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A B S T R A C T

Investigating learner behavior is an increasingly important research topic in online learning. Learning styles and
cognitive traits have been the subjects of research in this area. Although learning institutions use Learning
Management Systems such as Moodle, Claroline, and Blackboard to facilitate teaching, the platforms do not have
features for analyzing data and identifying behavior such as learning styles and cognitive traits. Instead, they only
produce certain statistical reports from the daily access records. Even though complex models have been proposed
in the literature, most studies are based on a single behavior such as learning styles or cognitive traits but not
both. Only a few have investigated a combination of cognition-based theories such as working memory capacity
and psychology-based ones such as learning styles. Thus, this study sought to answer the research question of
whether it was possible to establish a methodology for the estimation of learning styles and cognitive traits from a
learning management system. The study combined the Felder-Silverman Learning Style Model and Cognitive Trait
Model as theoretical frameworks to identify behavior in a Learning Management System. This study designed a
model for extracting records from Learning Management Systems access records to estimate learning style and
cognitive traits. From this, a prototype was developed to estimate the learning style and cognitive traits for each
student. The model was evaluated by administering manual tools to students in a classroom environment then
comparing the results gathered against those estimated by the model. The results analyzed using Kappa statistics
demonstrated the interrater reliability results were moderately in agreement. Taken together, these results suggest
that it is possible to estimate the learning styles and cognitive traits of a learner in a Learning Management
System. The information generated by the model can be used by tutors to provide a conducive online learning
environment where learners with similar behavior ask each other for help. This can reduce the teaching load for
online tutors because learners themselves act as a teaching resource. Information on learning styles and cognitive
styles can also facilitate online group formation by isolating the individual factors that contribute to team success.
1. Introduction

Learner behavior modeling has received much attention over the last
two decades (Chrysafiadi and Virvou, 2013; Abyaa et al., 2019). Learner
characteristics such as Learning styles (LS) and cognitive traits (CT) are
the most prevalent topic in educational psychology texts (Wininger et al.,
2019). These characteristics measure learners’ psychological attitude
towards learning (Drachsler and Kirschner, 2012). A learner model is a
system that collects and processes information on student behavior such
as LS and CT. Knowledge of learner characteristics enables instruction
designers to create relevant instructions for a target group. Although
institutions use Learning Management Systems (LMS) such as Moodle,
Claroline, and Blackboard (Don, 2014) to facilitate teaching, the
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platforms do not have features for analyzing data and identifying
behavior such as LS and CT. Most LMS have Sharable Content Object
Reference Model (SCORM) specifications. SCORM format allows the
creation of the learning contents that can be managed, re-used, and
assembled in different learning platforms (Varlamis and Apostolakis,
2006).

Recent developments in online learning renewed the interest in
learner behavior modeling in an LMS. According to Blakemore et al.
(1984), learning style indicates the way a learner observes, interacts
with, and answer back to learning content. Several examples of learning
style models exist in the literature. Felder-Silverman Learning Style
Model classifies learners as sensing or intuitive, verbal or visual, active or
reflective, and sequential or global (Felder, 1988); Myers Briggs Type
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Indicator classifies learners as extraversion or introversion, sensing or
intuition, thinking or feeling, judging or perceiving (Myers, 1995);
Honey and Mumford model groups learners as an activist, reflector,
theorists, and pragmatist (Honey and Mumford, 1982); Kolb learning
model groups learners as concrete experience or abstract conceptuali-
zation, active experimentation or reflective observation (Kolb, 2015);
VARK learning styles groups learners as visual, aural, read/write, and
kinesthetic (Fleming, 2014).

According to Zhong-Lin and Barbara (2007) cognitive style is a
variation in an individual's manners of perceiving, remembering, and
thinking. Kellogg (2012) identifies the main cognitive processes as
sensation, attention, memory, learning, remembering, and forgetting.
The studies in learner behavior modeling have used both manual and
automatic methods to identify learner characteristics. In manual detec-
tion, a questionnaire corresponding to a learning style model, in which
individuals fill their answers to identify their learning styles, is used.
Cognitive assessment tests are also administered to identify different
types of behavior such as memory, concentration, reasoning, and plan-
ning based. However, it is almost certain that manual measurements have
psychometric flaws. They are prone to errors, require resources to
administer and consume a lot of time to fill.

Concerning the automatic modeling method, the actual actions of stu-
dents when accessing an online course are analyzed to infer students’
behavior. Several studies investigating learner behavior in LMS have been
carried out. More recently, Şahin et al. (2020) utilized the ELECTRE TRI
method to classify the learners based on the interaction data gathered from
LMS and concluded that there was a correlation between the categories
investigated and the real-life classification. In another related study, Fer-
reira et al. (2019) used machine learning algorithms to analyze data from
the Moodle LMS and characterized the learning profiles of students ac-
cording to the Felder-Silverman Learning Style Model (FSLSM). Troussas,
Chrysafiadi, and Virvou (2020) combined the Visual, Auditory, Reading/-
Writing, and Kinesthetic (VARK) learning style model and the Herrmann
Brain Dominance Instrument (HBDI) to model the sensory modalities of
learning and the way of thinking. Even though complex models have been
proposed in the literature, most studies are based on a single behavior such
as learning style or cognitive traits but not both. Only a few such as Naki�c et
al. (2015) investigated a combination of cognition-based theories such as
working memory capacity and psychology-based ones such as learning
styles. Thus, the studies highlight the need for further research in learner
behavior modeling.

