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Abstract. During the last decades, educational data mining has become a significant tool for the prediction of students’ progress
and performance. In this work, we present a new semi-supervised self-trained two-level classification algorithm for predicting
students’ graduation time. The proposed algorithm has three major features: Firstly, it identifies with high accuracy the students
at-risk of not completing their studies; secondly, it classifies the students based on their expected graduation time; thirdly, it
meaningfully relates the explicit classification information of labeled data with the information hidden in the unlabeled data.
Our preliminary numerical experiments indicate that the proposed algorithm exhibits reliable predictions based on the students’
performance during the first two years of their studies.
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1. Introduction

Higher education constitutes a critical factor in
human resources development, increasing people’s
knowledge and competencies and ensuring nations’
economic prosperity. The main objective of a higher
education institute and one of its biggest challenges is
to provide quality education to its students. In 2001, a
National Research Council report [10] illustrated the
immediate need to develop innovative methodologies
to assist higher institutes, which will further improve
the quality of their studies, facilitate students’ timely
graduation and limit their dropout. To achieve a higher
level of studies’ quality, one should consider three key
aspects: the first two put emphasis on refining teaching
and knowledge acquisition methods, while the third
one concerns the development of efficient systems for
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monitoring students’ progress and identifies key as-
pects of their success.

Nowadays, student retention of successful and on-
time graduation constitutes an enduring issue in higher
education [2]. More specifically, recent studies have
shown that only a minority of students has success-
fully completed a four-year bachelor program on time
[17,39,49]. Some of the causes which significantly af-
fect students’ progress are the credits lost in transfer,
the inability to register for required courses and the re-
mediation sequences that usually do not work. As the
cost of higher education (fees, living expenses, etc) has
been significantly increased during the past decade,
prolonged graduation time becomes a crucial factor
in discouraging students, ultimately leading them to
dropout.

A crucial step towards effective intervention is the
development of a system which can accurately pre-
dict students’ graduation time through the continu-
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ous monitoring of their academic progress. Indeed, the
ability to accurately predict students’ future perfor-
mance is essential for effectively carrying out neces-
sary pedagogical interventions to ensure students’ on-
time graduation. Furthermore, by analyzing students’
progress, appropriate strategies and actions could be
better planned by the educational institutions, in or-
der to decrease the students’ mean graduation time and
limit dropout.

Over the last decades, a large amount of students’
records have been maintained and accumulated by
the educational institutes. The application of machine
learning and data mining techniques on these records
is admittedly valuable, offering a first step in extract-
ing useful and novel information in order to gain a
deeper insight in the prediction of students’ progress
and performance. Along this line, many researchers
have conducted studies in order to cluster students
based on their academic progress and identify the key
features which affect their performance. Nevertheless,
most of these studies examine the efficiency of super-
vised classification methods, while semi-supervised
methods [23,24,40] have been rarely applied to the ed-
ucational field. Generally speaking, Semi-Supervised
Learning (SSL) methods are prominent machine learn-
ing techniques which attempt to achieve strong gener-
alization by efficiently combining the explicit classifi-
cation information of labeled data with the information
in the unlabeled data [32,44,55,56].

Furthermore, although the prediction of students
performance in a course has been extensively studied
in the literature [7,22–26,28,37,42] the early predic-
tion of their graduation time is a completely differ-
ent task which imposes a set of new challenges. This
is mainly due to four factors: firstly, students attend
many courses during their studies but not all courses
are equally informative about their graduation; sec-
ondly, predictions need to be made based on the evolu-
tion of students’ progress, not only on their most recent
accomplishments; thirdly, students differ in terms of
knowledge backgrounds and specializations; fourthly,
students usually select the courses with different se-
quence. By also taking into account the expanding vol-
ume of data, from the increasing student enrollments
and by the continually shifting performance during
their studies, we conclude that the task of predicting
students’ graduation time becomes a very complicated,
attractive and challenging task.

In this work, we present a new semi-supervised al-
gorithm for the accurate prediction of the students’
graduation time, which is based on the adaptation of

a novel two-level classification scheme [22,25] as a
base learner in the self-training framework. Our pre-
diction model identifies students at-risk of not gradu-
ating within six years of studies or dropout and clas-
sifies the students based on their expected graduation
time. The preliminary numerical experiments indicate
that the proposed algorithm exhibits reliable predic-
tions based on courses’ characteristics, students’ de-
mographic information and their performance in the
courses attended during the first two years of their
studies. In Greece, average university studies are de-
signed to last four years (8 academic semesters) ex-
cept engineering, architecture and medicine which last
longer. Nevertheless, since there is no limit in gradu-
ation time, a student may graduate in more than four
years. In this study, we set the maximum graduation
time to six years.

