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Abstract

The course cancelation problem (CCP) is one of the main problems of the
university timetabling process. The problem usually occurs when the academic
registry at the university cancels a course section for violating the "minimum
number" hard constraint which refers to the minimum number of students enrolled
in the course section. CCP is common within the universities in which the
timetable is created before the student registraion process strats.

This paper discusses the development of a multi-classifier machine learning-
based approach for course section cancellation risk estimation. The approach
analyzes the enrollment historical data of the university to identify the common
features of the canceled sections. These features include the course, section time-
slot, the number of students who are eligible to take it, and the lecturer. These
features are then associated with section cancellation status. The resulted dataset is
fed into a multi-classifier component to predict the risk level of the section
cancellation. The proposed approach aims to advice the academic departments in
preparing the timetable of the upcoming academic term to avoid including the high
risk courses in the time table which ,in turn, is expected to inance the stabilty of
the time table by minimzing the number of canclection cases.

Results have shown that the proposed approach has achieved 85% classifying
accuracy in identifying the cancelation risk level of sections before including them
in the timetable. The classifying accuracy is expected to improve with the growth
of the data volume. Also, using different gives the approach the dynamicity to use
the most accurate classier to achieve the highest accuracy based on the provided
case.
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1- Introduction

Timetabling is one of the key tasks in the enrollment process in the
universities as the course offering must be ready for the students every
academic term brfore they start their study. Usually, the academic
departments prepare the course timimtable in collaboration with the
academic registry to ensure it is convenient for the students, complying
with the academic plan and the university policy. However, the credit hours
system adopted by different universities over the world requires that the
student have the right to select the courses offered by the university based
on their preferences of the class time and lecture. This requires, usually, to
offer different sections of the same course with different timeslots and/or
different lecturers to give students enough flexibility on their choices.
Moreover, the timetable must also be compatible with the lectures'
specialties and availability. Preparing a suitable timetable that meets all
these requirements might sound simple at the theoretical level, but it is more
complicated in practice as such it must satisfy the students, lecturers, and
university constraints including the academic plans and other academic and
financial constraints.

Due to the prolonged global financial hardship, financial modeling has
become a critical factor at all levels in university planning, in general, and in
course offering in particular. To minimize cost, the course offering process
often applies a strict section cancelation policy that identifies a minimum
number of student enrollments, referred to as the threshold, required to
survive section cancelation. The threshold is identified based on different
factors such as the nature of the course (lecture-based or lab-based), the
program level (BSc, Masters, Ph.D.), the course role in the academic plan
(mandatory or elective), and the course’s level (university, faculty or
program).

Such policy helps the university minimizing the teaching cost, but it
causes problems for the students and the academic departments due to
regular cancelation of significant sections. The cancellation usually happens
in the early weeks of the academic term. This causes a huge disturbance
since the students need to look for an alternative section, or even a course, to
replace the canceled section. Even though, this might go smoothly in some
cases, finding the alternative often involves complexities related to
resolving conflicts in sections timeslot. In some other cases, the situation
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becomes more complicated especially with the students who are graduating
on that term or the following one as they need to apply for permission to
take a course that is not part of their academic plan and it is the
responsibility of the academic department to identify which course to take.
This leads to a shift of the actual start of the learning and teaching process
as the timetable takes two to three weeks to stabilize.

University Course Timetabling Problem (UCTTP) is an optimization
problem that occurs every semester .( Asmunim,2015) (Babaei, Karimpour
& Hadidi,2015). The goal of the university course timetabling problem
(UCTTP) is to create a timetable in which all events are assigned to a set of
predefined timeslots and rooms in such a way all constraints (hard and soft)
are satisfied .( Babaei, Karimpour & Hadidi,2015). A set of events include
the subsets: courses, students, and lectures. Constraints have two categories;
hard and soft. Hard constraints refer to those conditions that must be met
such as minimum and maximum number of students in the class and there is
no tolerance for violation. Soft constraints refer to those constraints that are
preferred to satisfy to make the timetable more efficient such as minimizing
the time gaps between students' classes or minimizing the distance between
the rooms for students .( Asmunim,2015) (Babaei, Karimpour &
Hadidi,2015).

