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Abstract

Introduction. In a developed society, the state should invest in the education of the younger generation. In less
developed countries, Albania included, there are no nation-wide studies to show the factors that affect the lack of
students in classrooms. The purpose of this study is to predict, analyze, and evaluate the possible causes of student
absenteeism using machine learning algorithms. The attributes taken into account in this study are related to the
family, demographic, social, university, and personal aspects according to academic criteria.

Materials and Methods. Student absenteeism covers any student that has not attended class, irrespective of
the reason. The data set consists of 26 attributes and 210,000 records corresponding to the teaching hours of
500 students during an academic year at Faculty of Information Technology. The students participating in the
survey range from 18 to 25 years of age of both genders. The compilation of the student questionnaire was
based on reviewing the literature and analyzing 26 attributes that we categorized into 5 groups included in the
questionnaire.

Results. This paper provides knowledge in the analysis and evaluation of factors that lead students to miss
lectures using machine learning. It is important to note that this study was conducted on students of this faculty,
and as such, the results may not be generalized to all universities. That’s why, researchers are encouraged to test
the results achieved in this paper on other clusters.

Discussion and Conclusion. The paper provides recommendations based on the findings by offering different
problem-solving strategies. The questionnaire used only for 500 Faculty of Information Technology students
can be widely applied in any educational institution in the region. However, the results of this study cannot be
generalized for the student and youth population of other regions or other countries. This paper provides an
original and easily usable questionnaire suitable to various study programs and universities.
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learning
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Hayunas crarbs

IIporHo3upoBaHue M aHAJHU3 NPOTrYyJOB CTYIEHTOB
¢ HCHOJb30BAHHEM AJTOPUTMA MAIIUHHOIO O0y4YeHMS

JI. Mykau™, A. Pucma
Yuusepcumem Anexcanopa Moucuy /lyppeca, . [{yppec, Anbanus
“ linditamukli@uamd. edu.al

Annomayus

Bgenenne. Llenbio JaHHOTO HCCIIEOBAHUS SIBIISCTCS IPOTHO3UPOBAHKE, aHAIM3 M OLICHKA BO3SMOXKHBIX TIPHIMH
MIPOTYJIOB CTY/ICHTOB C HCTIONB30BAHUEM AITOPUTMOB MAIIMHHOTO 00yueHus. [IpuMeHsieMbIe alropuT™bl b dex-
THBHbI IIPH aHAJIN3E JAHHbIX, IIOJYyYCHHBIX B PE3YJbTaTe OIPOCOB CTYICHTOB.

MarepnaJjbl H MeToAbI. [ H3ydeHust mpoOIeMbl ObLIO MPOBEAECHO AHKETHPOBAHNUE, B KOTOPOM IPHUHSIIH y4a-
ctue 500 cTyneHToB B Bo3pacte 18-25 met. MccnenoBaHne MpOBOAMIIOCE HA OCHOBE KOJNMYECTBEHHOTO METO-
Ja cOopa JaHHBIX, IPH KOTOPOM OBLIM IMOJIYyYSHbI YHUCIOBbIC U CTAHJIAPTU3UPOBAHHBIC 3HAYECHHUS, YTO MIPUBEIIO
K YCTaHOBJICHHIO B3aUMOCBSI3€il M TEHJICHIIMI Ha OCHOBE HAy4YHBIX MarepuaioB. Ha Bropom srame Takoii anro-
PHUTM HCIIONB30BAJICS U1l aHAJIM3a MOIYYSHHBIX Pe3yJIbTaToB.

Pesyabrarbl nceiaenoBanus. OnpeneneHsl GpakTopsl, BIUAIONME HA TIPOMYCK 3aHATHIL: 3aHATOCTh CTYICHTOB,
TepPUTOPHANIBHAS YIAJICHHOCTD OT By3a, IIPOOJIEMBI CO 3710pOBbEM. [IJIsl pelIeHus! yKa3aHHbIX IIPo0JIeM aBTopa-
MH JIaHbl PEKOMEH/IAI[MN PYKOBOAUTEIISIM BY30B. Pe3ybTaThl HCCIICOBAHMS TTOATBEPANIIH, YTO HCIOIb30BAaHUE
METOJI0B KJIacCH(UKALMK U KOHKPETHBIX aHAIM3UPYEMbIX JTOPUTMOB CIY)KHUT XOPOIIMM MHCTPYMEHTOM JUIS
aHaJIM3a [TOCTABJICHHBIX 3a/1a4.

