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ABSTRACT
Predicting the success or failure of a student in a course or
program is a problem that has recently been addressed using
data mining techniques. In this paper we evaluate some of
the most popular classification and regression algorithms on
this problem. We address two problems: prediction of approval/failure and prediction of grade. The former is tackled
as a classification task while the latter as a regression task.
Separate models are trained for each course. The experiments were carried out using administrate data from the
University of Porto, concerning approximately 700 courses.
The algorithms with best results overall in classification were
decision trees and SVM while in regression they were SVM,
Random Forest, and AdaBoost.R2. However, in the classification setting, the algorithms are finding useful patterns,
while, in regression, the models obtained are not able to beat
a simple baseline.
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1.

INTRODUCTION

Recently, the University of Porto (UPorto) identified modelling of the success/failure of students in each course as one
of its priorities. The goal is to use the models for two tasks:
make predictions for the individual performance of students
in courses and understand the factors associated with success and failure. These models are relevant to five levels
of decision, namely: Course teacher, Program Director, Department Director, Faculty Director and University Rector.
Course teachers and program directors can use the models
to identify students at risk and devise strategies that can

reduce the risk of failure. Also, program directors as well
as department directors can find them useful in designing
program syllabus. Finally, the top levels of university management can use these models to understand general trends
and behaviours in student performance, which can lead to
new or adapted pedagogical strategies.
The fact that models are needed for different levels of decision requires that these models have different granularities.
In other words, course teachers and program directors are
able to work with a few or a few dozen models, respectively.
However, the other levels of management would have to deal
with hundreds, maybe even thousands of models, which is
not feasible. On the other hand, each course presents different particularities which makes the creation of a unique
model to predict academic success for all the courses, an extremely hard task. Such a model would have to aggregate
the different factors that influence success in very different
courses. Therefore, we train a model separately for each
course.
So far, the results obtained and the domain-specific constraints provide a satisfactory justification for the choice of
decision trees. However, there is a need to understand the
impact of this choice in the predictive accuracy of the algorithms, namely when compared with others. Additionally,
although the problem of predicting if a student will pass
or fail (classification task) is relevant for all levels of management of the university, the related problem of predicting
the actual grade (regression task) may provide additional
useful information. Therefore, this study also considers a
comparative analysis of different regression algorithms. This
comparison will also address the question of whether the features that are useful for classification are equally useful for
regression.
The main contributions of this paper are: 1) to compare the
predictive accuracy of different algorithms on the problems
of predicting the performance of students in both classification (predicting success/failure) and regression (predicting the grade) tasks, particularly when comparing with decision trees, which have some other properties that deem

3.1

Figure 1: Experimental Setup
them suitable for this problem; 2) to assess whether the
features which have obtained positive results in the classification task, and that represent essentially administrative
information, are also useful to predict the grades.
The remainder of this paper is structured as follows. Section 2 presents related work. Section 3 describes the experimental set-up and methodology for both classification and
regression models. Section 4 presents the results followed by
section 5 with the conclusions and future work.

2.

RELATED WORK

Predicting students’ performance has been an issue studied
previously in educational data mining research in the context of student attrition [24, 23]. Minaei-Bidgoli [13] used
a combination of multiple classifiers to predict their final
grade based on features extracted from logged data in an
education webbased system.
Pittman [15] performed a study to explore the effectiveness
of data mining methods to identify students who are at risk
of leaving a particular institution. Romero et al. [16] focused
on comparing different data mining methods and techniques
for classifying students based on their Moodle (e-learning
system) usage data and the final marks obtained in their
respective programmes. The conclusion was that the most
appropriate algorithm was decision trees for being accurate
and comprehensible for instructors. Kabakchieva [10] also
developed models for predicting student performance, based
on their personal, pre-university and university performance
characteristics. The highest accuracy is achieved with the
neural network model, followed by the decision tree model
and the kNN model.
Strecht, Mendes-Moreira and Soares [20] work predicted the
failure of students in university courses using an approach
to group and merge interpretable models in order to replace
them with more general ones. The results show that merging
models grouped by scientific areas yields an improvement in
prediction quality.

