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Abstract 
Academic performance is a critical factor 
considering that poor academic performance is 
often associated with a high attrition rate. This has 
been observed in subjects of Algorithms and Data 
Structures of Information Systems Engineering 
career (ISI) of the National Technological 
University, Resistencia Regional Faculty (UTN-
FRRe), situated in Resistencia city, province of 
Chaco, Argentine, where the poor academic 
performance is observed at very high rates 
(between 60% and about 80% in recent years). In 
this paper, we propose the use of data mining 
techniques on performance information for 
students of the subject mentioned, in order to 
characterize the profiles of successful students 
(good academic performance) and those that are 
not (poor performance). This article describes the 
data models and data mining used and the main 
results are also commented.  
Keywords: academic performance profiles; data 
warehouses; data mining, knowledge discovery in 
databases.  

1 Introduction 
Clearly, academic performance is a critical factor 
take into account that, frequently, 
underachievement is associated with a high 
dropout rate. This is precisely what has been 
repeatedly observed in subjects of the first level 
of the Engineering in Information Systems career 
(ISI) of the National Technological University 
Resistencia Regional Faculty (UTN-FRRe), 
located in the city of Resistencia, Chaco province, 
Argentine, including Algorithms and Data 

Structures where underachievement is observed at 
very high rates (between 60% and 80% in recent 
years). 
Specifically, academic performance is defined as 
the productivity of the individual, qualified by 
their activities, features and more or less correct 
perception of the assigned tasks [1]. Academic 
performance is affected by a multitude of 
heterogeneous factors (internal and external) that 
influence student performance. Profiling is a 
widespread activity in many areas, and it is 
analogous to the process of identifying and 
classifying patterns. The information is organized 
in large data warehouses (DW) that, after pre-
cleaning, it is analyzed by algorithms that perform 
data mining (DM). 
In this paper, we propose the use of DM 
techniques on information about student 
performance of the Algorithms and Data 
Structures professorship, in Information Systems 
Engineering career that is dictated in the 
Resistencia Regional Faculty at the National 
Technological University (Chaco, Argentine). 
This article is structured as follows: in Section 2 
are detailed concepts and works related to the 
measurement of academic performance. The 
concepts related to DW and DM are presented in 
Section 3. In Section 4 are described the scope of 
the proposal and the model used. In Section 5 the 
results are shown. Finally, in Section 6 some 
conclusions are presented in relation to the work 
done. 

2 Academic Performance 
There are several ways to assess student 
achievement. In general, it involves determining 
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the actual production of a student regarding 
formal activities. Another way is to use indicators 
such as graduation rates, differentiated by types of 
institutions and analyzing student achievement 
from individual data [2] or through entry 
qualifications to university, performing the 
analysis of data using the statistical technique of 
ROC (Receiver Operating Characteristic) curve 
[3]. The cognitive aspects were the basis of the 
early research on the learning process; after 
researchers discovered the importance of 
affective components and their decisive influence 
on learning [4]. 
It has been shown in several studies that the most 
related factor to educational quality are the 
students themselves, measured by household 
socioeconomic status where they come from [5] 
and it has shown that students productivity is 
higher for women, for younger students and those 
from households with more educated parents [6], 
having great importance the relationship between 
hours worked and academic performance [7]. 
It has also been shown that variables such as study 
planning, intelligence, teacher support, study, 
time, environmental conditions of study, and 
involvement were part of the prediction equation 
of multiple regressions, which explain 25.70% of 
variance of academic performance in high school 
[8]. The diversity of studies on academic 
performance shows that there is no single way to 
evaluate it. Moreover, problems can vary 
depending on the regional context and the social 
reality in which the student is inserted. This 
clearly indicates the need to identify profiles in 
specific educational institutions by adapting the 
tools to each particular situation.  