The remainder of this paper is organized as fol-
lows: The next section presents a survey of recent stud-
ies concerning the application of data mining in ed-
ucation. Section 3 defines the semi-supervised classi-
fication problem and the self-training approach. Sec-
tion 4 presents a detailed description of the data col-
lection and data preparation used in our study and the
proposed semi-supervised two-level classification al-
gorithm. Section 5 presents a series of experiments car-
ried out in order to examine and evaluate the accu-
racy of the proposed algorithm against the most pop-
ular SSL classification algorithms. Finally, Section 6
provides concluding remarks and sketches future work
directions.

2. Related studies

During the last decades, the development and adop-
tion of machine learning systems for predicting stu-
dents’ performance has gained popularity, addressing
many issues in the educational domain and provid-
ing useful outcomes about the learning process and
students’ behavior. In the literature, a variety of re-
search studies has been conducted to predict students’
academic performance either to determine students at-
risk or to facilitate curriculum planning. Some exten-
sive reviews [3,8,12,31,35] present the chronicles of
recent educational data mining advances and develop-
ments and analyze the outcomes produced by a ma-
chine learning approach. Additionally, they describe
in detail the most accurate prediction models utilized
for gaining significant insights on students’ behavior,
interactions and progress, and summarize the diverse
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factors which influence students’ future performance.
A number of studies have been carried out in recent
years; some useful outcomes of them are briefly pre-
sented below.

Nagy et al. [29] developed an intelligent student ad-
visory framework to provide pieces of consultations to
a first year university student to pursue a certain educa-
tion track where he/she will likely succeed in, aiming
to decrease the high rate of academic failure among
students. This framework acquired information from
a database containing the students’ academic achieve-
ments before enrolling to higher education together
with their first year grade after enrolling in a certain
department. After acquiring the relevant information,
the intelligent system provides recommendations for
a certain department for a new student utilizing both
classification and clustering techniques. Furthermore,
the authors presented a case study using students’ data
collected from Cairo Higher Institute for Engineering,
Computer Science and Management department dur-
ing the period 2000-2012, to prove the efficiency of the
proposed framework.

Iam-On et al. [16] present a prediction model for
forecasting students’ dropout prediction in Mae Fah
Luang University using ensemble of mixed-type data
clusterings. Their main goal was to disclose interesting
patterns, which could contribute to predicting student
performance and dropout, based on their pre-university
characteristics, admission details and initial academic
performance at university. The dataset utilized in their
study consists of students’ demographic detail, aca-
demic performance and enrollment records. Their nu-
merical results revealed that their proposed approach is
more effective than several benchmark transformation
techniques, across different classifiers.

Saa [37] studied the identification of multiple fac-
tors which theoretically influence and affect low aca-
demic students’ performance in higher education and
concluded to some interesting results. More specifi-
cally, the author stated that the students’ performance
is not totally dependent on their academic efforts; there
are many other personal and social factors that have
equal or greater influences as well. Moreover, he devel-
oped a qualitative model that classifies students based
on their academic achievements and provides reliable
predictions.

Along this line, Yassein et al. [52] utilized machine
learning and data mining techniques to deeply ana-
lyze students’ data and identify features affecting stu-
dent performance in selected courses in Najran Uni-
versity in Saudi Arabia. More specifically, they stud-

ied the relationship between both practical work and
assignments in several courses and students’ success
rate. Their results revealed the strong relationship be-
tween these factors; in addition, it was found that a
large number of given assignments acts negatively on
course academic performance.

Xu et al. [49] developed a novel machine learning
method based on students’ progressive performance
for predicting students performance in degree pro-
grams. The dataset used in their study contained 1169
undergraduate students over three years from Mechan-
ical and Aerospace Engineering department at UCLA.
Their proposed method adopts a latent factor model-
based course clustering method developed to discover
relevant courses for constructing base predictors, while
an ensemble-based progressive prediction architecture
was developed to incorporate students’ evolving per-
formance into the prediction. Their experimental re-
sults demonstrated the effectiveness of their proposed
method, achieving superior performance to benchmark
approaches.

Burgos et al. [7] utilized knowledge discovery tech-
niques to analyse historical student course grade data
in order to predict whether or not a student will drop
out of a course. They utilized logistic regression mod-
els and the numerical experiments conducted with
data on over 100 students for several distance learn-
ing courses, confirmed the efficacy of their predictive
models. Moreover, their predictive models have been
integrated in a special-purpose tutoring action plan-
ning to enhance the quality of the educational content
thus limiting students’ dropout of a course. The ap-
plication of the plan managed to reduce the dropout
rate by 14% with respect to previous academic years in
which no dropout prevention mechanism was applied.

In more recent works, Livieris et al. [23,24] evalu-
ated the performance of several semi-supervised learn-
ing algorithms for predicting the students performance
in the final examinations. They also presented a case
study utilizing a dataset concerning the performance
of 3716 secondary school students over ten years.
Their preliminary numerical experiments indicated
that semi-supervised methods can develop reliable pre-
diction models which achieve very good classification
accuracy by utilizing a few labeled along with many
unlabeled data. Based on the previous works, Tam-
pakas et al. [41] presented a two-level classification al-
gorithm for predicting students’ graduation time. Ad-
ditionally, they presented some interesting experimen-
tal results indicating that their proposed algorithm ex-
hibits reliable predictions based on the students’ per-
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formance in their courses during the first two years of
their studies.