OGcy:keHne U 3akJiouenne. [IpecraBieHHas B CTaThe aHKETa MOXKET IIHPOKO MPHMEHSTBCS B JIIOOOM y4el-
HOM 3aBezieHnH. OJTHAKO Pe3yNbTaThl JAHHOTO HCCIICOBAHMS HENb3sl 00001IaTh Ha CTYACHYECKOE U MOJIOZIHKHOE
HaceJICHNe JPYTUX PEerHoHOB WM CTpaH. Marepuaibsl ctaThbi OyIyT MOJE3HBI JUIl COBEPLICHCTBOBAHUS yueO-
HO-BOCIHTATEIILHOTO TIpoLiecca B By3e.

Kniouesvle crosa: mporyi CTyJICHTOB, CEMbs, IeMOTpadUIeCKuil, CONUAIBHBIN, BY3, TMYHOCTHBIC ACIICKTHI, aHA-
TIM3 TAaHHBIX, MAITMHHOE 00y4YeHHe

Kongnuxm unmepecos: aBTOpsI 3asBIAI0T 00 OTCYTCTBUM KOH(IMKTA HHTEPECOB.
Jna yumuposanus: Myxin J1., Pucta A. IIporno3supoBanue U aHaiu3 NPOryJIOB CTYACHTOB C UCIIOJIb30BaHHEM

ITOpUTMa MalMHHOTO 00y4eHus // Vrerpamus obpasoBanus. 2022. T. 26, Ne 2. C. 216-228. doi: https://doi.
org/10.15507/1991-9468.107.026.202202.216-228

Introduction

Many developed countries use assess-
ments tools and national surveys to assess
the quality of teaching, as well as the deter-
mination of indicators that affect the motiva-
tion of students to achieve the best possible
results in their studies.

S. Larabi-Marie-Sainte, R. Jan, A. Al-
Matouq, S. Alabduhadi have pointed that
student’s academic performance can be af-
fected by several factors and one of them
is student absences [1]. Marsh, Paulsen,
and Richardson suggest that “student rat-
ings demonstrate acceptable psychomet-
ric properties which can provide important
evidence for educational research” [2—4].
Despite being aware of the harmful effects
that absenteeism holds on academic per-
formance, the absenteeism level remains
high. J. Childs, R. Lofton have showed

that the root causes of chronic absenteeism
are complex [5]. M.H. Bahadori, A. Salari,
I. Alizadeh, F. Moaddab, L. Rouhi have re-
commended that educational planners and
policymakers pay more attention to the fac-
tors mentioned by students as the most im-
portant causes of absenteeism [6]. FTI part
of UAMD (Aleksandér Moisiu University
of Durrés, 2021) “the second-largest pub-
lic academic institution of the Republic of
Albania which enrolls about 500 students
each year” is experiencing high rates of
absences. If not addressed accordingly, the
problem of absenteeism may reduce aca-
demic performance and have an impact on
many social issues. Many factors influence
student absenteeism, thus predicting it many
a time proves to be very challenging. Ozcan,
found that “poor academic outcomes, paren-
tal involvement, school management, and
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school schedules, as well as health issues
and a lack of social activities, are the main
factors influencing student absenteeism” [7].
Additionally, Balkis et al. observed that the
major reason that was given by students for
non-attendance, related to attitudes towards
teacher and school, lack of motivation, level
of parents education [8]. Based on the work
of I. Dey and Kassarnig et al., it is under-
stood that attendance is amongst the most
crucial elements in determining a student’s
academic performance and success [9; 10].
Wadesango and Machingambi found that au-
ditor condition, socio-economic factors, and
relations between students and lecturers are
the main factor leading students toward non-
attendance [11]. In their work, B.N. Young,
W.0O. Benka-Coker, Z.D. Weller, S. Oliver,
J. W. Schaeffer, S. Magzamen, have shown
the connection between student absenteeism
and the test scores [12]. Referring to com-
plex factors that influencing high student ab-
senteeism, the usage of Data Mining (DM)
and Machine Learning (ML) algorithms is
a good method to analyze and predict stu-
dent absenteeism. Helm et al. refer to ML as
“an application of artificial intelligence (Al)
that provides to build a model based on trai-
ning data to make predictions or decisions
without being programmed” [13]. DM is
a process that extracts and discovers patterns
with intelligent methods from a large data-
set [14]. Based on the nature of the study and
dataset organization, we chose classification
methods to evaluate the data. Kantardzic
states that “classification techniques are part
of predictive methods and categorize a given
dataset into classes” [15]. By using these
methods, we can predict the unknown values
by utilizing the known ones [15]. This data-
set consists of 26 attributes and 210,000 re-
cords corresponding to the teaching hours of
500 students ranging from 18 to 25 years of
age during an academic year at FTI. The att-
ributes analyzed refer to demographic, fami-
ly, university, and personal factors accord-
ing to academic performance. This study
is most helpful to UAMD and can be easi-
ly utilized by other universities in Albania.
It is also a valuable tool for all universities
in the world, serving to guide the manage-
ment and provide a sense of understanding
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of the factors that make students not attend.
The rest of the paper is structured as follows:
Section 2 — an overview of the data mining
classification techniques; Section 3 — the
methodology; Section 4 is geared towards
the findings of the study; Section 5 relates
the discussion to the overall results observed
and gives some recommendations.