3 Data Handling 
The correct data organization added to a suitable 
model of managing them, can provide a clear 
view of the drawbacks in the performance of 
students. In this sense, there are tools in the area 
of Artificial Intelligence, specifically to the 
Business Intelligence (BI), such as Data 
Warehouses (DW) and Data Mining (DM), used 
to discover hidden knowledge in large volumes of 

data that can be used to determine patterns and 
profiles properly. 
A DW is a collection of data-oriented topics, 
integrated, nonvolatile, time variant, which is 
used to support the process of managerial decision 
making [9] [10] [11] [12]. 
The methodologies to be followed for the 
development of DW depend largely on the size of 
DW to create and the promptness with which the 
DW is required [13] [14]. 
DM is the stage of knowledge discovery in 
databases (KDD). It is the consistent use of 
specific algorithms that generates a list of patterns 
from pre-processed data [15] [16] [17]. DM is 
closely linked to the DW since they provide 
historical information with which mining 
algorithms obtain the information needed for 
decision-making [18]. It also allows extracting 
patterns and trends to predict future behavior [19] 
[20]. Using DM, descriptive and predictive 
models can be generated [21] [22]. 
Currently there are several DM methodologies; 
the most widespread are the CRISP-DM and 
SEMMA [23] [24]. With these methodologies we 
try to explain the behavior of certain variables and 
to identify relevant issues within the academic 
performance. More detailed description can be 
seen in [25]. 
In this context, it is considered as academic 
performance, the results achieved in the 
assessments made during the course completed in 
2013 (loading, filtering and information 
processing was performed in 2014). Low, 
medium, and high student profiles of achievement 
were searched using data mining on a data 
warehouse. 
In similar work [26], it was proposed a model of 
data analysis that integrates academic and 
contextual information.  
As it was mentioned in the previous section, the 
overall objective was to determine the variables 
that explain the unequal academic performance. 
To achieve this, the following activities are 
performed: a) gather information on the current 
situation regarding the academic performance of 
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students, b) filter and debug information in the 
current databases, c) establish the relevant 
variables to describe the situation under study, d) 
determine how it affects each of the variables that 
were set to assess the situation of the student, e) 
determine how it affects each of the variables that 
were set to evaluate the academic context, f) 
establish actions aimed at improving indices 
academic performance of students. 
Using the User-Driven technique we have 
pursued to determine performance profiles (low, 
medium and high) based on the results obtained 
by students in assessments, and then, 
relationships and correlations were look for 
among the variables mentioned in the previous 
section. 

In the first instance, the information for the 
students was taken from the database of the 
academic system, from which the specific data of 
students and their grades were extracted, those 
that were considered as indicators of academic 
performance. Data under the socio-economic 
situation of the student and his family, as well as 
attitudinal aspects regarding the study and ICT 
were collected through a survey using a system of 
forms in an application online. This information 
was preprocessed, making a cleanup of 
inconsistent and missing data. The universe was 
made up of students able to study the subject in 
2013 (we are working on the reporting burden of 
the course of 2014 and previous years, about 300 
students per year) and the unit of analysis was 
each of those students.  
DW structure, as it is shown in Figure 1, consists 
of a fact table and several dimension tables. The 
fact table includes specific student information 
and academic performance, while the dimension 
tables contain information that makes the 
description of socio-economic background of the 
student and family, their academic background in 
high school, and their attitude towards study and 
towards ICT. 

The scheme of work was similar to described in 
[27], adapted to the particularities of the UTN - 
FRRe. The developed actions are indicated in the 

following section, where DM processes 
performed are commented, and also the main 
results obtained. 

 
Figure 1.  DW model used. 

5 Detection of Academic Performance 
Profiles 

The work done was divided into several stages 
such as selection, purification and data 
preparation, data mining, description of the 
results, which are explained below. 
The selecting stage is characterized by the 
following. At this stage, different sources of 
information were selected which served as the 
basis for data mining stage. As a source of internal 
information, it was used the information from the 
corporate and professorship database, where the 
qualifications of the partial exams of students and 
their condition at the end of the completed study 
(Free, Regular, Promoted) are stored. To obtain 
external information was decisive direct 
participation of the student, because it was 
necessary to know information about personal 
issues that could not be achieved otherwise. 
Academic, socioeconomic and attitudinal data 
obtained in the above manner were used for the 
construction of DW which is then used for data 
mining processes. 
The stage of purification and data preparation 
explained below. 
The quality of the patterns obtained with data 
mining is directly proportional to the quality of 
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the data used [28]. Based on this, the objective of 
this stage was the detection, correction, and 
removal of anomalous data. 
Once refined information obtained by each 
student, we proceeded to the manual loading of 
qualifications corresponding to the three 
midterms, examination recovery and the final 
condition of the student at the end of the course. 
As a final activity at this stage, and with full 
information, we proceeded to load DW. At the 
end of the process and before starting the next 
phase, 242 records were available. 
The stage of data mining explained below. At this 
stage, it was selected DM techniques to use, 
creating corresponding mining flows, in which, 
the respective algorithms are parameterized. At 
first, we have started with the supervised 
classification technique with decision trees. 
The analysis of the results was based on 
consideration as mining parameter the variable 
related to the final situation of the student, which 
reflects their status in the matter at the close of 
school term. It was considered as Free students, 
those that not approved neither midterms nor tests 
to recover; Regular, who managed to approve 3 
exams (by retrieving them or not) with greater 
than or equal to 60% note, but did not reach at 
least 75% in all cases. Finally, the students in the 
Promoted state are those who approved all partial 
greater than or equal to 75% note. 
Taking into account the above, we have obtained 
the following results: 81.42% of students in Free 
condition, 10.62% as Regular student, and only 
7.96% as Promoted student. Thus, and always by 
basing the analysis according to Status parameter, 
it was considered different criteria for grouping 
data for the description of classes: dependence of 
secondary school, number of hours dedicated to 
the study, importance given to study, academic 
level of their mother, academic level of their 
father and use of ICT. 
Finally, it is important to refer to the overall 
quality of the model used to classify the Final 
Status Student, which turned out to be 0.944, 
meaning that when estimating the situation based 