3. A review of semi-supervised classification via
self-training approach

This section provides the definitions and necessary
notations for the semi-supervised classification prob-
lem and briefly describes the semi-supervised self-
training algorithm.

3.1. Semi-supervised classification

Suppose that X denotes the domain of instances,
in which a single instance x ∈ X is represented as
x = {x1,x2, . . . ,xd ,y} with x belonging to a class y and
a d-dimensional space in which xi is the value of the
i-th feature. Then, let us assume that the training set
L∪U consists of a labeled set L of NL instances where
y is known and of an unlabeled set U of NU instances
where y is unknown with NL � NU . Moreover, there
exists a test set T of NT unseen instances where y is
unknown, which has not been utilized in the training
stage. Notice that the basic aim of the semi-supervised
classification is to obtain an efficient learning hypoth-
esis utilizing the instances in the training set.

3.2. Self-training algorithm

Self-training is a wrapper based semi-supervised ap-
proach which constitutes an iterative procedure of self-
labeling unlabeled data and it is generally considered
to be a simple and effective SSL algorithm. Accord-
ing to Ng and Cardie [30] “self-training is a single-
view weakly supervised algorithm” which is based on
its own predictions on unlabeled data to teach itself.
Nowadays, it has been established as one of the most
popular and frequently utilized semi-supervised algo-
rithms due to its simplicity of implementation and its
classification efficacy [24,27,38].

In the self-training framework, an arbitrary classifier
is initially trained with a small amount of labeled data,
which constitutes its training set. Subsequently, at each
iteration the classifier’s training set is augmented grad-
ually with classified unlabeled instances which have
achieved a probability value over a defined threshold
c and thus are considered sufficiently reliable to be
added to the training set. In other words, it is itera-
tively enlarging its training labeled set with its own
most confident predictions and retrained, aiming to in-

crease its accuracy by exploiting unlabeled points. No-
tice that the way in which the confidence predictions
are measured is dependant on the type of utilized base
learner [45]. A high-level description of Self-training
algorithm is presented in Algorithm 1.

Algorithm 1: Self-training

Input: L − Set of labeled instances.
U − Set of unlabeled instances.
c − Confidence level.
C − Base learner.

Output: Trained classifiers C.

1: repeat
2: Train C on L.
3: Apply C on U .
4: Select instances for which the classifier’s confidence

is more than c per iteration (xMCP).
5: Remove xMCP from U and add to L.
6: until some stopping criterion is met or U is empty.

Clearly, this model accepts that its own predictions
tend to be correct without making any specific assump-
tions for the input data. Therefore, since the success
of the self-training algorithm is heavily depended on
the newly-labeled data based on its own predictions,
its weakness is that erroneous initial predictions will
probably lead the classifier to generate incorrectly la-
beled data [55].

Moreover, in the original description of the self-
training approach [51], the iterative process was re-
peated until all the instances from U are labeled and
added to L. Nevertheless, Blum and Mitchell [6] es-
tablished a limit to the number of iterations which has
been adopted by many researchers [24,43–45].

4. Research methodology

The main goal of the research described in this pa-
per is the development of a prediction model for the
early identification of students at-risk of not complet-
ing their studies within six years and accurately classi-
fying the students who are about to successfully gradu-
ate. We have adopted a two-stages methodology, where
the first stage concerns data collection and data prepa-
ration, while the second one deploys the proposed
semi-trained two-level classification algorithm.
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4.1. Dataset

We have utilized a dataset concerning 282 student
records from the School of Health & Social Welfare
of Technological Institute of Western Greece over four
years (2010-2013). The data consists of demographic
information as well as information of the students’
performance in courses of the first two years of their
studies. It is worth to note that the Bachelor’s degree
program consists of four (4) academic years (eight
semesters). Each record comprised 127 variables di-
vided in two groups: the “Demographic-based group”
and the “Performance-based group”.

The Demographic-based group represents attributes
concerning students’ gender, age, home location and
type of high school, which are presented in Table 1.
Notice that, the reason why most researchers utilize
this demographic information is because the students
with different demographic features usually exhibit
different styles of learning process [5].

Attribute Values

Genger male/female
Age integer
Home location nominal
High school type technical/general/evening

Table 1

Demographic-based group attributes

Attribute Values

Type of course core/laboratory/clinical
Number of times examined integer
Final grade in the course integer

Table 2

Performance-based group attributes

The Performance-based group represents attributes
concerning courses characteristics and students’ progress
in several courses. More analytically, the Bachelor’s
program in the first two years includes twenty five (25)
core courses, twelve (12) laboratory courses and four
(4) clinical ones. For each course, we register its type
(core/laboratory/clinical), the number of times the stu-
dent has taken exams to pass the course during the first
three years of his/her studies and the final grade (Table
2). It is noted that in case, the student had not success-
fully passed the course, the grade assigned is -1.