Literature Review

Classification is one of the methods in
data mining that analyzes a large amount of
data to predict group membership for data
instances [15]. The main goal of classifica-
tion is to identify the category or class under
which new data will fall. This section briefly
explains an overview of the analyzed algo-
rithms in this study.

Bayes Net algorithm. Bayes Net falls
under the category of probabilistic graphical
modeling that is used to compute unknown
values by using concepts of probability [16].
It can be represented by using a directed acy-
clic graph that is used to represent a Bayes-
ian Network, which contains a set of links
and nodes. The nodes represent the vari-
ables and the links denote the relationships
between these variables. A directed acyclic
model will value the unknown value of an
event occurring based on the conditional
probability distribution of each random vari-
able. A Conditional probability table is used
to represent the distribution of each variable
in the network.

Naive Bayes algorithm. “Naive Bayes is
a classification technique based on Bayes’
theorem with an assumption of independen-
ce among predictors” [17]. This indepen-
dence quality comes by assuming that the
presence of one feature in a class does not
impede the presence of any other feature
on that same class. This assumption holds
true even if these features are dependent on
one another. Due to the easy nature of build-
ing the Naive Bayes model, it can be effec-
tively used for vast datasets. Utilizing Bayes’
theorem and its task of describing the pro-
bability of an occurrence generated by pre-
vious related conditions, we can understand
conditional probability. Conditional proba-
bility as explained by Bramer is “the pro-
bability of an event happening given that it
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has some relationship to one or more distinct
events” [17].

Logistic Regression algorithm. As dis-
played in the study by M. Maalouf, “Logistic
Regression is a predictive modeling technique
that uses one or more independent variables to
determine one outcome. The outcome is mea-
sured with a dichotomous variable meaning it
will have only two possible outcomes” [18].
Logistic Regression can provide probabilities
and classify different types of data using con-
tinuous and discrete datasets.

Random Forest algorithm. ‘“Random
Forest is a supervised algorithm used for
both classification and regression” [19]. It
is trained with the “bagging” method, which
means a blend of learning models. In order
to get an accurate prediction, random forest
builds and merges multiple decision trees.

Hoeffding Tree algorithm. “The Hoeffding
Tree is an incremental decision tree learner for
a large dataset assuming that the distribution
generating examples does not change over
time” [20]. This model utilizes the Hoeffding
bound by categorizing into a prescribed preci-
sion and estimating statistic values calculated
from the necessary observations. The algo-
rithm is responsible for saving the statistics
needed for splitting an attribute. It does so
once it finds sufficient statistical evidence for
an optimal splitting feature, which results in
the expansion of the node [20].

