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Abstract:

Throughout this paper we seek to demonstrate the practicality of obtaining an
approximate model of the relationship between a score that determines the learning
styles of a student and the results obtained in a specific University-level lecture. The
study considered the voluntary participation of over six hundred students from “Escuela
Politécnica Nacional” of Ecuador (EPN). The Index of Learning Styles model was used
to establish the various learning styles of the students. The analysis of the results
considers the linear correlation and the correlation distance.
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Resumen:

Por medio de este documento se busca demostrar la factibilidad de obtener un modelo
aproximado que describa la relacién entre un puntaje asignado que caracteriza los
Estilos de Aprendizaje de un estudiante y la nota obtenida en una materia de nivel
universitario. Para este estudio se cont6 con la participacién voluntaria de alrededor de
seis cientos estudiantes de la Escuela Politécnica Nacional de Ecuador (EPN). El indice
de Estilos de Aprendizaje (ILS) se utiliz6 como modelo para obtener los estilos de
aprendizaje de los estudiantes. Para el andlisis se utilizé correlaciones lineares y
distancia de correlacion.

Palabras clave: matriz de correlacién; educacién de ingenieria; ILS; estilos de
aprendizaje.

1. Introduction

Learning as a form of development is the base for any society. The knowledge being
generated all around the world and across all kinds of areas and subjects is recurrently
more evident in certain fields such as science and technology. Therefore, it is imperative
for professionals and researches to stay up to date in their fields of choice as easily and
effectively as new information is constantly released

In order to understand how to improve our ability to learn it is necessary to understand
how the very process of learning works. Learning Styles Models are tools designed to
measure and better understand preferences and the mechanism of learning itself and how
to take advantage of the variables. Although Learning Styles Models have been broadly
studied, there is unfortunately little to none information about a clear method to classify and
even create them. As a result of this a lot of different models exist without a clear
differentiation from one another.

As mentioned above the lack of conceptual consensus led to the creation of many
different types of models. Some of them where created by small modifications or corrections
of previously developed models, while others presented completely different approaches.
According to the investigation conducted by Coffield, Moseley, Hall and Ecclestone
(Coffield, Moseley, & Ecclestone, 2004), there are over seventy-one different models. In
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order to classify them, they divided the various methods into five different families. One of
said the families, for example, considers that the learning styles are part of the student’s
personality type (Hall & Moseley, 2005), while other considers that they are representations
of the subject’s current preferences and that they are constantly evolving (Hayes & Allinson,
1997).

The Index of Learning Styles (ILS) is a Learning Styles Model designed by Richard
Felder and Linda Silverman in 1988 (Felder & Spurlin, 2005b). This model consists of four
groups of learning styles where students are assigned a score based on the answers given
on a questionnaire. Notwithstanding the fact that this particular model takes into account
certain personality traits, it is mostly considered a part of the “flexibly stable learning
preference” family (Cueva, Calderdn, Salazar & Grijalva, 2018). Another model from the
same family is Allinson and Hayes’s model (Hayes & Allinson, 1997).

The ILS is not only easy to employ, but it also gives a great deal of information and
furthers the understanding of how the actual process of learning works. An example of this
is the research conducted by Felder (Felder & Silverman, 1988) and Cueva (Cueva,
Calderén, Salazar , & Grijalva , 2018), in which they obtain the ILS of a group of STEM
students and compared the learning styles with the teaching styles of their institutions both
established that there is not a required set of learning styles to study a specific major,
instead every student (with any combination of learning styles) is able to succeed in
whatever their field of choice is, as long as they understand how to take advantage of their
learning styles.

In this particular case study Geometry was chosen a subject matter, as it is
considered the simplest math related subject, and it is the basis for more complex majors,
such as the Engineering, particularly the Control Systems in Electronic Engineering. Every
STEM student knows that math, physics and programming are core subjects for their
education. Furthermore, geometry might be just as important as the above mentioned
subjects since it requires of students a more generalized “outside of the box thinking” as it
were. Some even consider that Geometry is the “clearest way of thinking available to us”
(Bursill-Hall, 2002).