It is worth noting that LS models have been criticized by some au-
thors. For instance, Pashler et al. (2009) argued that many versions of
learning styles models had not been tested at all. Kirschner (2017) further
questioned the existence of students with diverse learning preferences. In
contrast, Felder and Spurlin (2005) reported that the ILS was a reliable
and valid tool for measuring learning styles. FSLSM has been used to date
in several studies involving learner behavior modeling in LMS such as
Aissaoui et al. (2018), Abdelhadi et al. (2019), and Ferreira et al. (2019).

This study adopted a hybrid of the Felder-Silverman Learning Styles
Model (FSLSM) and Cognitive Traits Model (CTM) as theoretical frame-
works. Analysis from the literature shows the two are the most
researched and validated with LMS to model CT (Kinshuk, Lin and
Mcnab, 2004, 2006; Lin et al., 2007; Lin and Kao, 2018) and LS (Graf
et al., 2009; Graf et al., 2013; Aissaoui et al., 2018) thus acceptable.
Figure 1. LS and CT d
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The study sought to answer the research question: is it possible to
establish a methodology for the estimation of learning styles and cogni-
tive traits from LMS records? The study combined the Felder-Silverman
Learning Style Model (FSLSM) and Cognitive Trait Model (CTM) to
identify behavior in an LMS. FSLSM profiles a learner as active or
reflective, sensing or intuitive, sequential or global, and visual or verbal
(Felder, 1988). The model uses a 44 - questions Index of Learning Styles
Questionnaire (ILS) with 11 for each dimension as a manual measure-
ment tool. A student selects choice a or b. The questionnaire score sheet
classifies a respondent as 1–3 mild, 5–7 moderate, 9–11 strong prefer-
ence for either dimension. The cognitive Trait Model (CTM) on the other
hand profiles a learner based on associative learning ability, working
memory capacity, inductive reasoning ability, and Information process-
ing speed (Graf et al., 2009).

Thefirst objective of this studywas to designamodel basedonLSandCT.
The second objective was to develop a prototype implementing the model.
The third objective was to evaluate the developed model using a case study
and analyze the results. This paper presents a model for extracting records
from LMS access records to estimate LS and CT based on FSLSM and CTM
dimensions. A prototype was developed to estimate LS and CT for each stu-
dent. The results evaluated using the Kappa statistic demonstrated the
interrater reliability results were moderately in agreement.

The rest of the paper has been organized as follows. Section 2 dis-
cusses the proposed model. Section 3 discusses the implementation and
evaluation. Section 4 discusses the results. Section 5 discusses the con-
clusions and suggests future work. Throughout this paper, the acronym
LS will refer to learning styles. CT will refer to cognitive traits. CTM will
refer to Cognitive Trait Model. FSLSM will refer to the Felder-Silverman
Learning Style Model. SCORM will refer to the Sharable Content Object
Reference Model. LMS will refer to learning management systems.

2. Proposed model

The initial objective of this study was to design a learner behavior
model complementing LS with psychology-based ones such as CT. In this
section, we present a model based on the FSLSM and CTM that analyses
student access records generated by LMS to estimate LS and CT. As stated
in the previous section, the two theories are well researched and vali-
dated with promising evaluation results in many similar studies such as
Bernard et al. (2017), Lin (2007). Figure 1 illustrates the working
mechanism of the model. First, the model extracts records of students’
access from learning content hosted in LMS. Second, it maps access
patterns to relevant LS and CT dimensions described in FSLSM and CTM
respectively. Third, it estimates and displays LS and CT for each student.

To understand the model implementation process, it is important to
explain the log data used to implement the prototype. As indicated in
Figure 1 above, the learning resources hosted in an LMS are the source of
data for implementing and testing the model. These are electronic books
prepared in SCORM format and hosted in an LMS. The first component of
each book section contains introductions, objectives, and outlines of the
topics covered. The second part of the book section covers the definition of
concepts. The third section has topics and subtopics. These are pages with
concepts and facts discussed in detail. Activity questions appear at the end
of each topic. Finally, each section ends with a summary of the topics
discussed. Some content pages consist of illustrations and pictures.
etection process.



Figure 2. Model architecture.
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Figure 2 illustrates the layout of an electronic learning module hosted on a
Learning Management System. The navigation window displaying a list of
book pages appears to the left. Learning content is displayed on the right
when a user selects the page. The sample log data extracted from LMS
records appear in table 12 in the appendices. The table shows the number
of relevant content pages viewed and the times spent. These are in-
troductions and overviews, definitions, topics, activities, summaries, and
illustration pages viewed. The average grade a student scored in online
tests and attempts was recorded. The table also indicates the average
grade scored in online tests and the overall number of content pages in
percentage viewed by a student. Table 13 in the appendices shows sample
log data on content navigation. The table shows the ratio of pages that are
viewed once or revisited by a student out of the total. These formed the
dataset for identifying and estimating LS and CT as explained in section 3.