Random Tree algorithm. Random Trees
algorithms are based on ensemble classifica-
tion, which means a method that makes pre-
dictions by averaging over the predictions
of several independent base models [21]. It
takes as input the features vector, classifies
it with tall trees in the forest, and outputs
the largest class. This algorithm can be used
as well for regression issues. In this case,
the average response of all the trees in the
forest is the classifier response.

J48 algorithm. Based on Mathuria’s
work we determine that “the J48 classifier is
an implementation of the C4.5 decision tree
algorithm™ [22]. First, the attribute values of
the dataset are used to build a decision tree
that serves to classify the instances. When
the classifier is able to recognize the attribute
that accurately categorizes numerous instan-
ces, it means that it encountered the training
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set. The branch of this decision tree is then
terminated by assigning probable feature va-
lues to it [22].

REPTTree algorithm. REP Tree is based
on C4. 5 algorithms described by Mohamed
et al. that “outcome a decision tree using in-
formation gain and prunes it using reduced-
error pruning (with back-fitting)” [23].

Materials and Methods

This section identifies the methods to
fulfill the goal of the study by providing hy-
pothesis, sampling, data collection, analysis,
and assessment criteria. The study is com-
posed of a quantitative method of data col-
lection, where numerical and standardized
data were collected, leading to generation of
relationships and trends based on academics.
These relationships were established using
machine learning algorithms. First step is to
determine the most effective algorithm for
processing the data obtained from the ques-
tionnaires. Second step, this algorithm will
be used to analyze the data and generate the
results needed to test our hypotheses.

Target Population and sampling. The
study population is targeted on students of
FTI, from the bachelor and master catego-
ries. In total, 500 students have been selected
from five study programs that the faculty of-
fers on a percentage balance. Respondents
were randomly selected from each study
program, belonging to both genders and age
groups ranging from 18 to 25 years old. Each
respondent has equal rights and conditions.
All respondents were informed of their par-
ticipation in the study.

Data Collection Methods. Both primary
and secondary data have been considered as
useful for the study to fulfill the aim of our
study:

— Primary Data. The primary data were
collected through a survey questionnaire for
the consolidation of our aims and objectives.

— Questionnaire Design. The data col-
lection tool for the research was developed
based on literature from scholars on the
reasons that lead students to be absent from
class. Figure 1, shows the aspects that have
been analyzed in this study related to the fac-
tors that directly affect student absenteeism
according to academics.
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Fig. 1. The aspect of student absenteeism

The design of survey questionnaires
was divided into five parts. The first part as-
sesses the attributes of the demographic
data such as gender (GE) and residence
(RS). The second part assesses the attri-
butes related to the family aspect such as
monthly family income (IFM), parent’s
educational level (LPE), a family member
with a chronic condition (CCF), legal issues
in family (LF), a family member suffering
from alcoholism (AMF), parent’s marital
status (MSP), and if family takes interest in
the student’s achievements (AIF). The third
part assesses the attributes related to uni-
versity aspects. Categories as shown in the
questionnaire are: enjoying field of study
(SPE), satisfied with auditorium conditions
(CAS), dedicated lecturers (LD), campus
safety (SC), satisfied with academic leaders
(LAS), and study program (PS). The fourth
part relates to individual aspects divided
into the following categories: employment
status (SE), who do you live with (LEFO),
distance from the university (UD), chronic
health conditions (CHC), and motivation to
attend class (CAM). The last part investi-
gates social aspect’s impact on absenteeism,
where the following attributes are assessed:
frequent bars and night clubs (CBF), satis-
fied with student activities (ASS), relation-
ship with other students (SR), relationship
with lecturers (LR), friends facing issues
with alcohol, drugs or legal issues (LADF),
and sufficient study space (SS).

— Hypotheses. To construct our hypothe-
ses, we focused on one of the 5 aspects pre-
sented and analyzed in our work: the family
aspect. In Albania as well as in many other
countries, family is considered the founda-
tion of a healthy individual and a stable so-

ciety as a whole. Based on this elevated role
that family holds in the Albanian society, we
constructed the following hypotheses:

H1: The attribute that has the greatest ef-
fect on student absenteeism is part of the fa-
mily aspect category.

