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Abstract: Evaluating students” academic performance is crucial for assessing the quality of educa-
tion and educational strategies. However, it can be challenging to predict and evaluate academic
performance under uncertain and imprecise conditions. To address this issue, many research works
have employed fuzzy concepts to analyze, predict, and make decisions about students” academic
performance. This paper investigates the use of fuzzy concepts in research related to evaluating,
analyzing, predicting, or making decisions about student academic performance. The paper proposes
a fuzzy model, called FPM (Fuzzy Propositional Model), for reasoning and predicting students’
academic performance. FPM aims to address the limitations of previous studies by incorporating
propositional logic with fuzzy sets concept, which allows for the representation of uncertainty and
imprecision in the data. FPM integrates and transforms if-then rules into weighted fuzzy production
rules to predict and evaluate academic performance. This paper tests and evaluates the FPM in
two scenarios. In the first scenario, the model predicts and examines the impact of absenteeism
on academic performance where there is no clear relation between the two parts of the dataset. In
the second scenario, the model predicts the final exam results using the lab exam results, where
the data are more related. The FPM provides good results in both scenarios, demonstrating its
effectiveness in predicting and evaluating students” academic performance. A comparison study
of the FPM’s results with a linear regression model and previous work showed that the FPM per-
forms better in predicting academic performance and provides more insights into the underlying
factors affecting it. Therefore, the FPM could be useful in educational institutions to predict and
evaluate students” academic performance, identify underlying factors affecting it, and improve
educational strategies.

Keywords:  propositional logic; fuzzy set; student

machine learning; prediction;

performance; absenteeism

1. Introduction

Students” academic performance plays an essential role in evaluating and assessing
the quality of education. The increasing demands for quality assurance requirements in
education have resulted in increasing interest in evaluating and assessing the students’
performance. Accordingly, the attention towards the students” academic performance
increased from the researchers and application developers. Various fuzzy approaches have
been employed to address the uncertainty issues in the students” academic performance.

This paper proposes a model (FPM) that reasons and predicts the students” academic
performance using fuzzy sets and propositional logic.

Fuzzy set is a generalization of the classical set (or the normal mathematical set) which
allows the membership function to take values in the interval [0,1] instead of just the
membership [1].
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Since Fuzzy sets were introduced by Lotfi A. Zadeh in 1965 [1], several theoretical
developments have been proposed, such as Pythagorean fuzzy sets [2], intuitionistic fuzzy
sets [3], fuzzy logic [4], fuzzy linguistic [5], and fuzzy rough sets [6]. In addition, fuzzy sets
concepts were provided considerable additions and contributions in many fields, such as
Neuro Fuzzy [7], Fuzzy image processing [8], and Mamdani fuzzy [9].

Propositional logic [10] is a logic representation of knowledge in which the statements
are made by propositions. A proposition is a declarative statement which is either true or
false, and it allows relationships between the statements to be discovered by logical and
mathematical rules.

The research on the academic performance field is rapidly increasing. Recently, there
are many research works which are concerned with using fuzzy concepts in students’ aca-
demic performance, whether by providing prediction results, classifying, making decisions,
or evaluating and analyzing the students’ academic performance, as it is explained in
Table 1.

The following is an overview of these research works.

In [11], a neuro-fuzzy model was designed to predict the students” academic perfor-
mance. The authors designed a fuzzy inference system based on neural networks to assess
the students” academic performance. Their experiment was performed with a real dataset
obtained from students’ achievements in the engineering economy course. They used
Quiz (Q), Major (M), Midterm (MD), Final (F), Performance Appraisals (P), and Survey (S)
as input parameters for their model and the Students” Academic Performance as output.
They expressed these parameters by fuzzy linguistic values such as unsatisfactory (A1),
average (A2), good (A3), very well (A4), and excellent (A5). Their neural network structure
works on computing these parameters as a gradient vector, which provides a measure of
how their model was modeled with the input/output data for a given set of parameters.
They showed how several optimization routines can be applied in adjusting the parameters
to reduce the error measure (they used sum of the squared error).

In [12], a neuro-fuzzy approach was proposed for classifying the students” academic
performance. The authors classified students into different groups using a neuro-fuzzy
approach. They used a fuzzy classification rule R;: if x5 is Aj; and - - - xgjis A;; - - - and
Xsn 1S Ajy, then class is Cy, where Xsj represents the jth feature or input variable of the sth
sample; A;; denotes the fuzzy set of the jth feature in the ith rule; and Cj represents the
kth label of class. They parted the feature space into multiple fuzzy subspaces by fuzzy
if-then rules; they represented these fuzzy rules with a network structure. Their neural
network classifier contains a multilayer feed-forward network consisting of input, fuzzy
membership, fuzzification, defuzzification, normalization, and output. Their classifier has
multiple inputs and multiple outputs; they depicted their neural network classifier with
two features {x1, x2} and three classes {C1, C2, C3}, and every input in their model was
defined with three linguistic variables.

In [13], a Forgotten (fuzzy) Effects model was proposed for analyzing the learning
impact on academic performance. The paper determined the factors that affect the academic
performance and then showed how these factors can be applied for graduating subjects
in the engineering field using a problem-based model. They identified the factors that
motivate the exposure of higher education centers, using a model based on the principles
of Forgotten (fuzzy) Effects. They gathered qualitative information derived from a group of
experts; the factors that they identified were lack of information, poor curricular planning,
and the teacher’s attitude. They applied a problem-based-learning model using these
factors, and the engineering field included the graduating subjects” examination (taken
from 2017 to 2020); their studies showed 15% improvement in academic performance.

In [14], a Decision Tree and Fuzzy Genetic Algorithm was applied to predict the
Students” Academic Performance. The paper provided a prediction model that protected
the students’ performance for each subject, the protected model based on two classification
algorithm (decision tree and fuzzy genetic algorithm). They applied their model to predict
the Bachelor and Master degree students in Computer Science and Electronics and Com-
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munication streams. They used the internal marks, sessional marks, and admission scores
as parameters for their model; then, they combined the internal marks with attendance
marks and obtained the average marks from two sessional exams and assignment marks.
They used the admission score to assign degrees to students based on their weighted score
obtained from 10th and 12th examination marks and entrance marks. They used the same
parameters in both models (decision tree and the genetics algorithm).

