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Abstract. A learning style describes what are the predominant skills
for learning tasks. In the context of university education, knowing the
learning styles of the students constitutes a great opportunity to im-
prove both teaching and evaluation. By using the Honey-Alonso Learning
Styles Questionnaire (CHAEA), in this work, we carried out a longitudi-
nal study of the correlation between marks and the results of the survey.
The 2018/2019, 2019/2020, and 2020/2021 academic years in two differ-
ent courses from Computer Sciences engineering degrees were studied.
The results were analyzed in order to evaluate the impact of the adap-
tation to digital lessons during the last year.

Keywords: Learning styles, grades, web-based education, higher edu-
cation

1 Introduction

Education researchers have been searching for the factors that affect student
evaluation. One of these factors is represented by the student learning styles,
which refer to individual approaches or preferences used while receiving, pro-
cessing, organizing, and using information [3]. They are drawn from the specula-
tions based on behavior observation and personal statements through a variety of
learning style inventories [12,13]. Thus, the Learning Style Questionnaire (LSQ)
designed by Honey and Mumford [4] was derived from the Learning Style Inven-
tory (LSI) [6] and it was later adopted by Alonso, Gallego, and Honey to the
Spanish educational context [1].

Studying the learning styles involves paying attention to the characteris-
tics, cognitive, affective, and physiological behaviors that different students can
present and have a direct impact on the acquisition and learning process. This
way, learning styles allow us to “conclude” how people act, and are useful for clas-
sifying and analyzing behaviors. With that in mind, different learning method-
ologies take into account these specific features to design the student learning
process such as adaptive learning which focuses on maximizing the learning
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performance of each student by deploying learning resources adapted to the stu-
dent’s characteristics [7].

The Honey-Alonso Learning Styles Questionnaire (CHAEA) is a tool de-
signed for identifying four learning styles (activist, reflector, theorist, and prag-
matist) that can be present in each student to a different degree. Activists learn
by doing, while reflectors learn by observing and thinking about what is happen-
ing. Regarding theorists, they need models, concepts and facts to learn. Respect-
ing pragmatists, they are practical people. These modalities are not exclusive so
that a person can present several ones. The questionnaire consists of 80 assertions
divided into four sections of 20 items corresponding to the four different learn-
ing styles. They can be utilized in any educational area at any age. Most of the
research papers are focused on applying the CHAEA questionnaire to university
students from many different areas, namely, engineering, sanitary, humanities,
etc. [2].

The CHAEA questionnaire has been widely employed over the years. The
identification of the differences between the results in the study of the learning
styles preferences of teachers and postgraduate students was addressed in [11],
whereas in [5] the CHAEA questionnaire, together with the ACRA scale was used
as potential tools to identify the psychoeducational features of students starting
a university degree. Also, a recommendation system of educational strategies
based on rules according to the CHAEA questionnaire was proposed in [8]. More
recently, the CHAEA questionnaire was used in [9] with engineering university
students to analyze development, performance, and gender.

In this paper, a longitudinal study of the learning styles evolution by means
of the CHAEA questionnaire is proposed. Concretely, the CHAEA questionnaire
was used in two courses from two different computer engineering degrees from
the University of Malaga during 3 academic years. Therefore, the information
gathered from the CHAEA questionnaire together with the student’s marks are
not only used to analyze the student learning styles but also the student adap-
tation to the online lessons due to the pandemic. This way, this study aims to
determine if the students’ learning styles of a subject and their marks in the
different academic years are related. If so, this would allow us in subsequent
years to design the course programming adapted to the detected learning styles
and thus favour the students’ learning process.

The rest of this paper is organized as follows. The academic context is shown
in Section 2. In Section 3 the evaluation methodologies are presented. The project
results are given in Section 4. Finally, Section 5 is devoted to conclusions.

2 Academic Context

The University of Malaga offers a wide range of degrees from every branch of
knowledge, having 59 bachelor degrees, 53 master’s degrees, and 35,000 students.
Therefore, diversity is not only present speaking of degrees, but also of academic
years and courses. For example, whereas an engineering degree can have students
with a more practical profile, students will be more thoughtful in a communica-
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Table 1. Summary of number of enrolled students (Attd.) and the participants in the
survey (Resp.) among the considered subjects.

Subject Degree Course Year Attd. Resp. Rate

TALF Comp. Science / Comp. Engineering 2nd
18/19 138 55 39.86%
19/20 135 58 42.96%
20/21 150 39 26.00%

TCIS Software Engineering 3rd
18/19 60 28 46.67%
19/20 70 42 60.00%
20/21 66 36 54.54%

tions degree. However, even in the same degree, students from different academic
years can undergo different profile variations.