3.

METHODOLOGY

To carry out the experiments, a system with four processes
was developed following the architecture presented in Figure 1. The first process creates the data sets (one for each
course in the university) from the academic database, containing enrolment data. The courses data set were then used
by two processes to create classification and regression models for each course using various algorithms. These models
were evaluated using suitable performance metrics (different
for classification and regression) that are collected to allow
analyses and comparison by the final process.

Data Extraction

This process extracts data sets from the academic database
of the university information system. The analysis done
focuses on the academic year 2012/2013. A total of 5779
course data sets were extracted (from 391 programmes).
The variables used were: age, sex, marital status, nationality, displaced (whether the student lived outside the Porto
district), scholarship, special needs, type of admission, type
of student (regular, mobility, extraordinary), status of student (ordinary, employed, athlete, . . .), years of enrolment,
delayed courses, type of dedication (full-time, part-time),
and debt situation. The target variables are approval for
classification and final grade for regression.
The final grade in these data sets is stored as a numerical
value between 0 and 20. However, there are some special
cases in which the grade is given as an acronym (e.g, RA
means fail because of dropout), which is not feasible for
regression. In such cases, in which a student failed, we converted the grade to 0.

3.2

Creation and evaluation of models

Two processes trained a set of models for classification
and regression respectively for each course using different algorithms. For classification we have used k-Nearest
Neighbors (kNN) [9], Random Forest (RF) [2], AdaBoost
(AB) [7], Classification and Regression Trees (CART) [3],
Support Vector Machines [21], Naı̈ve Bayes (NB) [12] and
for regression we used Ordinary Least Squares (OLS) [18],
SVM, CART, kNN, Random Forest, and AdaBoost.R2
(AB.R2) [8].
This selection of algorithms was based on the most used
algorithms for general data mining problems [22]. In this
set of experiments a standard values of parameters was used.
As baseline in classification we defined a model which always
predicts failure. For regression, the baseline model predicts
the average grade of the training set of a given course.
Models were evaluated using the k-fold cross-validation
method [19] with stratified sampling [11]. The distribution
of positive and negative instances is not balanced, thus it is
necessary to ensure that the distribution of students in each
fold respect these proportions. Failure is the positive class
in this problem and we used F1 score for evaluation [5]. All
regression models used 10-fold cross validation and the Root
Mean Squared Error (RMSE) as evaluation measure [4].
Training and evaluation of models was replicated for each
course. Courses with less then 100 students were skipped.
This resulted in around 700 models for each algorithm in
both classification and regression.

3.3

Performance Analyses

In both classification and regression, the algorithms were
compared by placing box plots side by side relating to F1
and RMSE respectively. To get a better perspective of the
distribution of results, violin plots are presented together
with the box plots. The longest horizontal lines inside the
boxes refer to the median while the shortest refer to the
average. A few descriptive statistics were also collected and
presented in tables.

Table 1: Classification models results (F1)
Rank
1
2
3
4
5
6
7

Algorithm
SVM
CART
NB
RF
AB
Baseline
kNN

Avg
0.60
0.56
0.55
0.45
0.45
0.45
0.42

Std Dev
0.17
0.17
0.16
0.22
0.21
0.20
0.24

Max
1.00
1.00
1.00
0.93
0.92
0.94
0.93

Min
0.00
0.00
0.00
0.00
0.00
0.08
0.00

Figure 2: F1 score for each classification algorithm
In order to statistically validate the results obtained in the
experiments we have used the Friedman test as suggested
by Demšar to compare multiple classifiers [6]. We have used
the typical value of 12 groups of models often referred as
data sets in this context.

4.

RESULTS

This section presents the results obtained by running experiments to train models for both classification and regression.