Figure 2 above shows the components of the model. LS and CT pattern
extraction engines fetch relevant LS and CT from the LMS log database.
Learning Style Generator (LSG) and Cognitive Trait Generator (CTG)
engine receive data from pattern extraction component, calculate then
map results to 3 item scale: 0.1–0.3 low, 0.4–0.6 moderate, and 0.7–1.0
Figure 3. A course interfa
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high and 0.0 – no preference. The behavior for both LS and CT is com-
bined and displayed for each student.

3. Implementation

The second objective was to develop a prototype implementing the
abovemodel. First, the study participants were identified. The participants
accessed an online course hosted on an LMS for a 15-week semester. Re-
cords of the participant's interaction with the LMS were analyzed and used
to implement the model. The following sections describe participants,
course information, and the model development process.
3.1. Participants and course information

The study was conducted on the 600 first-year students taking
Bachelor of medicine and bachelor of surgery degrees in the academic
year 2017/2018 at the University of Nairobi. Usually, the students taking
a degree in Bachelor of Medicine and Bachelor of Surgery at the Uni-
versity of Nairobi study a common medical psychiatry unit in behavioral
ce in SCORM format.



Figure 4. The content navigation statistics.

C. Lwande et al. Heliyon 7 (2021) e07701
science. The course unit is divided into 10 learning modules taken over
one year. The learning modules are psychology, social processes, foun-
dations of human behavior, social processes, sociology, social psychol-
ogy, anthropology, physical illness causing the behavior, neurosciences,
and healthcare systems. The learning modules are converted to SCORM
format and hosted on a university LMS running on the Claroline open-
source platform (Claroline, 2017).

Figure 3 below shows an example of the course page interface in the
LMS used in the study.

In Figure 3 above, the contents of the online learning modules are
systematically arranged by instruction designers to enable easy naviga-
tion. Each learning module is divided into sections, topics, and subtopics.
Activity questions are provided after each topic to test learners' under-
standing. The course contents have both textual and visual information.
Figure 4 below shows content navigation statistics. The LMS tracking tool
records the time taken on each page and the status as complete or
incomplete. A single page viewed by a student is marked as complete or
incomplete. The page that is viewed is assigned a numerical value of
100 %. Any page which is not visited is assigned status 0.

3.2. Data collection procedures

Once the online learning modules were hosted on the university LMS,
the students accessed the psychology and sociology modules for a period
of 15 – week semester. Two online tests in multiple-choice questions
(MCQ) formats were administered to students on the LMS in the mid-
semester and at the end. Each test had 100 questions and students were
instructed to answer all. The tests were scheduled to last for two hours.
The LMS was programmed to automatically submit answers entered by
Figure 5. a. sam
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each student when allocated time elapsed. The MCQs were preferred
because the LMS could automatically mark and generate the mark sheet
upon submission of the answers. Figure 5 a below shows sample
questions.

As indicated in the sample mark sheet in Figure 5 b below, the LMS
records the minimum, maximum, and average grades for each student.
The time spent is also recorded for each student by the LMS.

Data was collected from the LMS and analyzed to identify learner
behavior. Only students who viewed the online resources by visiting
revision pages, outlines, summaries, and attempted quizzes were
considered for the study. Approximately 200,000 log records of 311
students who satisfactorily accessed the learning modules for a 15-week
semester were extracted from the system to create a dataset. Access
records of instructional materials and tests were analyzed to identify
patterns. The patterns were used as hints matching descriptions of FSLSM
and CTM.

To evaluate the model, Index of Learning Styles (ILS) Questionnaires
and Online Cognitive Multiple Choice Questions were also administered.
The evaluation process is discussed in section 3.6 of this paper.

3.3. Extracting data patterns from log

The study analyzed navigation records on learning contents and on-
line assessment tests to identify patterns from the LMS database. The
annotations were done on the records to match the descriptions of FSLSM
and CTM. Table 1 and Table 2 show how each of the patterns was
mapped to FSLSM and CTM dimensions.

Table 1 above shows each dimension of FSLSM, description, learning
object investigated and pattern extracted. According to FSLSM, an active
ple MCQ.



Table 1. Investigated patterns for LS. Visits indicate the number of times a relevant page is viewed. Time indicates how long the page was viewed.

FSLSM Description of LS Learning objects considered Pattern extracted

active Likes trying out things with what is learned activities, exercise Visits and time

reflective revisits materials learned summaries, conclusion, revisions Visits and time

sensing Uncomfortable with challenges but likes details Topics and subtopics Visits and time

intuitive Comfortable with challenges, but dislikes details Definitions, meanings Visits and time

verbal Likes reading written text Textual contents Visits and time

visual Likes viewing images Images, illustrations Visits and time

global Reads by skipping content; wants to see the full picture of the content Introductions, overviews, outline Navigation order, visits, and time

Sequential Reads the content section by section skipping introductions, content, summary pages Navigation order, visits, and time

Table 2. Investigated patterns for CT. Visits indicate the number of times a relevant page is viewed. Time indicates how long the page was viewed.

