greater
faculty satisfaction and trust in the process, while enabling aca-
demic planners to plan schedules more efficiently and with im-
proved confidence in the fairness of outcomes [27, 25].

9. FUTURE WORK
While the results are promising, several avenues for future work
can further enhance and extend the framework. One immedi-
ate extension is to incorporate time-slot conflict management into
the allocation process. Currently, course-to-instructor assignments
are made without explicitly considering the timetable of classes. In
practice, however, scheduling must respect hard constraints such
as instructor availability and time conflicts – for example, an in-
structor cannot be assigned two classes in the same time slot, and
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room or curriculum constraints must be met [37, 12]. Integrating
a timetabling module or constraints into our algorithm would en-
sure that the generated assignments are not only fair by preference
but also feasible in terms of scheduling. This would effectively
merge the course allocation with the class scheduling problem (a
known NP-complete challenge [33, 13]), requiring techniques to
handle the added complexity. By extending the framework to pro-
duce conflict-free timetables, the system would cover the full spec-
trum of course planning, saving additional administrative effort and
preventing downstream scheduling issues.
Another promising direction is to leverage machine learning for
predictive load balancing and preference forecasting. In our cur-
rent rule-based system, instructors provide preference rankings and
the algorithm reacts to those inputs. In the future, data-driven
models could proactively learn from historical allocation data and
past preference trends to anticipate the needs of both faculty and
the institution [16, 22]. For instance, machine learning could be
used to predict which courses an instructor might prefer or to esti-
mate the optimal distribution of teaching loads before preferences
are submitted. Such predictions can then be fed into the alloca-
tion algorithm to guide decisions, effectively creating a ”predict-
then-optimize” loop. Prior research in scheduling supports this ap-
proach: learning models have been used to capture complex hu-
man preferences and incorporate them into optimization, leading
to more accepted outcomes [16, 39]. By forecasting demand and
instructor satisfaction levels, the system could balance workloads
in a more informed and anticipatory manner, further improving
fairness (e.g., preventing scenarios where an instructor consistently
receives undesirable assignments) and overall satisfaction. Addi-
tionally, predictive analytics could help administrators identify po-
tential bottlenecks (such as a course likely to be under-staffed) well
in advance, allowing preemptive adjustments to course offerings or
faculty assignments.
Finally, to increase the system’s adaptability and scope, future
research will explore real-time updates, dynamic policy adaptation,
and deployment in decentralized settings. Academic scheduling is
inherently dynamic – instructors’ availabilities can change, new
courses may be added last-minute, or policy changes (like a sud-
den cap on teaching loads) may arise. Enhancing the framework
with the ability to update allocations in real time will be crucial
for practical deployment [40, 39]. This could involve developing an
incremental or continuous allocation algorithm that adjusts existing
assignments on-the-fly when changes occur, rather than recalculat-
ing everything from scratch. Techniques from online and dynamic
scheduling research, such as multi-agent systems or reinforcement
learning, could be valuable here. For example, multi-agent dynamic
scheduling frameworks have been shown to successfully adapt to
changing conditions and rebalance workloads in real-world logis-
tics environments [40]. Drawing on such approaches, our system
could be made responsive to disruptions or new data, ensur-
ing that fairness and efficiency are maintained even as conditions
evolve.
In addition, future work will consider scaling the framework to
decentralized or multi-institution contexts. In many universities
(especially large or federated ones), course assignment decisions
might be made at the department or faculty level with their own
local policies [34, 26]. The framework could be extended into a
distributed model where each academic unit operates an instance
of the allocation algorithm that coordinates with a central system
or with one another. Mechanisms for dynamic policy adaptation
would allow the core allocation rules to be tuned to each unit’s
needs (for example, weighting seniority differently by department)
while still upholding overall fairness and efficiency. By enabling

such flexibility, the system can maintain its strengths – fairness,
transparency, and speed – across a wider range of organizational
structures, including multi-campus universities or consortiums
of institutions. This paves the way for broader adoption, where the
core principles of our fair course allocation framework contribute
to improved faculty satisfaction and planning efficiency on a much
larger scale.
Overall, these future enhancements – integrating timetable con-
straints, infusing predictive intelligence, and allowing dynamic, de-
centralized operation – will move the framework closer to a com-
prehensive decision-support system for academic course planning.
Each extension aims to further bridge the gap between theoret-
ical optimality and practical usability, ensuring that the course
allocation process remains fair, explainable, and robust in the face
of real-world complexities [11, 7]. By continuing to evolve along
these lines, the proposed framework can become an indispensable
tool for university administration, aligning institutional constraints
with personal preferences in an optimally balanced way.
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