H2: Students with higher absenteeism
rates come from lower-income families.

— Secondary data. Secondary data was
used to understand the background of the dis-
tribution of absences during the 2019-2020
academic year. Secondary data were collect-
ed from the FTI database. Lecturers record
the absences of each student in every lesson.

Dataset Design. The dataset is built from
210,000 records and 26 attributes. At UAMD
during an academic year, a student attends
10 courses, over the span of 28 academic
weeks. Every student attends 15 academic
hours weekly, 3 hours per course. The num-
ber of records (210,000) corresponds to the
number of academic hours of 500 students
taken as a sample during an academic year.
While the number of attributes (26) corre-
sponds to the number of questions raised in
the questionnaire design.

Assessment Criteria. Analysis and eva-
luation of data are done in the Weka tool [24].
The first step is to evaluate the different al-
gorithms and to analyze the data. The algo-
rithm that performs best and is simpler in in-
terpreting the data is selected. D. M. Powers
comes to the same conclusion as S. Arlot,
A. Celisse, by stating that “the evaluation and
comparison of algorithms are done in terms
of accuracy, recall, and precision” [25]. Arlot
& Celisse defines cross-validation as “a tech-
nique for evaluating ML models by training
several ML models on subsets of the avai-
lable input data and evaluating them on the
complementary subset of the data” [26]. We
conducted the experiments similarly to the
method described in Arlot & Celisse, separa-
ting the dataset in 10 subsets or folds. Howe-
ver, we utilized different subset values. We
modeled the DM algorithm by using 1 subset
as a test set and 9 subsets as a training set.
The test set subset processes the performance
of the algorithm. We attained an average by
repeating this process 10 times. Similar to
Arlot & Celisse we based our selection of
k =10 on the dataset size.
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Choosing an Algorithm. In this phase,
we analyzed the data obtained from the pre-
processing phase by comparing different al-
gorithms according to accuracy, recall and
F-measure, classifying them as secondary
findings of this study, and we chose the al-
gorithm with the best performance for inter-
preting the data, which we have classified as
the primary findings of the study.

In our study, we analyzed different algo-
rithms, and their performance measurements
were compared to one other. The algorithms
are: BayesNet, Naive Bayes, Logistic, Ho-
effdingTree, Decision Stup, J48, Random
Tree, Random Forest, REPTTree, OneR,
LogitBoost and MultiClasClassifier. Table 1
shows the results of algorithms.

As can be seen from Table 1, all algo-
rithms present acceptable results, and they
display a high accuracy and classification of
more than 80% of instances.

To analyze the main findings of this
study, the Bayes Net algorithm is chosen,

Table 1. Results of algorithms

due to the simplicity of interpretation and
the high accuracy that it shows. Figure 2,
shows the visual graph of the Bayes Net al-
gorithm for the Residence attribute. This att-
ribute was chosen randomly as an example
to explain how Bayes Net Algorithm gene-
rates results. The algorithm classifies the fre-
quented hours as well as the non-frequented
hours according to all the attributes taken in
the analysis.

For the Residence attribute the average
number of absences for students living in the
village is calculated:

Nrav=0.433 x Nt/Nrv

Where Nrav represents the average
number of absences committed by students
living in villages throughout the academic
year; Nt represents the total number of ab-
sences throughout the academic year; Nrv
represents the number of students living in
the village.

Correctly Incorrectly
Algorithms Classified Classified Recall Precision F-measure
Instances, % Instances, %
Bayes Net 97.50 2.50 0.975 0.975 0.975
Naive Bayes 83.98 16.02 0.840 0.834 0.836
Logistic 91.53 8.47 0.915 0914 0914
HoeftdingTree 95.66 4.34 0.957 0.957 0.957
J48 97.49 2.51 0.975 0.975 0.975
Random Forest 97.43 2.57 0.974 0.974 0.974
Random Tree 97.41 2.59 0.974 0.974 0.974
REPTTree 97.49 2.51 0.975 0.975 0.975

Source: Authors’ calculation.