CTM dimension Description of CT Learning objects considered Pattern extracted

Associative learning ability ability to link new to existing knowledge Revisited pages, pages visited once Visits and time

Working memory capacity ability to briefly concentrate and keep information read Forward navigation, backward navigation Visits and time

Inductive reasoning ability ability to understand and create concepts from examples Examples Visits, time

Information processing speed How fast a learner retrieves information from the memory
and makes the correct decision with it

Exercises Attempts, time, score
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learner likes trying out things; a reflective learner thinks about materials
read. A student who spent time viewing content with activities was
considered an active learner; a student who spent time on content with
summaries, conclusions, and revisions was considered a reflective
learner.

A sensing learner dislikes challenging tasks but is patient with details;
an intuitive learner likes challenges but is impatient with details. A stu-
dent who spent time viewing content with topics and subtopics was
considered a sensing learner; a student who spends time on content with
definitions and meanings was considered an intuitive learner.

A verbal learner likes text-based content; a visual learner likes illus-
trations and pictures. A student who spent time viewing content with
text-based pages only was considered a verbal learner; a student who
spends time on content with illustrations was considered a visual learner.

A global learner likes getting the full picture of the content; a
sequential learner likes navigating content step by step. A student who
spent time viewing content with introductions, overviews, and content
outlines was considered a global learner; a student who followed the
content pages systematically by accessing overviews, followed by topics
then summary pages was considered a sequential learner.

Table 2 above shows each dimension of CTM, description, learning
object investigated and pattern extracted.
Table 3. LS estimation functions.

FSLSM Relevant Learning Object

Active (a) Activities, exercises

Reflective(r) summaries, conclusion, revisions

Sensing (s) Topics and subtopics topics

Intuitive(i) Definitions, meanings

Verbal(v) Textual content

Visual(vi) Images, illustrations

Global(g) Introductions, overviews, outline

Sequential(sq) Introductions, topics, summary
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According to CTM, an associative learner likes linking new to existing
knowledge. The number of visits and time spent viewing already visited
content pages was considered a sign of associative learning. A student
who spent time viewing already read content was assumed to have a high
associative learning ability.

Working memory capacity tests the ability to keep a limited amount
of information for a brief period. The number and time spent navigating
content page forward was considered signs of high working memory
capacity. Such a student was able to concentrate on a reading task.
A student who viewed the content without revisiting previously read
pages was assumed to have a high working memory capacity.

Inductive reasoning is the ability to construct concepts from exam-
ples. The number of visits and time spent viewing content with examples
was considered a sign of inductive reasoning. A student who spent time
viewing content with examples was assumed to have inductive reasoning
ability.

Information processing speed checks how fast the learner acquires
and uses the information to make the correct decision. The number of
attempts marks scored, and time spent on online tests was considered an
indication of information processing speed. A student who took a short
time on online tests with few attempts but scored high marks was
assumed to have high information processing speed.
Pattern extracted Estimation function for average ratio.

object visits (o) and time (t) average
� ta
taþ tr

;
oa

oaþ or

�

average
� tr
taþ tr

;
or

oaþ or

�object visits (o) and time (t)

object visits (o) and time (t) average
� ts
tsþ ti

;
os

osþ oi

�

average
�

ti
tsþ ti

;
oi

osþ oi

�object visits (o) and time (t)

object visits (o) and time (t) average
� tv
tvþ tvi

;
ov

ovþ ovi

�

average
�

tvi
tvþ tvi

;
ovi

ovþ ovi

�object visits (o) and time (t)

object visits (o) and time (t)
average

�
tg

tg þ tsq
;

og
og þ osq

�

average
�

tsq
tg þ tsq

;
osq

og þ osq

�object visits (o) and time (t)



Table 4. CT estimation functions.

CTM dimension Relevant Learning Object Pattern extracted Estimation function

Associative learning Revisited pages, pages visited once Visits and time
average

�
trp

trpþ ts
;

orp
orpþ os

�

Working memory capacity Forward navigation, reverse navigation Visits and time
average

�
tr

tr þ tf
;

or
or þ of

�

Inductive reasoning ability Examples, revision, and exercises Visits, time
average

�
ti
T
;
o
O

�

Information processing speed Exercises Attempts, time, score average
� t
T
;
a
A
;
s
S

�
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3.4. Behavior estimating from patterns

Using the automatic behavior estimation method proposed by Pham
and Florea (2013) patterns above were used to estimate LS and CT by
computing the average ratio of total learning objects accessed and time
spent by each student. The following steps describe the estimation
procedure.