In [15], a fuzzy expert system for academic performance evaluation was proposed.
The proposed system is based on fuzzy logic techniques. The system provides a monitoring
for the students’ progress with the ability to make decisions about next step training. The
fuzzy expert system was developed in five stages: in the first stage, the authors collected
the value from student exam marks; then, in the next stage, they converted this value
to fuzzy value using triangular membership function. In the third stage, they defined
the fuzzy rule. In stage four, they determined an output membership function value for
each active rule, and, finally, in stage five, they calculated the final output using Centre of
Area (COA).

In [16], fuzzy models are used to predict the academic performance of distance ed-
ucation students. In this paper, the authors implemented three fuzzy models (classical
fuzzy model, expert fuzzy model, and gene-fuzzy model) to predict the distance education
students’ year-end academic performance. They used the data of 218 students who enrolled
in Basic Computer Sciences in 2012.

In [17], the authors provided a fuzzy expert system to examine the learning strate-
gies for online learning systems. They used two computer applications: MATLAB for
fuzzy analysis and the Moodle platform for online learning environment. They considered
the learners’ self-directed learning readiness as the moderating variable. They used apti-
tude treatment interaction for the learning model and statistical analysis for examining
the effect of this strategy and the students’ self-directed learning readiness. They con-
cluded that students who are taught with online learning strategies based on fuzzy expert
systems have better learning outcomes than students who are given traditional online
learning strategies.

In [18], a neuro fuzzy model was developed to classify and predict students” academic
performance. The authors applied their model on real data from an undergraduate program
in the Electrical Engineering and Information Technology department at an Indonesian
university.

In [19], a fuzzy neural network model is used to predict the students” academic
performance. In this paper, the authors considered in their model most of the students’
academic profiles, including age, gender, education, past performance, etc., and they
designed their model using MATLAB and JAVA.

In [20], a data-driven fuzzy rule approach was proposed for evaluating student aca-
demic performance. The authors performed Criterion-Referenced Evaluation (CRE) and
Norm-Referenced Evaluation (NRE). They used training data from students’ performance
in two courses in the form of numerical crisp scores, then used a fuzzy approach for utiliz-
ing these data in the form of fuzzy values; then, they applied CRE and NRE to see how a
fuzzy rule-based approach can be used for aggregation of students” academic performance.

In [21], the authors used the concept of Pythagorean fuzzy sets in academic per-
formance. They provided a decision-making approach for career placements based on
academic performance using max-min-max composition. They used their approach in
solving the multi-criteria decision-making problems.

In [22], the authors developed an intelligent tutoring system using Bayesian networks
and fuzzy logic to support students in learning environments and enhance their academic
performance. Their system was based on the classical architecture of intelligent tutoring
systems, and they used a fuzzy logic system to determine the students’ performance in a
particular topic, taking two factors into account: the pretest grade and the topic test grad.
They used three fuzzy sets for each input variable to describe the students’ grade as poor,
good, or excellent and two fuzzy sets to describe the output (low and high). They used
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9 fuzzy rules configured with two input variables (Pretest-Grade and TopicTest-Grade) and
one output variable (Performance).

In [23], the authors presented an integration framework that integrated fuzzy clus-
tering and regression to predict the students’ final grade. They composed four distinct
subsystems, each of which implements partition, regression, offset value generation, and
estimation. These activities were integrated together to form the overall student score-
predicting mechanism. They used four datasets, each containing hundreds of instances
collected from two Portuguese schools (GP and MS) about their students in Math and
Portuguese language study. In the complete dataset with more than 30 attributes, they split
each dataset into subsets for 10-fold cross validation, and they reported their results based
on an average of 10 times of the 10-fold cross validation.

In [24], a fuzzy learning model was proposed to predict student academic performance.
The model in this paper was built based on methods that merge the fuzzy concept with
the concept automated machine learning. The authors used the data of 866 students
who attended, 456 of which were male and 410 females; they collected their data from
the three compulsory courses in the spring semester of two successive academic years,
2017-2018 and 2018-2019, at the Aristotle University of Thessaloniki. Then, they employed
fuzzy-based classifiers to student performance (pass/fail) in higher education courses. The
authors examined six fuzzy classifiers, FMARR, MFPC using OWA and AIWA aggregation
operators (MFPC OWA/ AIWA), Local and Global Genetic FPCs (FPC GA/LGA), PTs,
PTTDs, and the hybrid FPC using OWA operator (FPC OWA).

In [25], a decision-making fuzzy VIKOR approach was used to rank academic per-
formance. The authors used the fuzzy set concepts in their approach; they ranked the
academic performance in linguistic variables (excellence, honors, average, pass, and fail),
and then they transformed these linguistic variables into fuzzy numbers.

In [26], a neuro-fuzzy model based on the Cuckoo Search algorithm was used for
predicting the students” academic performance. The authors proposed a hierarchical
Adaptive Neuro-Fuzzy Inference System model. They used the hierarchical structure of
ANFIS in solving the curse-of-dimensionality problem, and they used CS algorithm to
optimize the clustering parameters; then, they formed the rule base.

In [27], the authors developed a fuzzy logic application to evaluate the students’ aca-
demic performance. In this paper, the authors used Mamdani fuzzy inference methods.
They used three exams’ results as input variables of the fuzzy logic-based expert system.
Each input variable had five triangular membership functions, and the triangular member-
ship function was specified by three parameters (a, b, c). The authors applied the system
to a group of students and compared the results to traditional methods of performance
evaluation. The authors used MATLAB for implementing their fuzzy system and tested it
using 20 students’ marks obtained from Exam1, Exam?2, and the practical Exam.

In [28], a fuzzy classification system was proposed to evaluate the students” academic
performance. The system used in this paper is based on qualitative link analysis methodol-
ogy instead of using a rule-based method. The authors took a fuzzy classification problem
as link analysis. They provided a fuzzy classification framework that integrated network
representation scheme and link-based analysis. They represented the variable terms and
classes as graph nodes, while their observation associations are encoded as correspond-
ing edges. Then, the likelihood that a new data instance belonging to a specific class is
determined via the notion of link-based similarity measure. To measure the similarity, the
authors used link analysis based on examining relation patterns amongst objects in a given
link network, which can be specified as an undirected graph.