S

NO [ GE IFM CCF LF [AMF|MSP] SS SPE CAS[LD I SC | PS [LAS] SE JUD FFCA ICBF{ASS[ SR | LR [ LADF,

City Village
0.674  0.326
0.567  0.433

Fig. 2. Visual graph of Bayes Net algorithm
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Results

The first step in the data mining process
is data preprocessing, which involves clean-
ing, preparation, normalization, and trans-
formation of data. Based on the fact that the
database was built on the basis of primary
data (data obtained from the questionnaires),
as well as secondary data (data obtained
from the FTI database) it was not necessary
to perform their cleaning, normalization, or
transformation. Figure 3, shows the distribu-
tion of absences according to all the attribu-
tes considered. The blue color indicates the
number of teaching hours that are attended
by students during an academic year. The red
color indicates the number of hours missed
by students in this academic year. Visually,
it shows a significant percentage of absences
committed by students for the academic year
we analyzed.

In total, we see that we have 53,298 un-
attended hours out of 210,000 total annual
teaching hours of 500 students taken as sam-
ples. Translated into percentages, the total
number of unattended hours by all students

J 105060.5 210000

134709
75 291

taken as a sample is 25.38%. As can be seen
from the presentation of data during pre-
processing phase, the shortcomings consti-
tute a significant percentage.

Using the Bayes Net algorithm, we are
tabulating below the results for the data ob-
tained from the questionnaires according to
the attributes: Demographics, Family, Uni-
versity, Individual, and Social Aspect.

Referring to the attributes categorized in
terms of demographics, we see that 64.8%
of the number of the sample students live in
urban areas. Additionally, 64.2% of the sur-
veyed students were male and 35.8% were
female. Male students tend to be absent more
compared to females by a margin of 2.7%.
On the other hand, students living in the
countryside tend to record more absences
compared to students living in the city by
a margin of 9% (Table 2).

Referring to the attributes classified
in terms of family, we found that 61% of
the samples are expressed with low fa-
mily income and 62.6% of students
have parents with secondary education.
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Fig. 3. Visualization results from the preprocessing phase
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Table 2. Distribution of questionnaire answers (QA) and average absences according to

demographic aspect, %

Attributes Description Distribution of QA Average absences
Gender (GE) Male 64.2 26.3
Female 35.8 23.6
Residence (RS) Village 352 31.2
City 64.8 222

Source: Authors’ calculation.

Table 3. Distribution of QA and average absences according to family aspect, %

Attributes Description Distribution of QA Average absences
Monthly family income (MFI) Low 61.0 31.2
Medium 332 15.8
High 5.8 19.3
Parent’s educational level (LPE) Middle School 8.8 43.8
High School 62.6 21.9
Bachelor’s 28.6 3.9
Family member with a chronic Yes 342 42.1
condition (CCF)
No 65.8 16.7
Legal issues in family (LF) Yes 20.8 72.8
No 79.2 12.9
Family member suffering from Yes 19.2 73.4
alcoholism (AMF)
No 80.8 13.9
Parent’s marital status (MSP) Married 95.0 21.8
Divorced 5.0 92.8
Family takes interest in your Yes 91.8 24.1
achievements (AIF)
No 8.2 39.3

Source: Authors’ calculation.

Students who have at least one family mem-
ber with legal and alcohol problems tend to
have a very large number of absences, lead-
ing to failure of the academic year. We also
see that a very important attribute is the mari-
tal status of the parents. Students who have
divorced parents (despite being only 5%),
miss on average about 92.8% of the hours, by
which they miss the full academic year. Re-
ferring to other attributes categorized in terms
of family, it is worth noting that students
with parents who have low education, low

INTERNATIONAL EXPERIENCE IN THE INTEGRATION OF EDUCATION

monthly income, and do not express interest
in the achievements of their children, tend to
make more absences from school (Table 3).
Based on the results displayed in the table
above hypothesis H2: “Students with higher
absenteeism rates come from lower-income
families™, is false. The attribute that affects
student absenteeism most is parent’s marital
status (divorced, 92.8%) (Table 4).
According to the results obtained,
we see that only 23% of students really
like the field of study they are pursuing.
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Table 4. Distribution of QA and average absences according to university aspect, %