3.4.1. Estimating LS
For matching pairs of learning preferences such as active-reflective,

sensing-intuitive, sequential-global, and visual-verbal, the LS was
computed based on the following steps:

i. Time on learning objects relevant to an LS dimension (t)
(e.g. active or reflective) out of total time spent in all objects (T)P

tP
T
(e.g. active þ reflective)

ii. Number of visits on a learning object relevant to an LS (lo) (e.g.
active or reflective) dimension out of total objects accessed (LO)P

loP
LO

(e.g. active þ reflective)

iii. Compute average ratio from step 2

average
�P

lo=P LOþP
t=PT

�

iv. Map to 3 item scale: 0.1–0.3 -low, 0.4–0.6 moderate and 0.7–1.0
high to get appropriate preference

Table 3 below shows the estimation procedure for each CT
dimension.

3.4.2. Estimating CT
For matching pair of CT patterns such as pages revisited vs visited

once for associative learning or forward vs backward navigation for
working memory, the CT was estimated based on the following steps:

i. Time on learning objects relevant to a CT dimension (t) (e.g.
revisited vs visited once for associative learning or forward vs

backward navigation) out of total time spent in all objects (T)
P

tP
T

Figure 5. b. The sam
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(e.g. revisited þ visited once for associative learning or forward þ
backward navigation)

ii. Number of visits on a learning object relevant to CT (lo) (e.g.
revisited vs visited once for associative learning or forward vs
backward navigation)dimension out of total objects accessed (LO)P

loP
LO

e.g. revisited þ visited once for associative learning or for-

ward þ backward navigation)
iii. Compute average ratio from step 2

average
�P

lo=P LOþP
t=PT

�

iv. Map to 3 item scale: 0.1–0.3 -low, 0.4–0.6 moderate and 0.7–1.0
high to get appropriate preference

For inductive reasoning ability, summation average
�

ti
Tþo

O

�
time spent

on relevant objects (ti) and total objects accessed (o) out of the total time
(T) and total objects (O) were considered. For information processing

speed, summation average
�

t
T;

a
A;

s
S

�
time spent (t), attempts (a), and score

(s) out of the total time (T), total attempts (T), and the total score (T) for
relevant objects were considered.

Table 4 shows the estimation procedure for each CT dimension.
3.5. Prototype development

A web-based system was developed based on the above estimation
functions. The prototype was developed using the MYSQL database and
the PHP scripting language. The model initiates the connection to the
MYSQ database, fetches data, and computes LS and CT then displays
preference. The MYSQL database and the PHP scripting language are
open-source tools thus available for use free of charge. Figure 6 below
shows the model's interface functionality.

From Figure 6 above, a user can initiate a search by entering the
identification or registration number. As shown in Figure 6 above, a
student with user id 224043, for instance, is strongly reflective 0.74 than
active 0.26, sensing 0.74 than intuitive 0.31, visual 0.78 than verbal
0.15, sequential 0.85 than global 0.15, with strong associative learning
ple mark sheet.



Figure 6. Model interface functionality.
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1.00, strong working memory capacity 0.99, moderate information
processing speed 0.54 and weak inductive reasoning 0.33. A lecturer can
use such information to provide appropriate learning materials, apply
appropriate tutoring methods, and provide individualized attention
matching learner behavior. A student on the other hand uses the above
information for self-awareness to apply appropriate study methods and
choose appropriate learning materials.

3.6. Evaluation

As mentioned in the introduction section, the third objective was to
evaluate the developed model using a case study and analyze the results.
The evaluation was done by administering manual tools to students then
comparing the results gathered against those estimated by the model.
The performance of the prototype was evaluated using experiments done
with students in a classroom environment. A total of 200 students taking
bachelor of medicine and bachelor of surgery participated. The group
was part of the 311 students who had actively accessed the psychology
and sociology learning modules and did online tests during course work.
Only 200 students were available and readily accessible through the
course lecturer. The first experiment was done to evaluate the learning
style results generated by the prototype. Index of Learning Styles
Questionnaires (ILS), a standard measurement tool for FSLSM were
administered to students which they filled and returned. Learning styles
for each student were calculated and analyzed. The second experiment
was done to evaluate the cognitive traits generated by the system. On-
line Cognitive Multiple Choice Questions based on a method adapted
from Cambridge Brain Sciences (Cambridge Brain Sciences, 1998) were
created and hosted in the university LMS. Four categories of tests were
administered. Paired associate tests, spatial span tests, abstract
reasoning tests, and mental speed tests were created on university
learning management systems to evaluate associative learning ability,
working memory capacity, inductive reasoning ability, and information
processing speed respectively. Cognitive traits were determined in terms
of marks scored in the test classified as low, moderate, and high. These
were compared to CTM results predicted for the same students by the
model.

The interrater reliability test was done to measure the agreement
between the behavior gathered through the Index of Learning Styles
Questionnaires (ILS), Online Cognitive Multiple Choice Questions, and
those estimated by the model. The test was conducted to determine how
well the implementation of the model was in agreement with the tradi-
tional methods. The reliability analysis was done using the Kappa sta-
tistic to determine consistency among raters. Kappa statistic as a method
was selected because it is the metric frequently used to assess the
agreement between two raters (Cohen, 1960). The study opted for the
kappa coefficient as the most suitable method for the assessment of the
model because the extent of agreement between predictions made by the
psychometric tools and the model could be established.