In [29], a genetic fuzzy model is proposed to evaluate distance education students’ aca-
demic performance. The authors proposed a mathematical model that uses a combination
of genetic algorithms and fuzzy logic to evaluate the academic performance of distance
education students. The authors first predicted the pass of the grade using a classical fuzzy
model. Then, they improved the model using a genetic fuzzy approach. They developed
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their model using a dataset of distance education students from the Moodle record for a
MATLAB course at a Turkish university.

In [30], the authors proposed a fuzzy logic system that seeks to facilitate educational
institutions in their understanding of the existing relationships among the different aca-
demic degrees and, in turn, to carry out corrective tasks where the impact of academic
performance is higher and then predicted student marks. They processed several algo-
rithms, aiming to optimize their process and their results after analyzing the relevant data
and choosing the optimization algorithms. Then, they implemented a Takagi-Sugeno-type
fuzzy inference system (logic-based system) which consisted of multiple inputs and four
outputs.

In [31], a neuro-fuzzy model was used to predict the students” academic performance.
The authors examined the factors influencing student academic achievement. They used
the variations in courses’ grades among students using the course’s category, the student’s
course attendance rate, gender, high-school grade, school type, grade point average (GPA),
and course delivery mode as input predictors.

In [32], a fuzzy logic approach was used to predict the students” outcomes in re-
gard to the instructor’s persona. The objective of this paper was to realize in which
way fuzzy logic can be applied to predict the outcome of students” performance with
three parameters—trust, perception, and usefulness of the instructor—while seeking help
in academics. In this paper, the authors used the Mamdani fuzzy method. They did their
study on a survey data of 1250 students from various colleges. They handled partial truth
range varying from absolutely true to absolutely false and used Mamdani-type fuzzy logic
for predicting students” outcomes.

In [33], a neuro-fuzzy model was proposed to predict the students” perceptions of
problem solving skills. In this paper, the authors used the neuro fuzzy approach (ANFIS)
in modeling students’ perceptions. Then, they used correlation and regression to examine
the relationship between students’ skills and CPS characteristics.

In [34], a fuzzy preference programming approach was introduced to a university de-
partment evaluation. In this paper, the authors proposed a fuzzy preference programming
approach for data envelopment analysis. The authors applied their approach in one of the
higher education institutions in the Philippines.

In [35], the authors provided a system for monitoring the students’ activity and
performance. They used a fuzzy Linguistic Summarization (LS) technique to extract
linguistically interpretable rules from students’ data describing prominent relationships
between activity /engagement characteristics and achieving performance. They applied
their system in analyzing the effectiveness of using a Group Performance Model (GPM) to
deploy Activity Led Learning (ALL) in a Master’s-level module.

In [36], the authors proposed a conceptual framework to examine testing as a com-
munication process between assessment systems and the testing of English language
learners (ELLs). They used probabilistic approaches based on generalizability theory for
examining testing as a communication process between assessment systems and ELLs
examination.

In [37], the authors investigated different types of distance and similarity measures for
nested probabilistic-numerical linguistic term sets. They proposed a family of distance and
similarity measures between two NPNLTSs with their properties and then established a
variety of weighted distance and similarity measures between two collections of NPNLTSs.
They applied their approach to evaluating medical treatment. Generally nested probabilistic
linguistic term sets have received attention form researchers, especially in the area of
dealing with multidimensional and uncertain characteristics; for example, in [38], the
authors proposed the interactive multi-attribute decision-making model. They constructed
their model by combining Dempster-Shafer theory (DST) with the concept of probabilistic
linguistic term set. The authors used evidential Best-Worst method and maximum entropy
principle to capture the weight and interaction of attributes, and they applied a Choquet
integral for aggregating the different ELTSs. The authors implemented their model to select
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the supplier for medical devices. In [39], the authors provided a method to make a decision
in the fields of multidimensional, complex, and uncertain characteristics. They applied a
VIKOR method to extend the concept of nested probabilistic-numerical linguistic term sets
incorporating the investment decision. They provided their solution based on the process of
the VIKOR method with the NPLTS, using six steps including alternatives and the attribute
vectors for determining, calculation, and sorting. In [40], a nested probabilistic-numerical
linguistic term set (NPNLTS) was introduced, in which the quantitative and qualitative
information were considered to enhance the fuzzy linguistic approach in handling multi-
attribute group decision making. They tested this approach by providing an application
for strategy initiatives of the HBIS Group on Supply-side Structural Reform.

Although most of the above research works have used part of propositional logic in
their work, there are still some research works concerned with providing ideas, concepts,
or theoretical background in the area of propositional logic and its implication with fuzzy
concepts. For example, in [41], three kinds of linguistic truth-valued fuzzy negation were
proposed. The paper introduced linguistic truth-valued fuzzy negation operators and
proposed the operation method based on linguistic truth-value logic systems. In [42],
the authors presented an alternative approach for describing fuzzy propositional logic.
They generalized the propositional logic in two directions: propositions as fuzzy and
logical variables as many-valued. In [43], the authors proposed a new reasoning based
on intuitionistic fuzzy propositional logic. They developed two classification methods of
intuitionistic fuzzy propositional logic (truth table and figure of equivalence). In [44], the
authors explored the propositional part of strict finitistic logic.

In this paper, we proposed a novel fuzzy model for reasoning and predicting the
academic performance of students. Our model aims to address the limitations of previous
studies by incorporating propositional logic with a fuzzy sets concept, which allows for the
representation of uncertainty and imprecision in the data. The main contribution of our
paper is the development of a new fuzzy model that improves upon the existing approaches
in terms of accuracy and interpretability. In addition, our model provides interpretability by
generating linguistic rules that can be easily understood by domain experts. The proposed
fuzzy model can be applied to a wide range of educational datasets and can be used to
identify students who are at risk of academic failure, thereby enabling interventions to
improve their academic performance. Overall, our paper presents a significant contribution
to the field of educational data and provides a promising direction for future research in
this area and other areas.

The rest of this paper’s structure goes as follows: Section 2 presents the proposed
model (FPM). Section 3 presents the experiment. Section 4 presents the result and discussion.
The final part of the paper reports the conclusions.

Table 1. The related work.

Area Methods or Techniques and the Study’s Reference
Neuro-fuzzy [11,18,19,26,31,33]
Fuzzy decision tree [14]

Genetic fuzzy [13,16]
Fuzzy logical model [16,30]

Prediction Fuzzy expert system [16]
Fuzzy clustering + regression (integrated) [23]
Fuzzy learning (fuzzy based on ML concepts) [24]
Mamdani fuzzy [32]
N -f 12,18

Classification euro-fuzzy [ ]

Qualitative link analysis [28]
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Table 1. Cont.