The information used for this investigation is based upon the results obtained by the
students at levelling courses from “Escuela Politécnica Nacional” (EPN) in Ecuador, which
focused on the results obtained in Geometry tests and the ILS questionnaire. This paper
sets to identify the correlation, if any, between the Learning Styles of the students and their
scores. Taking into account that each teacher uses different methodologies and teaching
styles, it is expected to find that the results have a low correlation or no correlation at all.
Nonetheless, if we were to find any significant correlation, some students would have a
clear advantage studying for a given subject based on their own Learning Styles.

The content of this paper includes: an explanation of the problem, the analysis tools,
and the description of the methodology, results, and conclusions.

2. Problem description

Learning styles models have existed for a very long time. Their main objective was
always to give students the possibility to improve their understanding of the mechanism
through which they learn and study, and therefore implement and reinforce it. In addition,
we believe it would also be a useful tool for teaching professionals to determine if there is
any preferred method of learning among their assigned group of students. Unfortunately, it
has proven to be a challenge to establish to learning preference within a group of
individuals, given that it would imply that teachers require to apply different teaching styles
to reach each and every of their students’ preferences.

This is why is necessary discover the model of the relationship between the different
learning models and the performance in a university class, how is presented in Equation 1.
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Puc = f(Is1,1s2,1s3, ..., Isn) (1)

Where Puc is the Index of performance, Is1, ..., Isn are the different learning styles.
The information presented in this paper will compare the performance of a group of students
taking a geometry course with their learning styles according to the ILS model.

2.1. Study Case: Geometry

It is often a challenge to grasp the concept of geometry as a necessary subject and
actually applicable in day to day life. As this is the case it is not easy to spot any other
primary applications of geometry other than in construction related experiences. There are
certain very interesting hidden applications, like the dressing of controls systems for robots,
but still most people would believe that they will never interact with geometry in its purest
form in their lives and to a certain extend it is somewhat a valid point.

Geometry has been studied for a very long time, even as far as the ancient
civilizations of the Greeks, after which our modern day civilization is modelled. However,
the reasons to study geometry in its basic form have varied throughout time and history.
The current idea as to why geometry is important to study differ widely from the reasons of
the ancient Greeks, who were starting to formulate explanations based on natural causes
instead of supernatural ones.

Current study of geometry is normally attributed to the benefits it provides student
rather than to the knowledge it provides in itself. Geometry is mostly defended by arguing
that its teachings “train the mind in clear and rigorous thinking” (Bursill-Hall, 2002). As a tool
to improve rational thinking it would be interesting to find if students who have a benefit of
obtaining higher results and scores in their chosen careers by the mere understanding of
geometry and its laws.

2.2. Introduction to the Index of Learning Style

The Index of Learning Styles is the result of several investigations aiming at
understanding learning and behavior analysis. It takes Carl Jung’s (Felder & Linda, Learning
and Teaching Styles, 1988) model as the foundation to build a model that originally
considered five different groups to represent all dimensions of learning and both possible
learning styles within them. After some improvement, the model was reduced to four groups
and it offers the affinity towards both learning styles in the group instead of a binary result.

The ILS is easy to apply; it only requires the participants to answer the forty-four
questions of a questionnaire with two different answers for each question. It is important to
note that the method is aimed at the way that each student feels about the results, rather
than the results themselves. The main benefit of this kind of tests is the own interpretation
of each student as related to their learning preferences. The main benefit of taking the ILS
it to allow the students to take advantage of this knowledge and improve effectively the way
that they study.

The ILS is currently divided into four groups, and each group contains two opposite
learning styles. The groups and their learning styles are (Felder & Rebecca, 2005a):
Perception group:

e Sensory: prefer facts, data and experimentation.

¢ Intuitive: lean towards principles and theories.

Input group:

e Visual: remember and understand pictures, diagrams, flow charts, time lines easier.

e Verbal: would rather hear or read the explanations, and discuss the topic to reach a
better understanding.