Course/section cancelation problem (CCP) can be defined as the
situation in which the academic registry at the university cancels a course or
a course section because of the violation of one of the hard constraints
which is usually the minimum number of students enrolled in the course.
This problem is quite common in the university in which the timetable is
created before the enrollment process. In this case, course sections are
offered and assigned to timeslots and lectures before students enrollment,
Consequently, the students have the choice to select the courses based on
their preferences under the condition of satisfying the academic plan
constraints such as the prerequisites and the maximum number of courses
taken of each requirement type in the academic plan of the student's
program. This margin of selection freedom often leads to a lack of
enrollment in some sections due to the tendency of students to avoid certain
time slots (early morning and evening), lectures, or courses. These sections
are usually canceled especially if didn't achieve the minimum number of
students which causes a significant distribution for the teaching process as
the students in the canceled courses start to look for other courses to enroll
again. Course cancellation usually takes place after the first week of the
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semester. This leads to a delay in the actual start of the teaching process and
long queues of students asking for the advice of the academic departments.
Another complication of this problem is that the academic departments in
many cases must reassign lecturers to courses to meet the academic load of
each lecturer in the department.

In the light of the above, providing an effective approach to help the
academic departments in preparing an optimal course offering that meets the
student's requirements and minimizes the number of the canceled sections
has become imperative.

This paper discusses the development of multi-classifier machine
learning- based approach for course's section cancellation risk estimation.
The approach analyzes the enrollment historical data of the university to
identify the common features of the canceled sections. Such features may
include the course itself, section-time slot, the number of students who are
eligible to take it, the lecturer. These features are then with section
cancellation status. The resulted data set then is red into a multi classifier to
predict the likelihood of the section cancellation. The proposed approach
aims to assist the academic departments in preparing the timetable of the
upcoming academic term by predicting the likelihood of the section
cancellation before including it in the timetable. This in turn is expected to
minimize the number of the canceled section.

2- Related Work

The ACTTP has been studied extensively and several researche have
attempted to provide efficient solutions. However, due to the high
dimensionality of the problem together with a variance of the rules applied
in different countries and universities, providing a comprehensive approach
that can overcome all subproblems sounds nonrealistic which makes this
research area still lacking.

One of the earliest attempts to solve this problem used graph coloring
problem in 1967(Welsh,1967). The graph coloring-based approach was
further developed to solve the timetabling problem using a non-directional
graph to prevent the conflict in the timetable (Werra,1985). To reduce the
number of resulted graphs a separated graph was used on separate students'
groups (Selim,1988). This method has been modified to direct the vertices
and edges of the graph to common courses to create a uniform distribution

of the courses (Amal & Mayez,2010).
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Another graph-based approach has been proposed using genetic
coloring to find the least colors of the graph (Asham, Soliman&
Ramadan,2011). A genetic algorithm has been proposed for maximizing the
number of enrolled students in the course using bipartite graphs (
Long,2019). A modified grouping-based algorithm has been proposed to
solve the course timetabling problem (Kralev, Kraleva& Kumar,2019).

The integer programming(IP) method is used to split the timetabling
into two subproblems: timetabling and grouping. An IP-based heuristic
approach was applied to the two groups until finding the optimal timetable
(Aubin,Ferland,1989). Another IP-based method was introduced to solve the
timetabling problem. The method aimed to produce the best fit timetable by
allocating a set of courses to a lecturer, groups of students, and timeslots (
Daskalaki,Birbas & Houso0s,2004). An IP-based relaxation method was
proposed to create an optimal timetable on two steps (
Daskalaki,Birbas,2005). The courses with one timeslot were timetabled in
Step.1 while the courses with more than one timeslot were timetabled in
Step.2. The IP has also been used to improve the rule finite and constraint
satisfaction in timetabling ( Bakir & Aksop 2008). Lecturer university
timetabling was looked at as an NP-hard problem ( Luisa&
Meurant,2020)and both algorithms were evaluated on this base. Genetic
Algorithm was shown to outperform Hybrid Genetic Algorithms-Hill
Climbing in finding the optimal solution. (Yusoff,Roslan,2019).A binary
integer programming formulation has been used to solve the university
timetabling problem( Erim Chung & Kim,2019).