Area Methods or Techniques and the Study’s Reference

Fuzzy expert system [15,17]
Pythagorean fuzzy [21]

Bayesian networks and fuzzy logic [22]
Fuzzy VIKOR [25]

Decision-making

Forgotten (fuzzy) [13]
Fuzzy expert system [15,17]
Data-driven fuzzy rule [20]
Bayesian networks and fuzzy logic [22]
Analysis and Evaluation Mamdani fuzzy [27]
Qualitative link analysis [28]
Genetic fuzzy [29]
Fuzzy preference [34]
Nested Probabilistic Linguistic Term Sets [35-37]

2. The Model (FPM)

The suggested Fuzzy Propositional Model (FPM) is based on the concepts of propo-
sitional logic and fuzzy sets, and it developed according to a framework containing four
stages, as it is explained in Figure 1.

Determine the
propositional rule

}

Building the fuzzy
sets (FS)

:

Constructing the
product rule
(FTM)
|

v

FTM
Input data —— —> Result

Figure 1. The FPM framework.

2.1. Determine the Propositional Rule
The FPM is based on the “if then rule” (implies rule):

if A then B or A= B 1

if A (to some degree x) then B (to some degree y) 2)
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The rule in Equations (1) and (2) logically is equal to = (A U B) U —A. That is because,
depending on what A and B logically mean [9,36],

1. if Ais true then B will be true
2. if A is not true then B may be true or not true, i.e., the “if A then B” rule accepts all
cases of B (True or False).

Therefore, the rule if A then B can be formulated as follows:
A=B=(AANB)U-A 3)

The above equation (Equation (3)) can be represented graphically as shown in Figure 2,
where the shaded parts represent the true area of our formulated logical equation (Equation (3)).
The graph shows that the intersection of B x A = (A A B) is true, and the entire area of —A is
also true, which means that the intersection between —A and all Y (—A or (B or —B)). Therefore,
we will conclude that the rule “if A then B” can be as shown in Equation (4):

A=B=(AAB)U(-ANY) 4)

Figure 2. The graphical presentation of the logical rule.
The result of Equation (4) represents the production rule of the FPM.

2.2. Building the Fuzzy Sets (FS)
The fuzzy set is built using the following algorithm (Figure 3):
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Return S

Return G

Return F5S.

Building the Fuzzy set (FS)

N+ number of set items

function determin normal set( ) .freturns a normal set
Normal set S «— array[N-1]

for i=0, i++, i<n

End for loop

function Large Item(S) Aretuwrns the large item of the normal set's item
for i=0, i++, i<n

End for loop

function construct fuzzy set(S, G) /A returns fuzzy set
for i=0, i++, i<n

End for loop

S[i] « Data_Item([i]

Large Item G « Max_ of S[i]

Fuzzy set FS[i] « S[I/G]

/ithe fuzzy set

Figure 3. Building the fuzzy set’s algorithm.

As it is shown in the algorithm in Figure 3, generating the fuzzy set is performed by
transforming the normal set to a fuzzy set by dividing each item by the value of biggest
item. For example, the fuzzy set of this normal set {69, 130.3, 46.5, 17.7, 16.1, 8.1} can be
generated as follows:

i The largest value i Gi is; Gy = 130.3
ii.  The fuzzy set will be generated by dividing each element by 130.3 (G2) as follows:

Fuzzy set = {{69/130.3, 130.3/130.3, 46.5/130.3, 17.7/130.3, 16.1/130.3, 8.1/130.3}
Fuzzy set = {0.53, 1.00, 0.36, 0.14, 0.12, 0.06}

We can see that the final fuzzy set, in this example, provides the membership degree
of each element instead of only the membership. This is one of the benefits of using the
fuzzy set.

2.3. Constructing the Product Rule (Fuzzy Set Transformer Matrix (FTM))

In this stage, we used the results of stage 2 above (the fuzzy sets) to construct the
production rule ‘if then’ (Equation (2)) using the following algorithm (Figure 4):

As it represented in the algorithm in Figure 4, the constructing of the production rule
is based on four operations, as follows:

1.  Determine the component of the rule (A, B, and the relation between them). This rule
is determined according to the problem or the system (for example, If the student
attends the class to some degree X, then he will be marked in the course to some
degree y)

2. Determine the fuzzy set that represents A in our production rule (for example, the
attendance rate).

3.  Determine the fuzzy set that represents B in our production rule (for example, the
final mark).

4.  Finally, the fuzzy set transformer (the production rule) will be obtained by applying
the rule in Equation (4). None that the all the elements of Y are true, i.e., equal to
1 (Figure 2).
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Constructing the production rule (Fuzzy set transformer FTM)

function construct _ theFirstMatrix(FS1, FS2 ) // returns the first matrix MI (4 A B}
TheFuzzy Set independant variables A[] « FS1

TheFuzzy Set dependant variables B[] + FS2

N« number of set items

for 1=0, 1++, 1<n
for j=0, j++. j<n

M1[1. j] < A[i] AND B[j]

End for loops

Return M1 S A AB}
function construct _ theSecondMatrix(FS1) // returns the second matric M2 (—~4 A ¥)
for 1=0, i++, i<n
for j=0, j++. j<n

M2[i, j] «(~A[i]) AND 1

Return M2  /{-A A Y}

function construct _ theProductionRule(FS1) /returns the Production Rule (fuzzy set transformer FTM)
for i=0, i++, i<n

for j=0, j++. j<n

Return FTM /(4 AB) U (=4 F)}

End for loops

FTM [1, j] « MI[1, j] OR M2[1. ]
End for loops

Figure 4. Constructing the production rule (FTM) algorithm.

2.4. Make Use of the Production Rule (Implementing the FPM)

Finally, the result of stage 3 above (production rule) can be employed for developing
new results. This can be performed by entering an input vector (fuzzy set) into the
production rule—fuzzy rule transformer FTM. Then, the output will be the prediction
result of using this model (FPM)), as it is explained in the algorithm in Figure 5 and in the
flowchart in Figure 6.