Attributes Description Distribution of QA Average absences

Enjoying field of study (SPE) Not at all 46.6 352
Adequate 304 26.5

Very much 23.0 3.8

Satisfied with auditorium Not at all 38.6 28.4
conditions (CAS) Adequate 358 28.5
Very much 17.6 11.1

Dedicated lecturers (LD) Not at all 18.6 33.8
Adequate 55.5 30.2

Very much 34.8 14.4

Campus safety (SC) Not at all 16.6 63.3
Adequate 74.2 18.1

Very much 9.2 11.3

Satisfied with academic Not at all 9.4 74.3
leaders (LAS) Adequate 65.6 243
Very much 25.0 9.9

Study program (PS) Bachelor 56.0 23.6
Master 44.0 27.6

Source: Authors’ calculation.

Additionally, 17.6% of students are satisfied
with the conditions of the auditorium, while
the rest expressed insufficient satisfaction or
none at all. Students who have expressed dis-
satisfaction with university leaders as well as
those who do not feel safe on campus tend to
have arelatively large number of absences. We
also emphasize that students who do not like
their field of study, are not satisfied with the
conditions of the auditors, and are dissatis-
fied with the dedication of the lecturers, have
a tendency to perform more absences com-
pared to students who have expressed other-
wise. Regarding the study program, students
who attend master studies have a relatively
higher percentage of absences compared to
students attending bachelor studies (Table 5).

Referring to the attributes categorized
in the individual aspect, only 25.2% of stu-
dents are very motivated to go to university,
which presents a very concerning factor.
Students who have expressed that they work
full-time, suffer from a chronic illness, and

those who do not feel motivated to go to
university, tend to have a very large number
of absences. Regarding the distance from
the university, we see that students living
at a relatively long distance (20-50 km)
have a higher percentage of absences com-
pared to students living closer to the univer-
sity. Also, referring to the roommate attribu-
te, we see that students who live alone tend
to commit more absences (Table 6).

From the results, it is evident that for stu-
dent-student relations and the student-lecturer
relations, a small percentage of students have
expressed that they have very good ones. It is
noteworthy that students who have expressed
their association with friends who con-
sume alcohol, drugs, or have legal problems,
and students who do not have good relations
with other students and lecturers, have a large
percentage of absences. Also, we see that
students who regularly frequent bars and
nightclubs have a much higher percentage of
absences compared to students who do not.
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Table 5. Distribution of QA and average absences according to individual aspect, %

Attributes Description Distribution of QA Average absences
Employment status (SE) Part-time 44.8 28.9
Full-time 7.8 59.5
No 47.4 16.38
Who do you live with (LEFO) Alone 16.2 34.7
Family 26.4 9.9
Friends 57.4 29.8
Distance from the university (UD) 0-5 km 43.6 18.9
5-20 km 30.8 20.6
20-50 km 25.6 422
Chronic health conditions (CHC) Yes 19.6 66.9
No 80.4 15.2
Motivation to attend class (CAM) Not at all 22.6 64.4
Adequate 52.2 15.2
Very much 25.2 11.3

Source: Authors’ calculation.

Table 6. Distribution of QA and average absences according to social aspect, %

Attributes Description Distribution of QA Average absences

Frequent bars, nightclubs (CBF) Yes 28.4 56.5

No 71.6 13.1

Satisfied with student activities Not at all 36.4 44.9

(ASS) Adequate 54.0 15.3

Very much 9.6 53

Relationship with other students Good 61.4 13.4

(SR) Adequate 21.6 72.0

Very good 17.0 8.1

Relationship with lecturers (LR) Good 55.6 10.8

Adequate 32.0 56.8

Very good 12.4 9.4

Friends facing issues with Yes 20.4 60.6
alcohol, drugs, or legal issues

(LADF) No 78.6 15.1

Sufficient study space (SS) Yes 64.0 15.2

No 36.0 435

Source: Authors’ calculation.
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Finally, we see that students who are dis-
satisfied with student activities as well as do
not have the necessary study space, tend to
be absent more compared to students who
have expressed otherwise.

After analyzing the impact of all 5 rele-
vant aspects and their pertaining attributes,
it is evident that our first hypothesis Hl:
“The attribute that has the greatest effect
on student absenteeism is part of the family
aspect category”, is true. The family aspect
constitutes the attribute that has the highest
effect on student absenteeism (parents mari-
tal status, divorced, 92.8%).