Finally, the students were classified utilizing a four-
level classification scheme, based on the years needed

to complete their studies, namely {4 years, 5 years, 6
years, Fail}; the class distribution is illustrated in Fig-
ure 1.
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Fig. 1. Class distribution

4.2. A semi-supervised self-trained two-level
classification algorithm

The proposed algorithm is based on the adoption
of a two-level classification scheme as a base learner
in the self-training framework. Generally, two-level
classification schemes are heuristic pattern recogni-
tion tools which are supposed to yield better classifi-
cation accuracy than single-level ones at the expense
of a certain complication of the classification structure
[18,22,25,50].

Next, we present a detailed description of the two-
level classifier which constitutes the base learner in
the proposed self-training framework. The first level of
classification scheme utilizes a classifier to distinguish
the students who are likely to “Graduate” or “Fail”.
More analytically, this classifier predicts whether the
student will manage to complete his/her studies within
six years. Clearly, the primary goal of the classifier in
this level is to identify the students who are at-risk of
not completing their studies. In the rest of this work,
we refer to this classifier as A-level classifier. In case
the verdict (or prediction) of the A-level classifier is
“Graduate”, a second-level classifier is utilized to con-
duct a more specialized decision and distinguish be-
tween “4 years”, “5 years” and “6 years” to finish
his/her studies. We refer to this classifier as B-level
classifier. An overview of our two-level base learner is
depicted in Figure 2.

Moreover, it is worth to mention that the corre-
sponding training labeled sets LA and LB of the A-
level and B-level classifier, are generated by the orig-
inal training set L as follows: Let (x,y) be an instance
contained in the training labeled set L, where x stands
for the vector of attributes while y stands for the out-
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Fig. 2. An overview of the two-level classifier

put variable. In case, y = “Fail” then it is immediately
imported to the training set LA. In contrast, in case
y 6= “Fail” then the instances (x,“Graduate”) and (x,y)
are imported in the training sets LA and LB, respec-
tively.

In fact, LA is composed of all the instances in which
the respective output variable y is “Fail” and the rest
instances of the training set with the output variable y
changed into ”Graduate”; while LB is constituted by
all the instances of the training set in which the respec-
tive output variable y is “4 years”, “5 years” and “6
years”. A high level description is presented in Algo-
rithm 2.

Algorithm 2: Train2Level

Input: CA − User selected A-level base learner.
CB − User selected B-level base learner.
L − Set of training labeled instances.

Output: Trained classifiers CA and CB.

/* Construction of training sets LA and LB */
1: Set LA = /0 and LB = /0 .
2: for each (x,y) ∈ L do
3: if (y == “Fail”) then
4: LA = LA ∪{(x,y)}.
5: else
6: LA = LA ∪{(x,“Graduate”)}.
7: LB = LB ∪{(x,y)}.
8: end if
9: end for

/* Training phase */
10: Train classifier CA on labeled set LA.
11: Train classifier CB on labeled set LB.

Remarks: For each instance (x,y) in the training labeled set L, x

stands for the vector of attributes while y stands for the output vari-
able i.e. y ∈ {“4 years”, “5 years”,“6 years”,“Fail”}.

In the sequel, we describe the proposed semi-
supervised algorithm which incorporates the presented
two-level classifier as a base learner in the self-training
framework. Initially, the two-level classifier is trained
on the training labeled set L. Next, the base learner is
applied to the unlabeled set U in order to classify the
unlabeled instances, aiming to enlarge L with its own
most confident predictions in the following way:

Suppose that (xu,yu) is an unlabeled instance con-
tained in U . If the instance is predicted as “Fail” by the
A-level classifier (Step 5), then in case its estimated
confidence is over a predefined threshold c1, then the
instance (xu,“Fail”) is added to the labeled set L (Steps
6-9), otherwise it is omitted. If the unlabeled instance
is predicted as “Graduate” by the A-level classifier
(Step 11), then if the estimated confidence of A-level
classifier is over the predefined threshold c1 (Step 12),
then the instance is considered to be labeled by the B-
labeled classifier. More specifically, in case the esti-
mated confidence of B-level classifier is over another
predefined threshold c2, then the instance is considered
sufficiently reliable to be added to the labeled training
set L, labeled by the B-level classifier (Steps 13-17);
otherwise it remains in the unlabeled set U . It is worth
noticing that in case an unlabeled instance is not la-
beled by the two-level base learner then it still remains
in the unlabeled set U and it is re-examined in the
next iteration. Moreover, the way the confidence pre-
dictions are measured in Steps 6, 11 and 13, depends
on the type of the used base learner (see [4,14,45] and
the references there in).