Using the model

Input FTM /ithe fuzzy set transformer matrix
Input FSN= construct_fuzzy set(S, G) /ithe fuzzy set for the input data
function predicting (FTM, FSN) Hreturns a result (fuzzy set)

for =0, i++, i<n
for j=0, j++, j<n
RI1[j] «+ FTM]i, j] OR FSNJj]
End for loop
for i=0, i++, i<n
Result[i] < R[i] AND FSNJi]
End for loop
Return Result. Hi'the result in fuzzy set format
function fuzzyToNormal (Result) fireturns a result in normal set
for i=0, i++, i<n
FinalData[i] < Result[i]x G
End for loop
Return FinalData. /ithe result in normal set format

Figure 5. The prediction algorithm (make use of the model FPM).
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data

| input data to fuzzy set r

Input l Transferring th ﬂ FTM ( . 3
P | ransterring the /ﬁ:>i L:> Transferring the output :>°UfPUf

(The production Rule) | 7| data to normal set ' data

Figure 6. Flowchart presents how the model (FPM) predicts new results.

3. The Experiment

In this paper, we will conduct a real experiment at one of Saudi Arabia’s universities. In
this experiment, we will use our FPM to predict the student performance based on students’
absenteeism, i.e., we want to examine the effect of absenteeism on student performance.
We will be focusing on absenteeism because it is more difficult in our case of study to find a
clear relation between student performance and absenteeism considering the following:

1.  Most of Saudi universities, including our case of study, have a regulation to eliminate
students according to absenteeism. The regulation in our case study is to deprive any
student from completing the course if he is absent more than or equal to 25% of the
time, which means that only the students with attendance rate greater than 75% are
allowed to complete the course. Accordingly, it will be more difficult to examine the
effect of absenteeism on students’ performance especially since most of the data have
a low rate of absenteeism.

2. Another issue that makes the effect of absenteeism unclear is the availability of
alternative online lectures or multimedia resources.

3.1. The Data Sets

In this paper, we will use a real data set from one of Saudi Arabia’s computer colleges.
The data that will be used in this experiment reflect the performance of the students in one
of the programming language courses (Table 2). The data represent students’ attendance
rate and their final exam results in their programming language course during the fall
semester of the academic year 2018-2020. The data are from two different sections, and
each section has 20 students. One of the sections will be used as the training set (Section 1
in Table 2), and the other section will be used as the test set (Section 2 in Table 2).

Table 2. The experiment data set.

Section 1 (Training Set) Section 1 (Test Set)
No. Attendance Final Exam Out Attendance Final Exam Out

Rate of 40 Rate of 40
1 0.76 15 0.76 12
2 0.76 26 0.76 10
3 0.78 11 0.80 15
4 0.82 17 0.82 30
5 0.85 26 0.84 20
6 0.87 21 0.84 14
7 0.87 36 0.84 32
8 0.87 28 0.87 19
9 0.87 28 0.91 11
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Table 2. Cont.

Section 1 (Training Set) Section 1 (Test Set)

No. Attendance Final Exam Out Attendance Final Exam Out
Rate of 40 Rate of 40

10 0.89 26 0.91 13

11 0.91 29 0.91 14

12 0.92 37 0.91 13

13 0.92 35 0.91 22

14 0.96 20 0.91 25

15 0.96 29 0.91 19

16 0.96 39 0.93 16

17 0.98 21 0.93 19

18 0.98 32 0.93 26

19 1 36 0.93 16

20 1 39 0.96 13

To develop and test our proposed FPM in a more accurate way, we used the final exam
marks only instead of using the total marks because, in our case of study, the total results
(100%) are included with the other course marks such as quizzes, assignments, and lab
work, which will be marked more biased to absentees than the final exam. In the discussion,
Section 4, we will show how that is different.

3.1.1. The Fuzziness of the Student Performance Data (the Uncertainty)

The relationship between students’ results and absenteeism is difficult to be manipu-
lated or measured by mathematical methods. For example, if we put this relation in the ‘if
then’ rule (if the student attends the class, then he will pass the exam), we can see that this
rule does not reflect the relationship between the degree of the attendance and the degree
of passing the exam. Thus, the suitable rule in this case can be (if student attends the class
to some degree, then he will pass the exam to some degree) which can be abbreviated as

If A (to some degree x), then B (to some degree y)

The rule now looks more equivalent to representing the relationship between the class
attendance and exam results. However, if we apply this relation using deterministic or
stochastic methods, we cannot obtain the correct output because of the following:

1.  The relation is uncertain, as there is no standard output for specific input where
different students can obtain varieties of exam results even if they have the same
attendance rate, and the opposite is also correct.

2. Itis difficult to represent the sets in this rule using the normal set because we need to
represent the degree of elements’ belongingness (membership degree), not only the
elements’ belongingness (membership).

Accordingly, the suitable way to deal with such a relation is using fuzzy logical
concepts, as we proposed in Section 2.1. The fuzzy model of this relation based on our
proposed FPM will be as follows:

e Let A be the fuzzy set of degrees of the students” attendance
o  Let B be the fuzzy set of students’ results in the final exam
o  Then, the relation will be: (A x B) U (=A x Y) (as explained in Section 2.1).
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3.2. Building the Fuzzy Sets
1.  Building the attendance fuzzy set (A):

For part A of our rule, we will use attendance data. The fuzzy set of the attendance
data can be the same as the normal set, because its values reflect the degree of membership
where the largest values Gi9 and Gy =1

A =10.76,0.76, 0.78, 0.82, 0.85, 0.87, 0.87, 0.87, 0.87, 0.89, 0.91, 0.92, 0.92, 0.96, 0.96, 0.96,
0.98,0.98, 1, 1}

Not A (—A) will = {0.24, 0.24, 0.22, 0.18, 0.15, 0.13, 0.13, 0.13, 0.13, 0.11, 0.09, 0.08, 0.08,
0.04, 0.04, 0.04, 0.02, 0.02, 0, 0}

2. Building the final exam fuzzy set (B):

- Asshown in Table 2, the largest value of the final exam is Gpg = 39
- Then, the exam fuzzy set B = {15/39, 26/39, 11/39, 17/39, 26/39, 21/39, 36/39, 28/39,
28/39,26/39,29/39,37/39,35/39,20/39,29/39,39/39,21/39,32/39,36/39,39/39},

ie.,
B =1{0.38, 0.67, 0.28, 0.44, 0.67,0.54, 0.92, 0.72, 0.72, 0.67, 0.74, 0.95, 0.90, 0.51, 0.74, 1.00,
0.54,0.82,0.92, 1.00}