Processing group:
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e Active: relate more to knowledge gained by experience, work in groups, and participate
actively in class.

o Reflective: would rather have the opportunity to think about the information presented,
tend to be theoreticians.

Understanding group:

e Sequential: feel comfortable with a logical order progression, following a linear
reasoning when solving problems.

e Global: prefer the bigger picture, deduce the specific from the general ideas, and devise
their own way of solving a problem.

The ILS gquestionnaire relies upon asking the students how they acquire, process and
interpret information (Felder & Rebecca, 2005a). Therefore, it is necessary that the student
is able to recognize the differences between both possible answers and select the one that
is closer to their behavior instead of the one that they think is considered as “the correct”
answer. Unfortunately, there are several biases that could influence the answers the
students provide. For example, if someone taught them that the best way to analyze
information is using a graph they might select that option, even when they acknowledge
that verbal information is easier to understand for them.

The objective of researching how the learning mechanisms work is mainly to
understand how professionals approach teaching. Unfortunately, describing how learning
works is complex procedure and it contains a lot of variables. Since all of us have different
preferences, it is challenging to come up with a system that represents each and every one.
There is not a single answer, nor a specific method to succeed at leaning any-and
everything, however there are already some tools that students and teachers can use to
make their learning experiences efficient and pleasant.

3. Methodology

The methodology describes the data acquisition and results analysis tools employed
in this study. This section contains a brief explanation of both.

3.1. Data acquisition

The ILS was selected as the tool to measure the students learning styles. A few
different methods were considered, but ILS had certain key advantages- One of them is the
fact that the researchers are already familiarized with it and it is easy to apply. The ILS gives
each student a number within a scale in four different groups. The results of the ILS are not
definitive, but they could be considered as an accurate description of reality (Felder &
Spurlin, 2005b).

With the authorization to use the ILS from one of the creators, it was uploaded to the
university student administration system. The students were asked for their option
collaboration in the investigation through e-mail exchanges. Students from all the different
faculties and levels took part in the survey. Only the students that took the course on
Geometry at EPN were taken into account for this analysis.

This paper contains the analysis of three consecutive semesters starting from the first
half of 2017. Since the semester of the first half of 2018 was still on course while this article
was conceptualized, the final grade for this semester was computed with the information
available at the time. The estimation of the final grade is based on the probability of
approval. (Sanchez, Sandoval, Salazar, & Sanchez, 2018)
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3.2. Database preparation and analysis

This study was formulated by comparing the results obtained with the ILS
questionnaire and the grades obtained in the geometry course taught at the university.

The results of the ILS measures eight learning styles separately and compares the
scores of the learning styles from the same group. This analysis will consider the individual
score in each learning style instead of the general score obtained in each group. Every
learning style score and the Geometry class score are over forty points.

The probability of approval, used for obtaining an approximation of the final grades
for the first semester of 2018, is based on the work made by Sanchez, Sandoval-Salazar
and Guevara (Sanchez, Sandoval , Salazar, & Sanchez , 2018). It considers a series of
logistic regressions based on historic information and considers the data from Table 1
according to Equation 2. This process has an accuracy of around 80% while considering a
historical data of three years.

Table 1. Regression information

B SEM Wald gl Sig. Exp(B)
Geometry Grade 0.93 0.04 435.26 1 0.00 2.542
Constant -6.07 0.27 481.16 1 0.00 0.002
1
P(Gy) = (2)

1 + e~ (Bot+B1:G1)

The methods to analyze the data considers linear correlations, correlation dispersion,
and their respective analysis were used

4. Discussion

This section presents some of the results obtained by summarizing them in a
correlation matrix, some charts and graphs.

4.1. Model: Pearson Correlation

The Pearson correlation allows to establish if there is significant impact between the
scores obtained in any of the eight learning styles under analysis and the grades for the
Geometry class.

The correlation analysis will measure the strength of the correlation, as well as its
direction and an auxiliary value (p-Value) that is used to determine if the correlation is
meaningful.