Constraint satisfaction programming (CSP)has also been used to solve
the time baling problem. A constraint-based approach has been integrated
with a genetic algorithm to find the optimal timetable ( Deris, Omatu &
Ohta,1999). In another research, the object-oriented approach and
constraint-based reasoning have been combined to find an optimal timetable
(Deris,Omatu,&0Ohta,2000).In more recent research, constraint satisfaction
programming has been used to find the objective function to allocate
resources required for an optimal timetable[19](Lixi, SimKim,2005). A
Constraint satisfaction (CS) model was introduced in (Lixi, SimKim,2005)
to automatically construct the university timetable. The model uses the
university constraints such as the academic plan, time slots lecture
availability to produce the timetable. A list of hard and soft problems
relating to university timetabling was provided in ( Herres, Schmitz,2019).
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The list included different problems such as the time overlapping and the
lecturer's double booking.

Other researchers adopted a heuristic Approach. For example, in the
Greedy Randomized Adaptive Search Procedure (GRASP), a maximum
flow partial solution and simulated Annealing were integrated to find the
optimal university timetable ( Lixi&SimKim,2005). The introduced
componential model was developed using the second International
Timetabling Competition (ITC-2007). A meta-heuristic algorithm was
integrated with a non-dominated sorting genetic algorithm to find the best
solution for the timetabling problem ( Al-ghamdi,2012). The education
quality measure was used as a base for the solution selection. The education
quality included different factors such as the teaching capabilities of
lecturers, student counseling, and tutorials time during the day. The
Simulated Annealing ( Kirkpatrick,Gelatt&Vecchi,1983) was used to
optimize the Reheating (SAR) ( Goh, Kendall& Sabar,2017) algorithm to
find the optimal solution for the post-enrollment course problem. The
introduced approach started with finding a feasible solution first then
optimizing that solution ( Goh, Kendall& Sabar,2019). Ant colony
optimization (ACO) algorithm has been used to optimize the university
timetabling. The algorithm was applied on Faculty of Informatics and
Computing (FIC) datasets and achieved an acceptable accuracy level in
assigning the offered courses to the available time slots (Mazlan, Makhtar&
Ahmad Khairi,2019). A Genetic Algorithm was introduced in (Mazlan,
Makhtar& Ahmad Khairi,2019) for the timetabling problem. The algorithm
was designed to increase the convergence rate of the new schedule. An
extensive computational experiment was conducted on the International
Timetabling Competition ITC-2007 data set ( Gllci& Akkan,2020). In their
experiment, the researchers applied a multi-objective simulated annealing
(MOSA) algorithm to achieve the optimal solution for the soft constraint
problem. Tabu search based approaches for timetabling were proposed in
(Gaspero & Schaerf 2001) (Abdalla,Obit&Alfred,2019). The proposed
approaches used the diversification of the neighborhood to find the optimal
solution. The approach focused on reducing the number of potential
solutions to speed up the optimization process.An agent-based framework
for the university course timetabling was proposed in (
Abdalla,Obit&Alfred,2019). The framework used distributed multi-agent
system based on integer programming. The approach consisted of a central
agent that is coordinating between the other agents to find the optimal
solution. A model-driven approach has been proposed to solve the time
tabling problem ( Eke.,et al 2019). The approach used a model-driven Ul to
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generate an initial solution then give the user the ability to adjust the
solution.