A high level description of the proposed semi-
supervised Self-Trained Two-Level algorithm (STTL)
algorithm is presented in Algorithm 3.
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Algorithm 3: Self-Trained Two-Level algorithm (STTL)

Input: L − Set of labeled instances (Training labeled set).
U − Set of unlabeled instances (Training unlabeled set).
CA − User selected A-level base learner.
CB − User selected B-level base learner.
c1 − Confidence level of A-level base learner.
c2 − Confidence level of B-level base learner.

Output: Trained two-level classifier.

1: repeat
2: Train2Level(CA,CB,L). (Algorithm 2).
3: for each (xu, ŷu) ∈U do
4: ŷA =CA(x). (Apply CA on x)
5: if (ŷA == “Fail”) then
6: if (Conf (CA,xu)> c1) then
7: L = L∪{(xu, ŷA)}.
8: U =U−{(xu, ŷu)}
9: end if

10: end if
11: if (ŷA == “Graduate”) then
12: if (Conf (CA,xu)> c1) then
13: ŷB =CB(x). (Apply CB on x)
14: if (Conf (CB,xu)> c2) then
15: L = L∪{(xu, ŷB)}.
16: U =U−{(xu, ŷu)}
17: end if
18: end if
19: end if
20: until some stopping criterion is met or U is empty.

Remarks: For each instance (xu, ŷu) in the unlabeled set U , ŷA and
ŷB stand for the predicted output variable by the A-level and B-level
classifier on xu, respectively; while Conf (CA,xu) and Conf (CB,xu)

stand for the estimation confidence of A-level and B-level over in-
stance xu, respectively.

5. Experimental results

In this section, we report on a series of experi-
ments carried out to explore the efficiency of the pro-
posed semi-supervised self-trained two-level classifi-
cation algorithm. The parameters of the proposed al-
gorithm STTL were set c1 = 0.95 and c2 = 0.8 while
all base learners were used with their default parameter
settings included in the WEKA 3.9 Machine Learning
Toolkit for minimizing the effect of any expert bias.

Our experimental results are obtained in three dis-
tinct phases: In the first phase, we evaluate the classi-
fication performance of the proposed self-labeled two-
level classification algorithm against the classical Self-

training algorithm; in the second phase, we explore the
classification efficiency of the proposed algorithm uti-
lizing different learners as A-level and B-level clas-
sifiers; while in the third phase, we evaluate its per-
formance with that of the most popular and com-
monly used self-labeled algorithms and supervised al-
gorithms.

The following supervised classification algorithms
were utilized as A-level and B-level classifiers: Naive
Bayes (NB) algorithm was the representative of the
Bayesian networks [11] while the Multi-Layer Percep-
tron (MLP) [36] was the representative of the artifi-
cial neural networks which has been established as
well-known learning algorithm for building and train-
ing a neural network [19]. From the support vector
machines, we have selected the Sequential Minimal
Optimization (SMO) algorithm since it is one of the
fastest training methods [33] while kNN algorithm [1]
was selected as instance-based learner with Euclidean
distance as distance metric. From the decision trees,
C4.5 algorithm [34] was chosen for our study and RIP-
PER (JRip) algorithm [9] was selected as typical rule-
learning technique since it is probably the most fre-
quently utilized method for producing classification
rules. Studies have shown that the above classifiers
constitute some of the most effective and widely used
algorithms [48] for classification problems.

The implementation code was written in Java us-
ing the WEKA Machine Learning Toolkit [14] and the
classification accuracy was evaluated using the strati-
fied 10-fold cross-validation i.e. the data was separated
into ten folds so that each fold had the same distribu-
tion of grades as the entire data set. Furthermore, the
training partition was divided into labeled and unla-
beled subsets. Similar to [44,47] in the division pro-
cess, we do not maintain the class proportion in the la-
beled and unlabeled sets since the main aim of semi-
supervised classification is to exploit unlabeled data
for better classification results. Hence, we use a ran-
dom selection of examples that will be marked as la-
beled instances, and the class label of the rest of the
instances will be removed. Moreover, we ensure that
every class has at least one representative instance. In
order to study the influence of the amount of labeled
data, three different ratios of the training data were
used: 20%, 30% and 40%.

5.1. First phase of the experiments

In the sequel, we evaluate the performance of the
proposed algorithm STTL against Self-training using
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several base learners in terms of accuracy. Accuracy
constitutes probably the most frequently used measure
for assessing the overall effectiveness of an algorithm
and it is defined as the ratio of correct predictions of a
classification model, namely

AC =
number of Correctly classified students

total number of students

Table 3 summarizes the accuracy of the proposed
two-level algorithm and Self-training, relative to all la-
beled ratio. Notice that for each utilized base-learner,
the highest accuracy is highlighted in bold. Clearly, the
aggregated results present that the proposed algorithm
is by far the most effective one, independent of the
ratio of labeled instances. Moreover, the self-trained
two-level algorithm presents the highest classification
accuracy in all cases except the one using SMO as base
learner for ratio 20% and 30%.