The analysis was performed using the Statistical Package for the
Social Sciences (SPSS) software (version 1.1.463). According to Landis
and Koch (1977) values of Kappa between less than 0 indicates there is
no agreement. Values 0.0 and 0.20 indicates slight agreement. Values
between 0.21 and 0.40 indicate fair agreement. Values between 0.41
and 0.60 indicate moderate agreement. Values between 0.61 and 0.80
7

indicate substantial agreement. Values between 0.81 and 1.00 indicate
almost perfect agreement.

4. Results and discussions

As indicated in the previous section, the study was designed to
compare the LS and CT estimated by the model against those gathered by
the ILS and online cognitive tests.

Tables 5–11 in the appendices section show the interrater reliability
analysis results for LS and CT. As shown in table 5, the results of the
interrater reliability for the active-reflective raterswere found to beKappa
¼ 0.260 (p< .0.018). This indicates a fair agreement between the students
predicted by themodel as active–reflective compared to the data collected
through the ILS questionnaire. The results of the interrater reliability for
the sensing-intuitive raters were found to be Kappa ¼ 0.595 (p < .0.002)
as shown in table 6. This indicates a moderate agreement between the
students' LS predicted by the model as sensing–intuitive compared to the
data gathered through the ILS questionnaire. The results of the interrater
reliability for the sequential - global raters were found to be Kappa ¼
0.326 (p < .0.004) as shown in table 7. This indicates a fair agreement
between the LS for students predicted by the model as sequential – global
compared to the data gathered through the ILS questionnaire. The study
did not do the interrater reliability test on the visual-verbal learning style
since all students indicated a preference for visual content.

Concerning CT evaluation, the results of the interrater analysis of
Kappa ¼ 0.012 with p < 0.640 were recorded for associative learning
ability as shown in table 8. This indicates a slight agreement between the
behavior of students predicted by the model compared to the data
gathered through the online cognitive multiple-choice questions. The
results of the interrater analysis of Kappa ¼ 0.455 with p < 0.067 were
recorded for information processing speed as shown in table 9. This in-
dicates a moderate agreement between the behavior of students pre-
dicted by the model compared to the data gathered through the online
cognitive multiple-choice questions. The results of the interrater analysis
of Kappa ¼ 0.224 with p < 0.052 were recorded for inductive reasoning
ability shown in table 10. This indicates a fair agreement between the
behavior of students predicted by the model compared to the data
gathered through the online cognitive multiple-choice questions. The
results of the interrater analysis of Kappa ¼ 0.455 with p < 0.067 were
recorded for working memory capacity as shown in table 11. This in-
dicates a moderate agreement between the behaviors of students pre-
dicted by the model compared to the data gathered through the online
cognitive multiple-choice questions.

Interestingly, results based on LS are more statistically significant
than CT. However, the results for associative learning ability and infor-
mation processing speed were not statistically significant. A possible
explanation for this could be the psychometric flaws associated with the
measurement tools. It seems possible that some students experienced
challenges when attempting the online cognitive tests used to access CT.
Since the study was conducted on first-year students who were new to the
university, it may be that some students were unable to use the computer
well and this affected the response to the online tests.

The findings in this study support the previous research in this area
which links LMS records to learner behavior such as LS and CT. The
method validates the ideas of Şahin et al. (2020) who classified the
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learners based on the interaction data gathered from an LMS. The author
analyzed the relationship between the classification based on the ELEC-
TRE TRI method and the classification in real life. The ELECTRE TRI
method is a multi-criteria decision-making technique designed to classify
the learners based on the interaction data in different units. The classi-
fication results in the ELECTRE TRI method were compared to the
real-life classification, which showed a medium-level correlation. This
also supports our findings which showed that there was a moderate
agreement between the behavior of students predicted by the proposed
model compared to the data gathered through the online cognitive
multiple-choice questions.

The results are also in agreement with Aissaoui et al. (2018) who
extracted learning sequences from learners' log files and classified the
extracted records according to FSLSM using clustering algorithms. The
study reported 88.61 % 89.93 % 92.35 % 88.97 % accuracy, precision,
recall, f-measure. One difference between this study and that of Aissaoui
et al. (2018) is that the reliability analysis was done using the Kappa
statistic while their study used precision, recall, and f-score. The pre-
diction success rates in our study are, slightly lower than the previous
studies cited above. This study proposed a mathematical method for
estimating the learners’ behavior based on the time spent on the content
and the number of objects visited while the previous studies used ma-
chine learning models. The results are expected to improve after further
data cleaning to remove impurities from LMS records.