Recently, machine learning has been used for university timetabling
problem. A naive Bayesian approach was proposed to identify preferred
timeslots by lecturers to resolve the soft constraint (Tharwat,2018). Support
Victor Machine and Leaner Regression were both used for feature extraction
and selection to identify the hard and soft constraints. Neural Network was
integrated with the heuristic approach for better performance in the
class/teacher timetabling problem (CTTP) ( la Rosa-Rivera.,et al 2020).
Fuzzy logic has been used to solve the problem of course timetabling. A
fuzzy c-mean based approach has been introduced to handle the uncertainty
in clustering students' courses in a weekly program. The approach reduced
conflict in the student's preferences and class time ( Asmuni.,et al 2020).
Another research ( Rachmawati& Srinivasan,2005) proposed a hybrid fuzzy
approach to students' projects. The approach used an objective satisfaction
method for assigning students to projects. A fuzzy genetic heuristic has been
applied to the University course timetabling problem (
Chaudhuri&De,2010). The genetic heuristic has been used to match the
events(classes) with the features while the fuzzy sets have been used to
handle the soft constraints' violation. In another research, A fuzzy genetic
algorithm has been integrated with local search to solve UCTP (Kohshori &
Abadeh,2012 ). The fuzzy genetic algorithm has been used to produce the
optimal timetable and the local search for improving the efficiency of the
algorithm. Fuzzy logic has been integrated with a local search algorithm to
address the ambiguity in soft constraints of the timetable and the local
search was used to find the optimal  solution (
Babaei,Karimpour&Hadidi,2019). In another research ( June ..et al 2020),
the fuzzy logic has been integrated with a sequential constructive algorithm
to optimize the course timetable. Fuzzy logic has been used expand produce
multiple sequences that are normalized to find the best sequence. Fuzzy sets
have been used in modeling the violations of the soft constraints (
Perzina&Ramik,2013). The sets were incorporated in a self-learning genetic
algorithm with indirect representation to produce a low-cost optimal course
timetable.
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3- The Proposed Approach and its Results.

As shown in Figure(1), this paper proposes a multi classifier machine
learning based framework to support the decision of the academic
departments in building the timetable. It uses the classifiers to identify the
cancelation risk level of the suggested course sections during the timetable
construction process. The aim of using different classifiers is to maximize
classifying accuracy. This can be achieved by evaluating the accuracy
performance of different classifiers first. Consequently, the classifier with
the highest accuracy performance is selected.
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Figure 1: The Proposed Approach
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1.1  Dataset Extraction and Preparation.
1.1.1 Data Collection

In this step, a dataset is collected from the university enrollment and
registration databases. The collected data may include data related to the
number of the students who are eligible to take each course, the minimum
number of students allowed for each course section, the academic plan for
each academic program, the average number of sections canceled for each
lecturer in the past, the average number of sections that have been
previously canceled for each course and the status of each course section in
the time table history.

The proposed framework has been developed, trained, and evaluated
based on real data collected from MU academic registry system databases.
The dataset used in this study has been extracted from the Mutah University
(MU) enrollment records focusing on the data of the canceled course'
sections over the last 5 years. The dataset consisted of 5000 records and
included data on the timetable history, lectures, courses, and academic plans
of the academic programs.

MU is one of the largest public universities in Jordan. It has been
founded in 1981 to be the first university in the southern part of Jordan. MU
encompasses two wings; Military and Civilian. The Civilian wing contains
14 colleges: Arts, Business, Law, Social Sciences, Social Sciences,
Educational Sciences, Sport Sciences, Medicine, Pharmacy, Nursing,
Engineering, Science, Information Technology and Agriculture. The
university offers 56 academic programs on Bachelor, Master, and Doctorate
levels. The university has around 18,000 students currently enrolled in all
programs.

Like the other Jordanian universities, MU adopts the credit hour system
in which each credit hour equates to three class hours per week throughout
the academic semester which spans over 16 weeks. Each program has an
academic plan that defines the program requirements and their
dependencies. The program completion requirements are released in the
form of courses which are of different requirement types such as university-
level mandatory, university-level elective, college-level mandatory, college
level elective, program level mandatory, and program level elective. Each
requirement type has a specific number of credit hours that should be
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completed successfully by the students to graduate. The academic plan
defines course dependencies by enforcing a prerequisite mechanism by
which the student can't enroll in a course until he/she completed (either
successfully or unsuccessfully) the prerequisite in a previous semester.

1.1.2 Dataset Prepossessing and construction

In this step, the collected data is processed and prepared for training the
classifiers. In our case, the dataset consisted of six features (predictors) and
one target as shown in Figure (2).