The correlation strength is a value between -1 and 1, where the sign represents the
direction of the correlation. For a positive strength the value represents a direct correlation,
and a negative value an inverse correlation. A strength of zero would imply that the two
values are not related at all, while a value of 0.4 imply a moderate correlation, a strength
of + 1 means that both variables exhibit the same behaviour.

The p-Value allows to establish the significance of the correlation. If the p-Value is
lower than the level of significance (0.05), then the correlation is different from zero. On the
other hand, if the value is higher, then it is not possible to establish that the correlation is
different from zero, therefore the value of the strength becomes meaningless.

This results only considered the actual scores of the students, which are:

Active style:
e Pearson correlation = —0.040
e p-Value =0.397

Reflective style:
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e Pearson correlation = 0.043
e p-Value =0.365

Sensorial style:
e Pearson correlation = —0.080
e p-Value =0.091

Intuitive style:
e Pearson correlation = 0.080
e p-Value =0.094

Visual style:
e Pearson correlation = 0.057
e p-Value =0.231

Verbal style:
e Pearson correlation = —0.054
e p-Value =0.260

Sequential style:
e Pearson correlation = —0.043
e p-Value =0.363

Global style:
e Pearson correlation = 0.038
e p-Value = 0.426.

This results shows that the p-Value is too high in every correlation, therefore it is not
possible to establish that the correlation is significant.

4.2. Model: Correlation Matrix

The next step considered the comparison of the correlation with two different
methods. The matrix from Figure 1 shows the results obtained. The matrix is the result of
the comparison of the Pearson and Spearman linear correlations, using a statistical
confidence of 95%.

The matrix uses the first three letters of each learning style, for example ACT, which
stands for active. The field that contain GEO1 and GEO2 refer to the geometry grades,
where GEOL1 considers the actual grades from the previous semesters and GEO2 the
approximation for the current semester. The “correlation value” establishes the correlation
strength and its direction. On the other hand, “Sig. (bilateral)’ is used to obtain the
correlation significance.

It is possible to see that one of the strongest inverse correlation is given between the
Sensorial style and the geometry score. While visual and intuitive styles present the higher
direct correlations with the geometry score.

4.3. Correlation dispersion
The graphs presented in this section allows the analysis of bi-dimensional
correlations. This allows to see the distance and therefore correlation between grades (blue

circles) and the learning styles (green circles). This analysis considers the correlation
distance and not the Euclidean distance.
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Correlations
ACT. REF. SEN. INT. VIS. VER. SEQ. GLO. GEO 1 GEO 2
T - N - - § .
ACT. 5:":: aton 1 946 257 209 408 357 292 242 ; 003 u-_oza
Sig.
(bitateral) 0,000 ,000 .000 000 000 000 000 937, ,580
REF. 5:{::‘““ 946 1 190" 248" 339" 402" 2117 273" i-gua [Lm 3
Sig
(biateral) 0,000 ,000 .000 000 ,000 000 000 938 .709
SEN. 5:(::"""’" 257" 190 1 842 203 223" 476 a1s” [:i-,oss l‘rom
Sig.
(bhateral) 000 000 0,000 000 000 000 .000 069 696
INT. f:‘r:‘atm" 209" 248" 942" 1 226" 275" L4017 457" Es uf.ozs
Isia
(bhmteral) .000 000 0,000 000 .000 000 .000 052 479
Iati - - . .. -
VIS, [Soretation ,408 339 293 226 1 935 255 182 fodo I]-.ooa
Sig.
oiateral) 000 000 ,000 .000 0,000 000 000 160 819
VER. f:"::‘am" 357" 402~ 2237 275~ 935" 1 169" 220~ |j.‘c|43 I-,Dns
Sig .000 000 ,000 .000 0,000 000 000 182 887,
(bilateral)
SEQ. 5:]::"“““ 292" 2117 476" 4017 2557 169 1 (935 u-.\: 13 ans
Sig.
(Ohateraly ,000 000 ,000 ,000 000 ,000 0,000 726 201
GLO. f:‘rur:‘a‘m" 2427 2737 415" 457 182" 2207 935" 1 {,o 14, 058
|sia
biateral) 000 000 000 .000 000 000 0,000 700 105
GEO 1 | I ,003| E-,oos [!.,oss 06! ﬁo [!.‘oaa I}-,ma ﬂom 1 365
Sig.
(bilateral) 937 936 069 052 180 182 726 700 ,000
GEO 2 S:I'E:"’m" [Ir_ozc !,m 3 ”014 ’_If_ozs ﬂr,oos Ir.oas 3,345 ’_if_nss 385" 1
Sig.
(bilateral) 580 709 696 479 819 887 201 108 000