4.1

Classification

Figure 2 presents the F1 score distribution of models across
algorithms. Table 1 presents some basic statistics about the
results. Algorithms are ranked by descending order of values
of the average and standard deviation of F1 scores.
The first fact that stands out from Figure 2 is that none
of the algorithms present exceptional results. Albeit this,
some of them seem to systematically outperform the baseline, namely SVM, CART and NB.
Table 1 confirms that SVM is the algorithm with the best
performance, clearly outperforming the baseline. Not only it
provides the highest average F1 score, 0.60±0.17, but sometimes it also achieves a maximum F1 score of 1.0, while the
maximum score of the baseline is 0.94. Finally, although the
minimum score is lower than the baseline’s (0 vs. 0.08), the
standard deviation is lower (0.17 vs. 0.20) which indicates
that overall, it obtains more robust results.
Similar observations can be made for CART and NB. The
performance of RF and AB is very similar to that of the
baseline, while kNN is worse. The results of Random Forest, in particular, are surprising as this algorithm usually
exhibits a very competitive performance [17].
In spite of the showing some systematic differences, the results are, overall, not very different. This is confirmed by
the results of the Friedman test, χ2 (6) = 2.6071, p = 0.8563,
as the p-value is very high.

4.2

Regression

Figure 3 presents the distribution of RMSE values of models
obtained by the algorithms. Table 2 presents some basic
statistics about the results. The algorithms are ranked by
ascending order of RMSE values.
As in classification, it is also quite straightforward that none
of the algorithms present exceptional results. Also in this
case, there is one algorithm which performs clearly worse

Figure 3: RMSE for each regression algorithm

than the baseline, CART (Table 2). Unlike classification,
all violin plots show exactly the same shape, i.e., equally
sized upper and lower tails. Therefore, differences are more
related to overall performance (i.e. location). This shows
that to compare models it is enough to consider the average
and standard deviation.
The differences in performance are even smaller than in classification. However, Table 2 suggests that SVM was the best
algorithm with an average of 4.65±1.19, but the standard deviation is quite large (1.19) taking into account the RMSE
of the baseline (4.92). These observations are confirmed by
the Friedman test (χ2 (6) = 3.3697, p = 0.7612). In the case
of regression, the value of the RMSE is interpretable, as it
is in the same scale as the target variable. All algorithms
obtain an error around 5, which is very high according to
the scale (0 to 20).
In light of the results obtained in the classification setting,
this is somewhat surprising, since the independent variables
are the same and many of the algorithms used are based
on the same principles.1 Further analysis of the results is
necessary to understand them and to identify possibilities to
improve the results.
1

Although this must be interpreted carefully as it is arguable
to say that, for instance, SVM for classification and regression are the same algorithm.

Table 2: Regression models results (RMSE)
Rank
1
2
3
4
5
6
7

Algorithm
SVM
RF
AB.R2
kNN
Baseline
OLS
CART

Avg
4.65
4.69
4.69
4.72
4.92
4.84
5.46

Std Dev
1.19
1.10
1.02
1.12
1.11
1.19
1.26

Max
8.54
7.66
7.96
7.96
7.59
9.75
8.68

Min
1.03
1.06
1.07
1.10
1.00
1.06
1.22

5.

CONCLUSIONS

Positive results were obtained on the classification approach
where the goal is to predict whether a student will pass or
fail a course. Surprisingly, however, the results on the regression approach, where the goal is to predict the grade of the
student in a course, were bad. Additionally, we found no statistical evidence that the differences in performance between
the algorithms are significant, although some trends are observed. Further analysis is necessary to better understand
these results, which could lead to ideas for improvement. As
a complement of the problems studied in this work, it should
be interesting to predict an interval for a grade [1].
Some algorithms are more sensitive to parameter tuning
than others. Thus it is not guaranteed that they ran with the
best configuration. As future work, some optimisation could
be made using an automate tuning methodology. In addition, feature selection and feature weighting can be carried
out which has proven to yield good results in educational
data [14].
Although the feature set used in the experiments provided
some interesting results in classification, the same did not
happen in regression. Thus, new features could be added.
Features related to academic goals, personal interests, time
management skills, sports activities, sleep habits, etc. are
worthwhile investigating.
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