Student to Cap Ratio
Class Timeslot

Lecturer  Cancelation HHI:> Section
Score Cancelation Risk

Course Cancelation
Score

Course Importance

Figure (2) Predictors — Target

The table below describes how these features have been constructed
and calculated

Table (1) Features Values Calculation
FEATURE | DESCRIPTION VALUE GUIDE

Represents the scaled ratio between the
number of students who are eligible to | 1: High (=<02)
The student | take the course. (according to_the 2: Medium (01<
1 to Cap | program academic plan constraints) X <02)

Ratio and the minimum number of students

to keep the section according to the | 3: Low (01>= X)
university policy.
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1: Early (08:00-
Refers to the time of the day in which | 10:00)
, |Class the section is scheduled. This feature | 2: Middy (10:00-

Timeslot can take one of three values.: Early, é4|?§t)e (14:00
Middy or Late. 18:00)
This is a score of the cumulative
number of sections that were canceled | , ,,. , ,_

Lecturer for the lecturer in the past. It is a scaled 1. High (=<02)

Score

3 Cancelation

ratio between the number of the
sections canceled for the lecture and
the average number of the section
canceled for lectures across the
university.

2: Medium (01<
X <02)

3: Low (01>= X)

Course

Score

4 Cancelation

This is a score of the cumulative
number of sections that were canceled
of a specific course in the past. It is a
scaled ratio between the number of the
sections canceled for the course and the
average number of the section canceled
for courses across the university.

1: High (=<02)

2: Medium (01<
X <02)

3: Low (01>= X)

Course
Importance

This is a scaled weight of the
importance of the course for the
students in the academic plan and takes
its value based on the type of the
requirement the course belongs to in
the academic plan such as mandatory
or elective and if the course is a
prerequisite of other courses.

1: High
2: Medium
3: Low

1.1.3 Labeling

The data was labeled by associating the five features in the previous
table with the scaled cancelation risk which has been calculated based on the
cancelation history of the previous timetables and as follows:

1: High: refers to the case in which the course section was canceled from
the first round of the timetable review due to not meeting the
minimum number of students' constraints. In most cases, the number
of students enrolled in these sections is significantly below the
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threshold. Therefore, sections in this category do not pass to the
second round of the timetable review.

2:  Medium: refers to the case where the course section passes the first
round of the timetable review with several students that is slightly
below or above the threshold. Hence, another chance in the second-
round timetable review is granted for such sections.

3:  Low: refers to the case in which the course section passes the first
round with a students' number that is fairly above the threshold.

The table below shows a sample of the labeled dataset.
Table 2: Dataset Sample

Student to . Lectur_e Coursg Course Cancelation
CapRatio Timeslot | Cancelation | Cancelation Importance Risk
Score Score
1 1 1 1 3 1
1 2 1 1 3 1
1 1 1 1 3 1
1 1 1 1 3 1
1 3 1 1 3 1
1 1 1 1 3 1
1 1 1 1 3 1
1 2 1 1 3 1
1 1 1 1 3 1
1 1 1 1 3 1
1 1 1 1 3 1

1.2 Multi Classifiers training and testing

A supervised machine learning approach has been used to develop a
model to predict the cancelation risk of course sections. As shown in Figure
(3), different classifiers have been trained and tested on the dataset to
compare their accuracy performance. In turn, this comparison provides an
indicator of the optimal classifier for the data set. The used classifiers
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included Neural Networks, Decision Tree, Naive Bayes, SMV, Random
Forest, and KNN.

L]
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Rank (1
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1 é@

why

Feature Statistics
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Figure 2: Multi-classifier Model

To train and evaluate the model’s accuracy, a 5-fold cross-validation
has been used. The dataset is divided into training and testing subsets for
each fold where the model is trained and tested using the training and testing

sets, respectively.
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1.3 Classifying Accuracy Evaluation and Best Classifier Selection.

In this stage, the resulted classifying accuracy of the used classifiers are
compared to identify the most accurate classifier to be used for the
prediction of section risk of cancelation. The evaluation is performed based
on two matrices which are the Classifying Accuracy (CA) ( Rakesh
Kumar.,et al 2013), which shows the average accuracy for each classifier for
all classes, and the confusion matrix ( Tharwat,2018), which identifies the
classifying accuracy of each classifier for each class.