3. Y={1111111111111,1,1,1,1,1,1,1}.

3.3. The Fuzzy Set Transformer (the Production Rule)
The fuzzy set transformer (production rule) will be constructed by manipulating

the above fuzzy sets (A and B) using our suggested logical if then rule (Equation (4))
(A x B)U (mA x Y) as follows:

0.76 0.24
0.76 0.24
0.78 0.22
0.82 0.18
0.85 0.15
087 | * (0.38, 0.67, 0.28, 0.44, 0.67, ... 1) U 013 | * (1,1,1,1,1,1,1,1,1...... )
0.87 0.13
1 0

The matrix in Figure 7 represents the output of this operation (by performing the
above formula). Based on propositional logical concepts, the operation that used to obtain
this output is logical operation, where we used AND operation instead of mathematical
multiplication operation, and OR operation instead of union or additional operation (see the
algorithm in Figure 4). This matrix represents the fuzzy set transformer of our experiment,
and it will be used as a production rule for predicting any future results or testing any
scenario regarding student performance in such courses.
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Figure 7. The fuzzy set transformer matrix FTM (the production rule) for the main experiment.

3.4. Testing the Model (FPM)

To test the FPM, we used Section 2 data as a test dataset (see Table 2) and then applied

the algorithm that was mentioned in Section 2.4 (Figure 5) to predict the final exam result
and compare it with the actual exam result, applying the mean squared error for evaluating
our result (Table 3). Thus, according to our FPM, we preprocessed the test data to obtain
the fuzzy sets as follows:

1.

2.

@

Attendance rate At = {0.76, 0.8, 0.82, 0.84, 0.84, 0.84, 0.87,0.91, 0.91, 0.91, 0.91, 0.91,
0.91, 0.91, 0.93, 0.93, 0.93, 0.93, 0.96}

Then, by dividing each element by the 0.96 (the largest value Gyy), the fuzzy set of the
attendance rate will be {0.79, 0.79, 0.83, 0.85, 0.88, 0.88, 0.88, 0.91, 0.95, 0.95, 0.95, 0.95,
0.95,0.95,0.97,0.97,0.97,0.97,0.97, 1}

Final exam result = {12, 10, 15, 30, 20, 14, 32, 19, 11, 13, 14, 13, 22, 25, 19, 16, 19, 26, 16, 13}
Then, by dividing each element by 32 (the largest value Gy), the fuzzy set of the final
exam will be {0.38, 0.31, 0.47, 0.94, 0.63, 0.44, 1, 0.59, 0.34, 0.41,0.44, 0.41, 0.69, 0.78,
0.59, 0.50, 0.59, 0.81, 0.50, 0.41}
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Table 3. The result of testing the FPM (main experiment).

Tested Data Set Expected Data Developed by the Proposed Evaluation Results
Actual Data (Real Data for Testing the FPM) FPM (Mean Squared Error)
e Attendance Rate Final Exam 100% Fina(ll\}[E:;?el?sllﬁg et Tl;ZtP (rl(;(sillrlg(lilfzuzzyzy Expected Fional Error Rate between ]]53;::‘ Il\{;::kb::‘v‘;’e]:’:lpl';?::‘;
Degree)/32 Transformer) Exam 100% Fuzzy Sets Final Exar.n Mark Using
this FPM

1 0.79 0.3 0.38 0.38 0.304 0.000 0.000

2 0.79 0.25 0.31 0.67 0.536 0.130 0.082

3 0.83 0.375 0.47 0.28 0.224 0.036 0.023

4 0.85 0.75 0.94 0.44 0.352 0.250 0.158

5 0.88 0.5 0.63 0.67 0.536 0.002 0.001

6 0.88 0.35 0.44 0.54 0.432 0.010 0.007

7 0.88 0.8 1 0.92 0.736 0.006 0.004

8 0.91 0.475 0.59 0.72 0.576 0.017 0.010

9 0.95 0.275 0.34 0.72 0.576 0.144 0.091
10 0.95 0.325 0.41 0.67 0.536 0.068 0.045
11 0.95 0.35 0.44 0.74 0.592 0.090 0.059
12 0.95 0.325 0.41 0.95 0.76 0.292 0.189
13 0.95 0.55 0.69 0.9 0.72 0.044 0.029
14 0.95 0.625 0.78 0.51 0.408 0.073 0.047
15 0.95 0.475 0.59 0.74 0.592 0.023 0.014
16 0.97 04 0.5 0.97 0.776 0.221 0.141
17 0.97 0.475 0.59 0.54 0.432 0.002 0.002
18 0.97 0.65 0.81 0.82 0.656 0.000 0.000
19 0.97 04 0.5 0.92 0.736 0.176 0.113
20 1 0.325 0.41 1 0.8 0.348 0.226

Mean squared error 0.096585 0.061985
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Table 3 shows that FPM predicted the final exam with 0.062 MSR, which indicates that
FPM is working well with such data. The next section provides more result discussions
and comparison studies.

4. Result and Discussions

In this section, we will provide two ways for evaluating our FPM.

4.1. Compare FPM with an Equivalent Model

The suggested FPM works on a dataset with two sets of values and predicts a new
value based on the relation between these pair of values, which makes it more equivalent to
linear regression algorithm. As we mentioned in Section 2, the behavior of such systems is
fuzzy rather than stochastic or deterministic; accordingly, in this section, we will compare
FPM with a linear regression algorithm to prove this assumption. The following steps
provide the comparison study for our FPM model with linear regression model:

1.  First, the final exam data are transferred to rate (100%) to fit the attendance rate.
2. Second, building the linear regression model using formula in Equations (5) and (6).
Table 4 presents this linear regression model:

Table 4. The linear regression model.