Figure 1. Linear correlations matrix

The graph from Figure 2 shows the correlation distribution between the geometry
grades and the Intuitive style. Where the low scores are not correlated with the Intuitive
style, but the higher grades are close to higher Intuitive style scores.
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Figure 2. Correlation dispersion between Intuitive style and geometry grades.

The graph from Figure 3 shows the correlation distribution between the geometry
grades approximation and the Intuitive style. There is a notorious difference when compared
with the previous graph, but the behavior at the center remains the same.
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Figure 1. Correlation dispersion between Intuitive style and geometry approximation.

The graph from Figure 4 shows the correlation distribution between the geometry
grades and the Global style. This shows that there is certain direct relation between the

grades and this style.
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Figure 4. Correlation dispersion between Global style and geometry grades.

The graph from Figure 5 shows the correlation distribution between the geometry
grades approximation and the Global style. In contrast with the previous graph, this one
presents an aggrupation of lower grades with higher scores of the style, implying an inverse

correlation.
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The graph from Figure 6 shows the correlation distribution between the geometry
grades and the Visual style. Even though lower grades and scores do not reveal any
important information, the mid and high grades and scores are closer to the center of the
graph, suggesting a strong direct correlation.
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Figure 3. Correlation dispersion between Visual style and geometry grades.

The graph from Figure 7 shows the correlation distribution between the geometry

grades approximation and the Visual style. This graph shows a very similar behavior to the
last one. Suggesting that there is a direct relation.
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5. Conclusions and Recommendations

The analysis of correlations between the scores obtained by the students and their
learning styles normally reflect the independence between this two. However, since this
analysis focused on a specific subject there was the possibility that the results might reveal
some hidden relationship between Geometry and one or more of the learning styles.

The results that were obtained only with the Pearson Correlation established that
none of the correlations where significant. Nevertheless, even if they were significant their
strength is considerably low. Either way there is no correlation between any of the learning
preferences and their performance in Geometry.

In order to increase the amount of data under analysis, the prediction model was
applied to the results of the current semester. This model has proved to be useful when
predicting the possibility of a student to approve a subject only considering the grade of the
first half of the semester. Even though the results obtained with this technique are not equal
to the ones that consider real grades, the model does inform that the accuracy of around
80%.

The correlation matrix considered more information, producing interesting results.
Unfortunately, the results are still not considerable as relevant. The correlations with the
Sensorial and Intuitive styles obtained the highest strength, therefore it would be interesting
to extend this investigation by focusing between this types of learning styles. If they were
found to be significant that would lead to some interesting research regarding the causation
of this phenomena.

The correlations dispersion allowed to visualize certain relations. The three styles
presented were the ones that contained a higher density of values around the center. The
intuitive correlation that was hinted previously proves to be slightly more evident, and even
the possibility that Visual style is directly correlated with the performance in geometry.

In agreement with the previous research about this topic, the results obtained were
not enough to determine if there is a direct relation between the learning styles and the
performance of the mm be explained by the generalization of certain teaching style. We
consider it necessary that this kind of investigation is carried out on different institutions, in
order to compare the results and maybe even discover if a certain subject does benefit from
a specific set of learning styles.

This methodology can be applied to any university class or course related to
Automatic Control Systems.
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