Base Ratio = 20% Ratio = 30% Ratio = 40%
learner Self STTL Self STTL Self STTL

NB 35.44% 47.68% 31.49% 47.70% 37.24% 48.52%
MLP 55.33% 60.08% 56.70% 60.53% 60.27% 64.88%
SMO 56.76% 49.82% 58.53% 54.37% 59.61% 60.75%
C4.5 66.69% 67.33% 66.00% 68.30% 66.69% 69.40%
JRip 52.14% 59.17% 55.31% 60.02% 55.63% 64.73%
kNN 64.85% 66.17% 73.39% 77.92% 75.86% 81.48%

Table 3

Performance evaluation of STTL against Self-training algorithm

5.2. Second phase of experiments

Next, we focus our interest on the experimental
analysis on evaluating the performance of the proposed
algorithm utilizing different classification algorithms
as A-level and B-level classifiers. Therefore, we con-
sider the following three performance metrics.

ANG =
number of students correctly predicted Not to Graduate

total number of not graduated students

AG =
number of students correctly predicted to Graduate

total number of graduated students

ACGT =
number of graduated students Correctly predicted their Graduation Time

total number of graduated students

The first two metrics ANG and AG evaluate the per-
formance of A-level classifier, while the third metric
ACGT evaluates the performance of B-level classifier.
Moreover, since the number of students who failed in

the examinations is about 15%, it is crucial for a pre-
diction model to correctly identify them. As one of the
two main goals of this study is to identify the students
at-risk, it is significant to achieve the highest possible
predictive accuracy for the student who failed to grad-
uate within six years of studies. Therefore, similar to
[25,41], we present an additional performance metric

F1.5 =
(1+1.52)nFiF

(1+1.52)nFiF +1.52nFiG+nGiF
,

where nFiF stands for the number of students who
failed to graduate and correctly identified, nFiG stands
for the number of students who failed and identified as
graduated and nGiF stands for the number of students
who graduated and identified as failed.

It is worth mentioning that the performance met-
ric F1.5 takes into account the accuracy for students
who failed and graduated and weights more the ac-
curacy for students who failed than the students who
successfully graduated [46]. From an educator’s per-
spective, it is better to misidentify a “graduate” stu-
dent than a “failed” student. Misidentifying a “gradu-
ate” student as a potential fail may encourage him/her
to work harder and improve his/her performance. In
the contrary, misidentifying a “failed” student as a po-
tential graduated may prevent him/her from taking the
proper actions to enhance its performance [25].

Table 4 presents the performance evaluation of A-
level and B-level classifiers utilizing various classifi-
cation algorithms, relative to all labeled ratio. Notice
that the best score for each performance metric is high-
lighted in bold. Clearly, kNN exhibits by far the best
overall performance as A-level classifier. More analyt-
ically, it reports the highest classification accuracy of
correctly identified students which failed to graduated
while it presents the second highest performance of
correctly identified students which successfully grad-
uated, relative to all labeled ratio. Furthermore, al-
though C4.5 reported the highest performance regard-
ing AG metric, it exhibits poor performance for the per-
formance metrics ANG and F1.5. Therefore, it consti-
tutes one of the worst prediction model for identify-
ing students at-risk of failing to graduate in this study.
With respect to the performance metric ACGT , kNN il-
lustrates the highest percentage of correctly classifying
students which have successfully graduated, followed
by C4.5.

Tables 5, 6 and 7 summarize the performance of
the proposed semi-supervised two-level classifier us-
ing various A-level and B-level classifiers, utilizing
20%, 30% and 40% as labeled data ratio, respectively.
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Ratio = 20% Ratio = 30% Ratio = 40%
Classifier ANG AG F1.5 ACGT ANG AG F1.5 ACGT ANG AG F1.5 ACGT

NB 26.09% 84.42% 26.62% 55.28% 32.61% 89.45% 34.95% 58.29% 43.48% 81.91% 40.75% 60.30%
MLP 60.87% 96.98% 66.18% 65.33% 60.87% 95.98% 65.23% 67.34% 60.87% 96.98% 64.31% 68.84%
SMO 39.13% 98.49% 46.99% 63.32% 47.83% 99.50% 56.52% 67.34% 50.00% 99.50% 58.63% 72.36%
C4.5 52.17% 93.47% 55.52% 72.36% 56.52% 96.48% 61.90% 73.87% 60.87% 93.97% 63.41% 78.39%
JRip 52.17% 96.48% 57.99% 67.34% 52.17% 97.49% 58.87% 70.35% 56.52% 95.48% 61.01% 72.86%
kNN 73.91% 97.49% 77.54% 72.31% 71.74% 97.98% 76.33% 79.90% 82.61% 97.48% 84.30% 85.43%