Final

No. At;({ear:(:ance Exam Al\t/:::r??;ufsy )— Fine(ll _, 1![ean (x : E) « — 7?2
100% y—9 -9

1 0.76 0.375 —0.1365 —0.31375 0.042827 0.018632

2 0.76 0.65 —0.1365 —0.03875 0.005289 0.018632

3 0.78 0.275 —0.1165 —0.41375 0.048202 0.013572

4 0.82 0.425 —0.0765 —0.26375 0.020177 0.005852

5 0.85 0.65 —0.0465 —0.03875 0.001802 0.002162

6 0.87 0.525 —0.0265 —0.16375 0.004339 0.000702

7 0.87 0.9 —0.0265 0.21125 —0.0056 0.000702

8 0.87 0.7 —0.0265 0.01125 —0.0003 0.000702

9 0.87 0.7 —0.0265 0.01125 —0.0003 0.000702

10 0.89 0.65 —0.0065 —0.03875 0.000252 0.000042
11 0.91 0.725 0.0135 0.03625 0.000489 0.000182
12 0.92 0.925 0.0235 0.23625 0.005552 0.000552
13 0.92 0.875 0.0235 0.18625 0.004377 0.000552
14 0.96 0.5 0.0635 —0.18875 —0.01199  0.004032
15 0.96 0.725 0.0635 0.03625 0.002302 0.004032
16 0.96 0.975 0.0635 0.28625 0.018177 0.004032
17 0.98 0.525 0.0835 —0.16375 —0.01367  0.006972
18 0.98 0.8 0.0835 0.11125 0.009289 0.006972
19 1 0.9 0.1035 0.21125 0.021864 0.010712
20 1 0.975 0.1035 0.28625 0.029627 0.010712
Total 0.182713 0.110455

by = 1.65418
by = —0.79422




Appl. Sci. 2023, 13, 5140 17 of 24

y = bo+ by x ®)
blzzﬁ’(x—x)(y;y) ©
i (v - x)

3. Third, the regression model is tested using the same test data as shown in Table 5

Table 5. The result of testing the linear regression model.

Mean Squared Error

Expected Final Exam Actual Final Exam in  between Final Exam

Attendance Rate 100 % the Tested Data Mark and Expected
100% Final Exam Mark
Using This Model

0.76 0.462954 0.3 0.026554

0.76 0.462954 0.25 0.04535

0.8 0.529122 0.375 0.023753

0.82 0.562205 0.75 0.035267

0.84 0.595289 0.5 0.00908

0.84 0.595289 0.35 0.060167

0.84 0.595289 0.8 0.041907

0.87 0.644914 0.475 0.028871

091 0.711081 0.275 0.190167

091 0.711081 0.325 0.149059

091 0.711081 0.35 0.13038

091 0.711081 0.325 0.149059

091 0.711081 0.55 0.025947

091 0.711081 0.625 0.00741

091 0.711081 0.475 0.055734

0.93 0.744165 0.4 0.11845

0.93 0.744165 0.475 0.07245

0.93 0.744165 0.65 0.008867

0.93 0.744165 0.4 0.11845

0.96 0.79379 0.325 0.219764
Mean squared error (MSR) 0.075834

4.  Finally, Table 5 shows that the linear regression model predicted the final exam with
0.076 MSR, which is greater than our suggested FPM model (0.062242). This indicates
that our suggested FPM model gives better results than the learner regression model.
In addition, the prediction of the single values in our suggested FPM model showed
better results than linear regression (Figures 8 and 9).



Appl. Sci. 2023, 13, 5140 18 of 24

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

1 2 3 45 6 7 8 9 101112 13 14 15 16 17 18 19 20 21 22 23 24

e Actual Final exam === The predicted final exam using FPM

Figure 8. FPM result.
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Figure 9. Linear regression model result.

4.2. Applying FPM on Other Students’ Academic Performance Dataset

The data set that is used in our experiment has a low correlation factor between the
absence rate and final exam. The correlation in training sets (between the two sets of the
training sets) was 0.617811 and in the test sets was 0.040988, which means that FPM can
work even if there is not a clear relation between the data features. This indicates that the
fuzziness behavior (uncertainty) is fitting the system, as we mentioned in Section 3.1.1.
Despite that, FPM is suitable for uncertainty behaviors, although it is also suitable for other
behaviors. To prove that, let us examine FPM using data with the following characteristics:

1.  The data set is the same data set that we used in our experiment, but here, we will use
the lab exam instead of absence rate as shown in Table 6.

2. The correlation between the lab exam data and final exam data in the training data set
is 0.942231 and on the test data set is 0.979643.

3. Because the data represents the relation between the lab exam and the final exam, the
logic rule will be the following:

if the student obtain marks in the lab exam to some degree x, then he will obtain
marks in the final exam to some degree y.



Appl. Sci. 2023, 13, 5140 19 of 24
Table 6. The data set of the second experiment (related data sets—Section 4.2).
Section 1 (Training Set) Section 1 (Test Set)
No. Lab Exam Out Final Exam Out Lab Exam Out  Final EXAM out
of 15 of 40 of 15 of 40
1 5 15 12
2 10 26 4 10
3 5 11 5 15
4 6 17 13 30
5 26 9 20
6 7 21 5 14
7 15 36 15 32
8 13 28 8 19
9 12 28 5 11
10 10 26 5 13
11 14 29 5 14
12 15 37 5 13
13 14 35 10 22
14 8 20 12 25
15 14 29 7 19
16 15 39 16
17 7 21 7 19
18 14 32 12 26
19 14 36 16
20 15 39 4 13

model and its results are presented in Figure 10 and Table 7.
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Figure 10.

For building FPM. we will follow the same steps that we mentioned in Section 2 with
the same process that we have followed in our experiment in Section 3. The final FPM
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The fuzzy set transformer FTM (the production rule) for the second experiment (Section 4.2).
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Table 7. The results of testing FPM on related data sets—the second experiment (Section 4.2).