5. Conclusion

This study set out to determine a methodology for estimating learning
styles and cognitive traits from LMS access records. In this paper, we
presented a model for the automatic identification of learner behavior in
LMS records. The model takes advantage of data collected from the LMS
log, education theories, and literature-based methods to automatically
estimate learning styles and cognitive traits. This brings forth a generic
modeling architecture that developers can integrate with existing
learning management system platforms to improve learner character-
ization. The interrater reliability test was done to compare the agreement
between the behavior gathered through the Index of Learning Styles
Questionnaires (ILS), Online Cognitive Multiple Choice Questions, and
those estimated by the model. Taken together, these results suggest that
it is possible to estimate the LS and CT an LMS. Whilst the study did not
confirm a perfect match between behavior gathered through the Index of
Learning Styles Questionnaires (ILS), Online Cognitive Multiple Choice
Questions, and those estimated by the model, it did partially substantiate
that the interrater reliability results were moderately in agreement. The
results can be improved with more data cleaning and refinement.

The results of this study have implications for online instructional
design and teaching. An online instructor can use the information
generated to design and develop appropriate instructional materials
matching appropriate LS and CT preferences. According to Churngchow
et al. (2020), learners from different disciplines have different learning
styles. Such learners need the instructional materials matching their
learning preferences. Malacapay (2019) reported that both visual and
auditory learners learned best when subjected to audio-visual contents
while kinesthetic learned best when exposed to actual objects. On the
same note, an online instructor can use the information generated by
the model to form online learning groups for students with similar LS
and CT to improve learning outcomes. According to Mutrofin et al.
(2017), the group learning approach results in a better learning
outcome than the lecture-discussion method. Thus an instructor can
form online learning groups according to the respective preferences and
prepare the learning materials relevant for each group. Research also
reports that students find it easy to understand difficult concepts when
they learn in groups (Wikle and West, 2018). On the same note, an
online instructor can use the information generated by the model to
improve the social interaction among online learners. A recent study
carried out by Mahmoud Hawa and Tılfarlıo�glu (2019) reported that
8

the learners' preferred learning styles had a relationship with their
self-efficacy and social interactions.

The study has some limitations. First, data used in the study was
collected from log records of 311 students who satisfactorily accessed
learning modules for a 15 – week semester. Second, the study evaluation
was conducted only on 200 preclinical students. Further studies might be
carried out with more students from other disciplines to further validate
the findings. Another important issue to resolve for future studies is
developing a real-time model integrated with an LMS to estimate LS and
CT.

Future work involves automatically mapping e-Learning course con-
tent to respective learning styles and cognitive traits. Additional evalu-
ations may also be carried out to properly validate the model.

Declarations

Author contribution statement

C. Lwande, L. Muchemi, R. Oboko: Conceived and designed the ex-
periments; Performed the experiments; Analyzed and interpreted the
data; Wrote the paper.

Funding statement

This research did not receive any specific grant from funding agencies
in the public, commercial, or not-for-profit sectors.

Data availability statement

The authors do not have permission to share data.

Declaration of interests statement

The authors declare no conflict of interest.

Additional information

Supplementary content related to this article has been published
online at https://doi.org/10.1016/j.heliyon.2021.e07701.

References

Abdelhadi, A., Ibrahim, Y., Nurunnabi, M., 2019. Investigating engineering student
learning style trends by using multivariate statistical analysis. Educ. Sci. 9 (1).

Abyaa, A., Khalidi Idrissi, M., Bennani, S., 2019. Learner modeling: a systematic review of
the literature from the last 5 years. Educ. Technol. Res. Dev. 67 (5), 1105–1143.

Aissaoui, O. El, et al., 2018. A fuzzy classification approach for learning style prediction
based on web mining technique in e-learning environments. Educ. Inform. Technol.
(September).

Bernard, J., et al., 2017. Learning style Identifier: improving the precision of learning
style identification through computational intelligence algorithms. Expert Syst. Appl.
75.

Blakemore, T., McCray, P., Coker, C., 1984. A Guide to Learning Style Assessment.
Research and Training Center Research Report.

Cambridge Brain Sciences, 1998. Available at: www.cambridgebrainsciences.com.
(Accessed 21 December 2020).

Chrysafiadi, K., Virvou, M., 2013. Student modeling approach: a literature review for the
last decade. Expert Syst. Appl.

Churngchow, C., et al., 2020. Appropriate learning management for students with
different learning styles within a multicultural society at state-run universities in
Thailand. Int. J. High. Educ. 9 (2), 200–208.

Claroline, 2017. Available at: https://www.claroline.net. (Accessed 21 December 2020).
Cohen, J., 1960. A coefficient of agreement for nominal scales. Educ. Psychol. Meas. 20

(1), 37.
Don, M., 2014. List of corporate learning management systems. Available at: https

://elearningindustry.com/list-corporate-learning-management-systems.
Drachsler, H., Kirschner, P.A., 2012. ‘Learner Characteristics’, Encyclopedia of the Sciences

of Learning. Springer, Boston MA.
Felder, R.M., 1988. Learning and teaching styles in engineering education. Eng. Educ. 78

(7), 674–681. Available at: http://www4.ncsu.edu/unity/lockers/users/f/felder/pu
blic/Papers/LS-1988.pdf. (Accessed 11 December 2017).