on the variables considered in the model, the 
estimate is correct in 94.4% of cases. 

6 Conclusions 
The processes of educational data mining made 
have produced a considerable volume of 
information, whose detailed study will consume a 
considerable amount of time, not only to the 
members of the research project but other areas 
since, as it is supposed, academic performance is 
influenced by socioeconomic and cultural 
background of the students and attitudinal aspects 
of them regarding the study and use of ICT.  
In the following comments are considered high 
academic performance to that achieved by 
students with final status of promoted, medium 
performance to students with situation of regular, 
and performance low, the situation of students 
with free; at the same time it will be considered 
academic success to high and medium 
performance; and academic failure to low 
performance.  
Considering the type of secondary school from 
which students come, it was observed that for all 
categories of academic achievement most 
students come from School of Provincial and 
Municipal level, but with significant differences 
in the percentages as, high academic 
performance: 78%, middle 67%, and low 61%. 
The highest percentage of participation of schools 
Provincial and Municipal level (State) falls under 
the category of higher academic performance. 
In the face of the amount of hours per week that 
students devoted to the study was observed that 
56% of those who have high academic 
performance have spent more than 20 hours per 
week to study, this percentage drops to 50% for 
the medium academic performance and 46% for 
poor academic performance. This indicates a 
direct relationship between the dedication to 
study and academic success. 
Considering the importance that students give the 
study was observed that 89% of those who have 
high academic achievement have given more 
importance to study than fun. This percentage 
drops to 50% for the medium academic 
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performance and 64% for poor academic 
performance. This indicates a relationship 
between academic success and the importance 
given to the study before the fun.  
In consideration of recent studies of the mother 
(the highest level), it was observed that 22% of 
those who have high academic performance have 
mothers with postgraduate studies, this 
percentage is reduced to 7% for poor academic 
performance, being 7.08% for the total 
population. In addition, 33% of those who had a 
high academic performance are children of 
mothers with completed university studies, this 
percentage decreases to 25% for the medium 
academic performance and 17% for poor 
academic performance. This indicates a 
relationship between academic success and the 
level of education achieved by the mother. 
Considering recent studies of the father (the 
highest level), it was observed that 11% of those 
who have high academic performance have 
parents with graduate studies, this percentage is 
reduced to 1% for poor academic performance, 
being 1.77% for the total population. In addition, 
44% of those who had a high academic 
performance are children of parents with 
completed university studies, this percentage 
decreases to 25% for the medium academic 
performance and 21% for poor academic 
performance. This indicates a relationship 
between academic achievement and educational 
level achieved by the father.  
Taking into account the views of students on the 
use of ICT it was observed that 56% of those who 
had a high academic achievement felt that it 
facilitates the learning process, this percentage is 
reduced to 50% for the medium academic 
performance, being 53% for poor. In addition, 
33% of those who have high academic 
performance considered that the domain of ICT 
for professional practice will be essential; this 
percentage rises to 42% for medium and low 
academic performance. This would indicate that 
most students with higher academic performance 
would be concentrated more on the teaching  

learning than in the possible future exercise of the 
profession.  
Clearly, the model presented in this paper is 
suitable for the determination of profiles and 
constitutes a valid tool for academic management.  
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