In this work, the information from three courses has been gathered, trying to
cover a wide variety. This information is given in Table 1. Courses from the first
years of a degree have been avoided since there can be an important bias in the
results since many students do not be clear about which degree want to study.
Likewise, a sample formed by three different courses from different degrees that
belong to the Computer Sciences engineering branch has been used in order to
perform a complete analysis.

On the other hand, it would be advisable to contextualize the assessment
methodologies of each analyzed course briefly. Automata Theory and Formal
Languages (TALF) course is one of the most theoretical courses from the com-
puter science point of view and also has a sizeable mathematical content. The
TALF assessment consists of 4 independent mid-term exams that can remove
contents from the final exam. The mid-term exams have an only test about the
course contents with penalization in failed questions. Students must pass all the
mid-term exams to pass this course. Regarding the Computational Techniques in
Software Engineering (TCIS) course, its assessment is formed by 13 laboratory
practices, two mid-term exams that can remove contents, and a final exam.

In Table 2, the average and standard deviation grades of the overall group is
presented for each subject and year is shown. As it can be extracted, one of the
subjects, TCIS, has outstanding qualifications since it was easy for the students.
That is because its evaluation is based on practices without the need to pass
a final exam. On the other hand, TALF is a complex theoretical subject that
many students fail in it.

3 Evaluation Methodologies

There are several tools that allow to compute the learning styles of the stu-
dents in an online way. In this work Moodle has been the selected software since
our university uses it as learning management system [10]. This software pro-
vides many resources, the quiz module among them, which easily supports the
management of a questionnaire.
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Table 2. Average mark and standard deviation by differentiating between those stu-
dents who have responded to the CHAEA survey, those who have not responded to the
survey and all students (who has responded and who not) for each subject and course.

Subject Surveyed 18/19 19/20 20/21

TALF
Yes 6.35± 2.30 6.47± 2.13 6.26± 1.88
No 4.82± 2.75 5.33± 2.72 5.39± 2.31

Total 5.43± 2.68 5.82± 2.54 5.62± 2.23

TCIS
Yes 8.17± 0.98 8.03± 1.39 8.27± 1.40
No 7.93± 1.24 8.23± 1.27 8.04± 1.22

Total 8.04± 1.13 8.11± 1.34 8.17± 1.32

At the beginning of the course, students are asked to fullfil the CHAEA
questionnaire. This task is not mandatory, so that it is optional and it does not
affect the final grade. Regarding the final evaluation, it is computed at the end
of the course as usual.

It is known that the instructor has the possibility of selecting a simple grading
or a complex one. In this work, with the objective of a clear explanation of the
grading process, each student is graded with a numerical evaluation in the range
between 0 and 10.

4 Project Results

Next, the results of the surveys and the correlation with the marks are presented
for each of the analyzed subjects.

First of all, in Table 1 is presented the respondents rate with respect to the
total number of students of each subject, during the last three years. Due to
several students do not finish the CHAEA survey, a student is considered that
has completed the survey if that survey has at least the 75% of the questions of
the survey. So that it is considered as completed if it has at least 60 responded
questions (CHAEA survey has 80 questions). As it can be seen, there is not a
clear tendency, although the greatest differences are in the subject TALF, where
there are a large number of students. The online modality of the year 20/21 has
not motivated the students to complete the survey more than the past years. The
equality in the number of respondents will facilitate the extraction of conclusions
of the evolution among years.

The average learning style profiles for each subject are presented in Figs. 1
and 2. The colors represent the results of each year. In TALF, there is a small but
not very significant change in the type of learning style. In the first two years the
students seemed to be more active and theorist, while the course 20/21 pushed
their reflexive side. That is, since most of the lessons were carried out in an
online mode, the students tend to analyze and observe more the explanations
and exercises than trying to participate actively in the lessons.
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Fig. 1. Average learning style profile of the subject TALF.

In the case of TCIS, no differences were found. This behavior might be caused
due to the different evaluation system. In this subject, several small practices
are proposed to the students, and two mid-term exams facilitates the elimination
of content. That is, the evaluation is continuous and it has not changed in the
almost online year 20/21. However, the way the lessons were given in TALF have
changed a bit and practice lessons have almost disappeared, provoking a small
change in the learning style of the students.

In order to analyze the marks, Figs. 3 and 4 exhibit the whisker plots for
subjects TALF and TCIS, respectively, where the maximum whisker length has
been specified as 0.75 times the interquartile range. On one hand, in Fig. 3 it
can be appreciated a difference in the marks obtained by those students who
completed the survey and those who did not. Except for some outlying cases,
the median value is almost 2 points lower and the spread in higher. In general,
there is a great variety of marks within this set of students, which indicates that
the subject is complex and needs special effort to pass it. The evolution along
the years is negative, that is, the grades have got worse. The cause is unclear
but it can be the decreasing level of mathematical fundamentals required for this
subject.