Felder, R.M., Spurlin, J., 2005. Applications, reliability, and validity of the Index of
learning styles. Int. J. Eng. 21 (1), 113–112.

https://doi.org/10.1016/j.heliyon.2021.e07701
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref1
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref1
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref2
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref2
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref2
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref3
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref3
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref3
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref4
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref4
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref4
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref5
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref5
http://www.cambridgebrainsciences.com
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref7
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref7
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref8
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref8
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref8
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref8
https://www.claroline.net
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref10
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref10
https://elearningindustry.com/list-corporate-learning-management-systems
https://elearningindustry.com/list-corporate-learning-management-systems
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref12
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref12
http://www4.ncsu.edu/unity/lockers/users/f/felder/public/Papers/LS-1988.pdf
http://www4.ncsu.edu/unity/lockers/users/f/felder/public/Papers/LS-1988.pdf
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref14
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref14
http://refhub.elsevier.com/S2405-8440(21)01804-1/sref14


C. Lwande et al. Heliyon 7 (2021) e07701
Ferreira, L.D., et al., 2019. A comparative analysis of the automatic modeling of Learning
Styles through Machine Learning techniques. In: Proceedings - Frontiers in Education
Conference, FIE. IEEE, pp. 1–8.

Fleming, N.D., 2014. The VARK modalities. Available at: https://web.archive.org/web/2
0150314235648/http://vark-learn.com/introduction-to-vark/the-vark-modalities/.

Graf, S., et al., 2009. Automatic, global and dynamic student modeling in a ubiquitous
learning environment. Knowl. Manag. E-Learn. 1 (1).

Graf, S., et al., 2013. International journal of information systems and social change. Int.
J. Inf. Syst. Soc. Change. IGI Pub. Available at: https://econpapers.repec.org/article/
iggjissc0/v_3a4_3ay_3a2013_3ai_3a1_3ap_3a85-100.htm. (Accessed 11 December
2017).

Honey, P., Mumford, A., 1982. The Manual of Learning Styles. Peter Honey, Berkshire.
Kellogg, R.T., 2012. Fundamentals of Cognitive Psychology, second ed. Sage, London.
Kinshuk, Lin, T., Mcnab, P., 2004. Modelling Inductive Reasoning Ability for. Celda),

pp. 343–349.
Kinshuk, Lin, T., Mcnab, P., 2006. Adaptive support for inductive reasoning ability. In:

Ma, Z. (Ed.), Web-Based Intelligent E-Learning Systems: Technologies and
Applications. Idea Group Inc., pp. 1–23

Kirschner, P.A., 2017. Stop propagating the learning styles myth. Comput. Educ. 106.
Kolb, D., 2015. Experiential Learning: Experience as the Source of Learning and

Development, second ed. Pearson Education.
Landis, J.R., Koch, G.G., 1977. The measurement of observer agreement for categorical

data. Biometrics 33 (1), 159.
Lin, F.-R., Kao, C.-M., 2018. Mental effort detection using EEG data in E-learning contexts.

Comput. Educ. 122, 63–79.
Lin, T.-Y., 2007. Cognitive trait model for adaptive learning environments: a thesis

presented in partial fulfillment of the requirements for the degree of Doctor of
Philosophy in Information System [i.e. Systems]. Massey University, Palmerston
North, New Zealand. Massey University. Available at: https://mro.massey.ac.nz/han
dle/10179/1451. (Accessed 11 December 2017).

Lin, T., Kinshuk, Graf, S., 2007. Cognitive trait model and divergent associative learning.
In: Proceedings - the 7th IEEE International Conference on Advanced Learning
Technologies, ICALT 2007. IEEE Computer Society, pp. 325–327.
9

Mahmoud Hawa, H., Tılfarlıo�glu, F.Y., 2019. ‘Students’ learning styles, self-efficacy and
its correlation with their social interaction’. Adv. Lang. Lit. Stud. 10 (4), 42.

Malacapay, M.C., 2019. ‘Differentiated instruction in relation to pupils’ learning style’.
Int. J. InStruct. 12 (4), 625–638.

Mutrofin, et al., 2017. The effect of instructional methods (Lecture-Discussion versus
group discussion) and teaching talent on teacher trainees student learning outcomes.
J. Educ. Pract. 8 (9), 203–209. Available at: http://search.ebscohost.com/login.aspx?
direct¼true&db¼eric&AN¼EJ1138824&site¼ehost-live.

Myers, I.B., 1995. Gifts Differing: Understanding Personality Type. Reprint. Davies-Black
Publishing.

Naki�c, J., Grani�c, A., Glavini�c, V., 2015. Anatomy of student models in adaptive learning
systems: a systematic literature review of individual differences from 2001 to 2013.
J. Educ. Comput. Res.

Pashler, H., et al., 2009. Learning styles concepts and evidence. Psychol. Sci. Publ.
Interest. Supplement.

Pham, Q.D., Florea, A.M., 2013. A method for detection of learning styles in learning
management systems. UPB Scient. Bull., Series C: Electr. Eng. 75 (4), 3–12.
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