CA=(TP+TN)/ (TP + TN+ FP + FN) Equation1:CA
Where: T: True; F: False; P: Positive; N: Negative

Table (3) shows the accuracy performance of each classifier.
Table 3: Accuracy Performance

MODEL CA
NAIVE BAYES 0.8555 “‘
NEURAL NETWORK 0.8586 ;

TREE 0.8586 :
RANDOM FOREST 0.8586 l l
SVM 0.3860 -
KNN 0.4620

The table shows that Neural Networks, Decision Tree, Naive Bayes,
and Random Forest have achieved 85% classifying accuracy which is
relatively acceptable having the size of the dataset. However, both SMV and
KNN have poor classifying accuracy 38 % and 46%.

For more insight on the accuracy performance of well-performing
classifiers, a confusion matrix test has been conducted as shown in the table
below:
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Table (4) Confusion Matrix Test
Neural Networks Naive Bayes
Predicted Predicted
1 2 3 > 1 2 3 >
0, 0, 0,

Actual 62.2% | 99% 27.9% 1410 Actual 90.1% [ 99% 0.0% 1410

2 00% 1000% 00% 737 2 0.0% |100.0% |0.0% 737

3 0.0% 0.0% 100.0% 1625 3 250% 0.0% [75.0% |1625

> 877 876 2019 3772 y 1677 876 1219 3772

Random Forest Decision Tree
Predicted Predicted

1 2 3 > 1 2 3 >

62.29% 9.9 % 27.9% 1410 Actual 1 [62.2% | 9.9 % 27.9% 1410
Actual
0, 0, 0,

2 00% h00.0% | 0.0% 737 2 00% [100.0% | 0.0% 737

3 0.0% 0.0 % 100.0% (1625
3 00% 0.0% [100.0% |1625
y 877 876 2019 3772
y 877 876 2019 3772

The table shows that Neural Networks, Random Forest, and Decision
Tree have the same classifying accuracy for all classes (1, 2 and 3) as they
achieved 100% classifying accuracy for classes 2 and 3. However, they
performed well in classifying class three correctly as they achieved 62.2 %
classifying accuracy. On the other side, Naive Bayes performed well in
classifying class 1 (90.1%) correctly, however it was not as accurate as class
3 (75%). In our case, class 1 might be more important than other classes as
it represents the courses’ sections that have a high probability of
cancelation; Therefore, such classes need to be detected in advance to avoid
post cancelation disruption. In light of this fact, Naive Bayes could be
considered the most well-performing classifier for our dataset. However, the
accuracy performance may vary based on the nature and the size of the data
collected in the future.
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2- Conclusion

This paper presents an intelligent approach for early-warning
mechanisms that could be used by universities to minimize course
cancelation cases. The mechanism is intelligent and adaptive such that it
utilized the historical timetable and student enrollment data to predict the
risk of course section cancelation. It is based on using the machine learning
approach using an optimal classifier that is selected among different
classifiers. The selection process is achieved through a comparative analysis
based on their accuracy performance. In this paper, the data collected has
been scaled and reorganized to consists of five main features that have been
used in the classification process. These included Student to Student to Cap
Rati, Class Timeslot, Lecturer Cancelation Score, Course Cancelation
Score, and Course Importance.

In this paper, different classifiers were trained and tested on the
collected dataset. The classifiers included Neural Networks, Decision Tree,
Naive Bayes, SMV, Random Forest, and KNN. Neural Networks, Decision
Tree, Naive Bayes, and Random Forest has performed similarly well (85%
Classifying Accuracy) and outperformed SMV and KNN which bother had
poor classifying accuracy(38 % and 46%). Although Neural Networks,
Decision Tree, Naive Bayes and RandomForest had a similar average
classifying accuracy (85%), Naive Bayes outperformed the Neural
Networks, Random Forest, and Decision Tree in classifying class 1 which is
the most important class in our case. However, the classifying accuracy is
subject to change for all classifiers based on the nature and the size of the
collected data. Based on the results, the paper concludes that the proposed
approach is promising, and using different classifiers gives the advantage of
selecting the most accurate one to use.
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