Table 4

Performance evaluation of each classifier for performance metrics
ANG, AG, F1.5 and ACGT

B-Level

NB MLP SMO C4.5 JRip kNN

A
-L

ev
el

NB 47.68% 49.85% 53.85% 53.55% 49.07% 63.62%
MLP 55.87% 60.08% 59.18% 64.08% 61.72% 65.37%
SMO 53.43% 52.23% 49.82% 62.05% 46.12% 61.72%
C4.5 52.15% 59.15% 59.27% 65.35% 59.63% 62.02%
JRip 53.45% 56.82% 54.27% 67.03% 59.17% 66.60%
kNN 58.02% 65.80% 59.70% 65.77% 56.78% 66.17%

Table 5

Performance evaluation of self-trained two-level classification algorithm (Ratio = 20%)

B-Level

NB MLP SMO C4.5 JRip kNN

A
-L

ev
el

NB 47.70% 50.17% 55.55% 57.17% 56.37% 66.57%
MLP 55.88% 60.53% 62.83% 67.78% 66.05% 71.47%
SMO 58.33% 55.62% 54.37% 68.13% 58.48% 63.68%
C4.5 53.03% 58.07% 61.97% 68.30% 60.82% 64.52%
JRip 53.43% 59.18% 58.73% 71.40% 60.02% 73.00%
kNN 58.02% 66.70% 63.77% 70.65% 64.98% 77.92%

Table 6

Performance evaluation of self-trained two-level classification algorithm (Ratio = 30%)

B-Level

NB MLP SMO C4.5 JRip kNN

A
-L

ev
el

NB 48.52% 53.27% 57.23% 63.65% 59.58% 65.35%
MLP 56.70% 64.88% 64.43% 68.55% 71.80% 77.88%
SMO 56.72% 63.62% 60.75% 72.23% 63.25% 72.28%
C4.5 55.02% 61.25% 66.15% 69.40% 64.22% 73.57%
JRip 56.65% 64.05% 65.28% 71.90% 64.73% 77.43%
kNN 62.50% 70.63% 66.12% 77.55% 68.50% 81.48%

Table 7

Performance evaluation of self-trained two-level classification algorithm (Ratio = 40%)
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As before, the best classification performance for each
labeled ratio is highlighted in bold. kNN exhibited
the highest average classification accuracy as A-Level
classifier, relative to all labeled ratio, followed by
MLP and JRip. More specifically, it presented 62.04%,
67.01% and 71.13% average classification accuracy
utilizing 20%, 30% and 40% as labeled data ratio, re-
spectively. Furthermore, as regards B-level classifier,
kNN exhibited the best performance reporting 64.25%,
69.53% and 74.67% average classification accuracy
utilizing 20%, 30% and 40% as labeled data ratio, re-
spectively.

In the area of machine learning, the statistical
comparison of classification algorithms over multiple
datasets is fundamental and it is frequently performed
by means of a statistical test [24,26]. Since our motiva-
tion stems from the fact that we are interested in eval-
uating the rejection of the hypothesis that all the algo-
rithms perform equally well for a given level based on
their classification accuracy and highlighting the exis-
tence of significant differences between our proposed
algorithm and the classical self-labeled algorithms, we
utilized the non-parametric Friedman Aligned Rank-
ing (FAR) [15] test. Moreover, the Finner test [13] is
applied as a post-hoc procedure in order to find out
which algorithms present significant differences.

Classifier FAR Finner Post-Hoc Test

pF -value Null Hypothesis

kNN 16.7222 - -
MLP 36.7222 0.055409 accepted
Jrip 47.0556 0.004583 rejected
C4.5 57.2222 0.000175 rejected
SMO 73.6667 0 rejected
NB 95.6111 0 rejected

Table 8

FAR test and Finner post-hoc test for A-level classifier

Tables 8 and 9 present the information of the sta-
tistical analysis performed by nonparametric multiple
comparison procedures for all classification algorithms
utilized as A-level and B-level classifiers, respectively.
Notice that the control algorithm for the post-hoc test
is determined by the best (e.g. lowest) ranking ob-
tained in each FAR test. Moreover, the adjusted p-
value with Finner’s test (pF ) was presented based on
the corresponding control algorithm at the α = 0.05
level of significance. The post-hoc test rejects the hy-
pothesis of equality when the value of pF is less than
the value of a.

Classifier FAR Finner Post-Hoc Test

pF -value Null Hypothesis

kNN 14.6667 - -
C4.5 24.1667 0.362857 accepted
Jrip 58.5556 0.000033 rejected
SMO 66.7222 0.000001 rejected
MLP 68.3889 0.000001 rejected
NB 94.5 0 rejected

Table 9

FAR test and Finner post-hoc test for B-level classifier

Clearly, kNN demonstrates the best overall perfor-
mance as A-level and B-level classifier, reporting the
highest probability-based ranking by statistically pre-
senting better results, relative to all utilized classifica-
tion algorithms.