Discussion and Conclusion

This study focused on analyzing and
evaluating the factors that lead students to
drop out of the class through machine lear-
ning algorithms. Based on the findings of the
study, conducted in FTI, this section offers
recommendations to solve such a problem.
Referring to the findings of the study, it is
noted that the use of classification methods
and specific analyzed algorithms serve as
a very good tool to analyze the objectives of
our study, but also beyond. Based on the lite-
rature studies, we selected to analyze 26 att-
ributes which we categorized into 5 groups.
In the first study group that includes demo-
graphic aspects, we recommend that a more
detailed study should be conducted in the fu-
ture for these attributes to determine what are
the real factors driving students who live
in rural areas to have more absences com-
pared to students who live in the city. Simi-
larly, deeper social investigation beyond our
scope is required to analyze why men tend to
be absent more compared to women.

In the second group that includes the fami-
ly aspect, according to the study, students who
have family problems, low income, divorced,
or sick parents tend to make more absences
than the other category of students. As men-
tioned earlier when studying the validity of
our hypotheses, the family aspect is crucial in
every society. When observing individual att-
ributes, lower income of the family proved to
have a lesser negative effect on student absen-
teeism than parent’s marital status. This may
result from the lack of societal and govern-
mental resources needed to help parents and
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children navigate the financial and emotional
outcomes of a divorce. Despite the govern-
ment efforts to help students, there is more to
be done. The financial assistance of students
under the family aspect category should be
considered a priority. Higher education insti-
tutions should set up student counseling offic-
es with specialists to help students cope with
family problems as easily as possible. Also, in
order to minimize the shortcomings, it is ne-
cessary to work with the parents so that they
are very vigilant towards the achievements of
their children in the university, finding diffe-
rent forms of simulation to attend regularly
and to achieve high results.

In the third group categorized in this
study, we noticed that students who tend to
make more absences are those who are not
satisfied with the conditions of auditoriums,
university leaders, the commitment of lectu-
rers and do not feel safe on campus. It is the
duty of the university to improve the condi-
tions of the auditorium with elements that
help with the safety of the students and to
facilitate the interaction of the students with
the lecturers. The university should make
constant investments in improving the condi-
tions of the auditoriums by providing more
study space, more comfortable facilities, and
better technology. Additionally, the universi-
ty should support and encourage the research
work of lecturers so that they can keep up
with the latest developments in their field of
teaching. This way, the study program for the
students becomes not only more enjoyable,
but also closer to the practical knowledge
that the student needs for his employment.

Referring to the attributes categorized
in the individual aspect, we noticed that the
high number of student absences is influ-
enced by factors such as: student employ-
ment; distance from university; school mo-
tivation, and student health problems. To
solve these problems, we recommend that
university leaders com e to terms with busi-
nesses to enable students a flexible schedule
so that they can attend classes and employ-
ment. Regarding University of Durres, we
recommend that university leaders cooper-
ate with the government to provide funding
to build affordable dormitories for students
at or near the university. This solution also
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addresses the absenteeism trend in the resi-
dence attribute discussed above. In addition,
we recommend the academic staff of the uni-
versity to be more flexible and to be closer to
the students, by motivating, and encouraging
students to attend the lesson.

Finally, we offer some recommendations
about the attributes classified in the social as-
pect group. Alcohol and drug abuse is a dis-
turbing phenomenon to every society. Even
in our study, it was observed that students
who frequent bars, nightclubs, or associate
with people who consume alcohol and drugs
tend to be more absent compared to students
who have expressed otherwise. The acade-

mic staff of our university constantly works
in this direction, but we still need continuous
work and an appropriate policy to limit and
control the businesses that students attend.
Additionally, having student counseling of-
fices near the university with specialized staff
can help address this issue. In order to reduce
the absences that students make because they
do not have good relations with other stu-
dents, with lecturers, and are dissatisfied with
student activities, the university should create
the opportunity to organize as many activities
and set up as many student clubs as possible,
because students often are their main actors
and feel themselves quite involved in them.
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