Test Data Set Predicted Data Developed Evaluation Results

Actual Data (Section 2 Data) by the Proposed FPM (Mean Squared Error)

No. Lab Exam The Final Final Exam Tl'le Tl.1e Error Rate Error Rate

Out of 15 Exam Out Fuzzy Set/32 Predicted l.’redlcted between })etween

of 40 Fuzzy Set Final Exam Fuzzy Sets Final Exam
1 4 10 0.31 0.27 8.64 0.0018 1.8496
2 4 13 0.41 0.27 8.64 0.0186 19.0096
3 5 12 0.38 0.33 10.56 0.0020 2.0736
4 5 15 0.47 0.33 10.56 0.0193 19.7136
5 5 14 0.44 0.33 10.56 0.0116 11.8336
6 5 11 0.34 0.33 10.56 0.0002 0.1936
7 5 13 0.41 0.33 10.56 0.0058 5.9536
8 5 14 0.44 0.33 10.56 0.0116 11.8336
9 5 13 0.41 0.33 10.56 0.0058 5.9536
10 6 16 0.50 0.4 12.8 0.0100 10.2400
11 6 16 0.50 0.4 12.8 0.0100 10.2400
12 7 19 0.59 0.47 15.04 0.0153 15.6816
13 7 19 0.59 0.47 15.04 0.0153 15.6816
14 8 19 0.59 0.53 16.96 0.0041 4.1616
15 9 20 0.63 0.6 19.2 0.0006 0.6400
16 10 22 0.69 0.67 21.44 0.0003 0.3136
17 12 25 0.78 0.8 25.6 0.0004 0.3600
18 12 26 0.81 0.8 25.6 0.0002 0.1600
19 13 30 0.94 0.87 27.84 0.0046 4.6656
20 15 32 1.00 1 32 0.0000 0.0000
Mean squared error (MSR) 0.006863 7.02792

Table 7 shows that FPM provided a better result when the relation between the data
features is clearer (strong), which indicates that FPM works in a consistent manner.

4.3. Model Evalution

As it was mentioned in the above subsections, FPM worked well on both types of
datasets and performed better in predicting academic performance than linear regression.
Hence, it provided a better evaluation MSR factor and showed more details about how the
predicted values are convergent to the original values, as shown in Figures 8 and 9.

An overall evaluation to our suggested model (FPM) performance is presented in
Table 8. As it is shown in Table 8, the performance evaluation of the model shows that the
FPM performed well in predicting the students” performance in regards to absence rate data
(absenteeism), where it performed 0.115 in Mean Bias Error (MBE), —1.648 in Nash-Sutcliffe
efficiency (NSE), and 0.249 in Root Mean Square Error (RMSE). Our suggested model (FPM)
also showed good performance when it was tested in predicting the final exam marks using
the lab exam. Hence, it performed 0.211 in Mean Bias Error (MBE), —2.24 in Nash-Sutcliffe
efficiency (NSE), and 0.275 in Root Mean Square Error (RMSE).
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Table 8. FPM evaluation and comparison.

Models MBE NSE RMSE
Ogr proposgd model (FPM)—absenteeism data 0115 1648 0.249
(First scenario)

Lllnear regre.ssmn—absenteelsm data 0211 904 0275
(First scenario)

Our proposed model (FPM)—Iab exam data 9174 0.812 2 651
(Second scenario)

Linear regress19n—lab exam data _1.807 0.883 2331
(Second scenario)

The fuzzy logic system of [30] 7.4833
The neuro fuzzy model of [31] 9.287

To validate the effectiveness of our proposed model (FPM), we conducted a compara-
tive study with a linear regression model (as we mentioned in Section 4.1). The comparison
results showed that our proposed model provides better results than linear regression
(as we explained above). However, to provide more evaluation of our suggested model
(FPM), we presented in the Table 8 the results of [30], in which the authors worked on
predicting the students” marks. Their system consisted of multiple inputs and four out-
puts; their inputs are the student scores in 4 periods, their grades, and the number of fails
besides the subject ID; their outputs are the predicted term values for periods 1 to 4 of
the 11th grade. We also presented in Table 8 the results of [31], in which the authors used
the variations in course grades among students based on course category, student course
attendance rate, gender, high-school grade, school type, grade point average (GPA), and
course delivery mode as input predictors. Their prediction results have been evaluated
using RMSE, and they provided 8 values for RMSE based on input variables removed (their
RMSE values are between 9.235 to 11.315). In conclusion, we can say that our comparative
study demonstrated that our proposed model (FPM) outperforms the traditional linear
regression model and the existing related works in terms of MSR, MBE, NSE, and RMSE.
The results suggested that our model can provide more accurate predictions of student
performance and can be a valuable tool for educators and administrators.

5. Conclusions
This paper contributes in four aspects:

1. Inthe first aspect, this paper provided an investigative study that mostly covers the
most recent research works on providing approaches, models, application, and/or
evaluating studies for one or more of students” academic performance issues. The
investigative study reviewed 32 studies and concluded that these works provided
15 prediction models or approaches, 9 evaluation or analyses studies or models, 4
decision-making systems, and 3 classification models or approaches. Most of the
fuzzy methods and techniques have been implemented over the investigated research
works, with neuro fuzzy representing the most used method, where it has been used
in nine works.

2. In the second aspect, this paper proposed a novel fuzzy model for dealing with
students” academic performance behaviors. The proposed model integrated the
concept of fuzzy sets with the concept of propositional logic. Although the proposed
model uses propositional logic concepts, it differs from the fuzzy logic approach that
has been used in pervious works such as [15-17,22,30,32], as it relies mainly on the
fuzzy set concepts, where all data are presented in fuzzy sets, and all the operations
are performed based on fuzzy set operations. The role of propositional logic in the
approach is transforming the problem into an if-then rule and representing this rule
propositionally to obtain FPM’s formula (Equation (4)). This way of incorporating the
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propositional logic with the fuzzy sets concept allows the model to provide a better
representation of uncertainty and imprecision in the data with the capability of our
model in providing interpretability by generating linguistic rules that can be easily
understood by domain experts.

3. In the third aspect, FPM was designed and built efficiently with low overhead for
massively parallel computations.

4.  Finally, in the fourth aspect, the experiment and FPM evaluation were presented using
a real data set. In this aspect, this paper achieved three aims: the first achieved aim is
in applying FPM on absenteeism, which can be categorized as one of the critical issues
in students” academic performance, because there is no clear impact of it to students’
academic performance, especially in our case of study where the university has strong
regulation against student absenteeism. The second achieved aim is in applying
the linear regression model on students” academic performance and comparing the
results with FPM results. Finally, for the last achieved aim, this paper proves that the
proposed model can work well even if there is no clear uncertainty behavior on the
data, i.e., although FPM is a fuzzy model, it can also work on certain data.

As a final conclusion, FPM may provide advantages for all those concerned with
students” academic performance, such as the students, the teachers, and decision makers,
where the model results can be useful for students in forecasting their performances based
on what they got, can help teachers in evaluating their assessments methods or teaching
methodology, and can help decision makers in making a decision based on examining new
scenarios or the factors that may affect the students’ performance.
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