Based on the previous discussion, we conclude that
the best classification performance of the proposed
self-trained two-level classifier was exhibited in case
kNN was utilized as A-level and B-level classifier.

5.3. Third phase of experiments

In the sequel, in order to illustrate the efficiency
of the proposed self-trained two-level algorithm, we
evaluate its performance against other state-of-the-art
self-labeled algorithms, i.e. [51], Co-training [6], Tri-
training [54], SETRED [20], Democratic-Co learn-
ing [53] and Co-Forest [21], in terms of classifica-
tion accuracy. The configuration parameters of all self-
labeled algorithms used in the experiments are pre-
sented in Table 10.

Self-labeled
algorithm

Parameters

Co-training Maximum number of iterations = 40.
Initial unlabeled pool = 75.

Tri-training No parameters specified.

SETRED MaxIter = 40.
Threshold = 0.1.

Democratic-Co
learning

Classifiers = kNN, C4.5, NB.

Co-Forest Number of Random Forest classifiers = 6.
Threshold = 0.75.

Table 10

Parameter specification for all self-labeled algorithms employed in
the experimentation
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Table 11 summarizes the accuracy of the classi-
cal self-labeled methods and the proposed self-trained
two-level classification algorithm, utilizing 20%, 30%
and 40% as labeled data ratio. Notice that the high-
est accuracy is highlighted in bold for each labeled ra-
tio. It should be mentioned that the proposed algorithm
STTL uses kNN as A-level and B-level classifier. The
interpretation of Table 11 shows that the proposed
algorithm STTL is by far the most effective, present-
ing the highest classification accuracy in all cases, fol-
lowed by Tri-training (kNN) and Co-training (kNN).

More specifically, the STTL reported 66.17%, 77.92%,
81.48% for labeled ratio 20%, 30% and 40%, re-
spectively while Tri-training (kNN) exhibited 65.55%,
75.86%, 78.04% in the same situations.

Algorithm Ratio = 20% Ratio = 30% Ratio = 40%

Co-train (NB) 37.23% 39.73% 42.48%
Co-train (MLP) 44.35% 47.49% 53.88%
Co-train (SMO) 46.15% 47.52% 51.77%
Co-train (C4.5) 62.39% 67.38% 67.41%
Co-train (JRip) 51.06% 53.90% 55.27%
Co-train (kNN) 64.84% 73.35% 78.35%

Tri-train (NB) 40.38% 45.70% 47.49%
Tri-train (MLP) 58.89% 60.97% 61.02%
Tri-train (SMO) 57.84% 60.31% 62.11%
Tri-train (C4.5) 65.95% 66.70% 68.82%
Tri-train (JRip) 58.10% 59.59% 59.95%
Tri-train (kNN) 65.55% 75.86% 78.04%

SETRED 62.97% 64.10% 62.97%
Co-Forest 58.77% 73.10% 73.88%
Democratic 60.63% 67.32% 71.45%

STTL 66.17% 77.92% 81.48%
Table 11

Performance evaluation of STTL against state-of-the-art self-labeled
algorithms

Finally, in order to illustrate the classification per-
formance of the proposed algorithm, we evaluate its
performance against the most popular state-of-the-
art supervised algorithms, namely NB, MLP, SMO,
JRip, C4.5 and kNN. Additionally, we evaluate STTL
against its component Supervised Two-Level (STL)
algorithm [41] which utilizes kNN and C4.5 as A-
level and B-level classifier, respectively. Notice that all
supervised classifiers were trained with 100% of the
training set while STTL was trained using only 40%
of the training set as labeled data. The aggregated re-
sults presented in Table 12 illustrate that the proposed

algorithm STTL presented better classification accu-
racy than all supervised single classifiers and its com-
ponent STL.

6. Conclusions

In this work, we presented a new semi-supervised
self-trained two-level classification algorithm STTL
for the accurate prediction of the students’ gradua-
tion time. The presented experimental results illus-
trated that the proposed algorithm identifies students
at-risk of not graduating and accurately classifies the
students’ based on their graduation time. Our work
could provide valuable hints and insights for better
educational support by offering customized assistance
according to students’ predicted performance, hence it
can be used as a reference for decision making in the
graduate program admission process.

Our future work focuses on augmenting our exper-
iments by applying the proposed algorithm on addi-
tional data from several departments in order to ex-
tract useful information about key factors which may
affect and influence students’ performance. Since our
experimental results are quite encouraging our future
research concerns the adaptation of our methodology
to other self-labeled methods, such as co-training and
tri-training.

Finally, it is worth mentioning that the students’ at-
tributes utilized in our work do not constitute a conclu-
sive list. An extension can introduce new attributes and
other criteria which were not in the current database.
Moreover, a study on the significance of each attribute
or the application of feature selection techniques as
a preprocessing step may further increase the perfor-
mance of the proposed algorithm. We certainly intent
to investigate it in the near future.
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