On the other hand, TCIS presented better marks in Fig. 4, and the median
and dispersion are very similar for any type of student. Nevertheless, again the
students with less interest in the questionnaire are those who obtained lower
marks, with the exception of the course 19/20. The overall grades are good
(greater than 8) and there are few falling students.

In Table 2 the average marks can be compared. The tendency is very similar
to the median represented in the whisker plots. The major discrepancies are
found in TALF, where the mean values do not show a clear decrease. Even in
the course 20/21, it has increased slightly with respect to two years ago. The
case of the TCIS subject is analogous. The unexpected result is the 8.23 points
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Fig. 2. Average learning style profile of the subject TCIS.
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Fig. 3. Whisker plot of marks, by differentiating between those students who have
responded to the CHAEA survey, those who have not responded to the survey and all
students (who have responded and who not) for subject TALF.

of the course 19/20, which is higher for the students who did not complete the
CHAEA survey. The standard deviation of both subjects goes accordingly with
what was shown in the previous figures.

By last, the correlation of the CHAEA marks and the subject grades is
analyzed in Figs. 5 and 6, using the information of the last course 20/21. A linear
regression was computed, using as samples each of the students of the subject.
R2 (where the higher, the better) and MSE (the lower, the better) measures are
also provided to compare better the relation between assessment mark (which is
in the range 0 and 10) and CHAEA mark (range 0 and 20) of each learning style
for each student of the studied subjects. In the case of TALF, the best fits are
achieved for both the reflector and theorist learning styles, where the residual
values are the lowest. Actually, the best CHAEA marks are obtained in these
styles, which confirm that the students are more reflexive than past years. The
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Fig. 4. Whisker plot of marks, by differentiating between those students who have
responded to the CHAEA survey, those who have not responded to the survey and all
students (who have responded and who not) for subject TCIS.

pragmatist style depicted the worst results, followed by the activist. Regarding
the grades, it can be checked that the best students are theoretical except for one
of them, who have an equilibrium in the distribution of his capacities. There are
two main groups of students, one of the over 5 points (grade) and the other below.
The group who passed the subject is more theoretical and active, while the other
is more reflexive and a bit pragmatic. Therefore, this subject evaluation model
seemed to be more adequate for those students that do not need to participate
actively in the lessons. TCIS presents very similar results for the four learning
styles, being the theorist and the reflector those ones with less error. No clear
trend is present in any style, although the best students obtained better marks
in the theorist and reflector styles.

5 Conclusions

The utility of the learning styles resides in the knowledge that provides to both
the teachers and students on improving the learning procedure. On one side,
teachers would be able to have a better understanding of their students, and to
adapt their methodologies to have more efficiency and save time. On the other
hand, students can identify their profile, and use strategies to face the course
more appropriately.

In this work, a study over three years has been elaborated to evaluate the
relationship between learning styles and grades concerning two subjects of Com-
puter Sciences Engineering. It was found that most of the students are theorists,
and in second place, reflexive. Besides, the evolution over the years and differ-
ent learning contexts do not reflect a big change in their predominant learning
styles. The impact of the pandemic, and therefore the change of some teaching
methods, did not affect the final marks of the students, which might indicate
that the methodologies and evaluation were quite adapted to the audience.

Future works intend to analyze the evolution of learning styles and marks
of the students on different degrees, not only in Computer Science, where dig-



8 Miguel A. Molina-Cabello et al.

0 2 4 6 8 10
Mark

0

10

20
C

H
A

E
A

 m
ar

k Activist learning style

R2 = 4.6377e-05
MSE = 6.8202

0 2 4 6 8 10
Mark

0

10

20

C
H

A
E

A
 m

ar
k Pragmatist learning style

R2 = 0.031675
MSE = 11.33

0 2 4 6 8 10
Mark

0

10

20

C
H

A
E

A
 m

ar
k Reflector learning style

R2 = 0.0097437
MSE = 4.6006

0 2 4 6 8 10
Mark

0

10

20

C
H

A
E

A
 m

ar
k Theorist learning style

R2 = 0.092398
MSE = 6.43564 5 6 7 8 9 10

Mark

0

10

20

C
H

A
E

A
 m

ar
k Activist learning style

Data Fit Confidence bounds

Fig. 5. For each learning style, the subject grades and the CHAEA marks of all par-
ticipants have been analyzed with a linear regression model for subject TALF in the
course 20/21.
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Fig. 6. For each learning style, the subject grades and the CHAEA marks of all par-
ticipants have been analyzed with a linear regression model for subject TCIS in the
course 20/21.
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italization is intrinsic to the field. Actually, having more historic data would
provide teachers a useful tool for designing better the whole academic course for
a specific degree.
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