
Paper—New Automatic Hybrid Approach for Tracking Learner Comprehension Progress in the LMS 

New Automatic Hybrid Approach for Tracking Learner 
Comprehension Progress in the LMS 

https://doi.org/10.3991/ijim.v16i19.33733  

Khalid Benabbes1(), Brahim Hmedna2, Khalid Housni1, Ahmed Zellou3, Ali El Mezouary4 

1 Faculty of Sciences, Ibn Tofail University, Kénitra, Morocco 
2 Faculty of Sciences, Ibn Zohr University, Agadir, Morocco 

3 ENSIAS, Mohammed V University, Rabat, Morocco 
4 EST, Ibn Zohr University, Agadir, Morocco 

khalid.benabbes@uit.ac.ma 

Abstract—Learning style is a significant learner-difference factor. Each 
learner has a preferred learning style and a different way of processing and 
understanding the novelty. In this paper, a new approach that automatically 
identifies learners learning styles based on their interaction with the Learning 
Management System (LMS) is introduced. To implement this approach, the 
traces of 920 enrolled learners in three agronomy courses were exploited using 
an unsupervised clustering method to group learners according to their degree of 
engagement. The decision tree classification algorithm relies on the decision 
rules construction, which is widely adopted to identify the accurate learning style. 
As the lack of good decision rules would lead to learning style misclassification, 
the Felder-Silverman Learning Style Model (FSLSM) is used as it is among the 
most adopted models in the technology of quality improvement process. The 
results of this research highlight that most learners prefer the global learning 
style. 
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1 Introduction 

Learning style is the preferred mode of processing, thinking, and understanding 
information [1]. Each learner has a particular learning style that allows him to reach the 
optimal potential. A learning style is one of the various components representing the 
learner's model. The learner model identifies the learner's preferences and features to 
effectively assimilate the knowledge [2]. It is based on various aspects such as the order 
in which the training is presented and structured, the tutorials (assignments, notes, 
exams, training, exercises), and how the learning information is presented to the 
learners [3].  

The course completion rate is defined as the number of certified learners divided by 
the total number of learners enrolled in the course [4]. It is low in LMSs, varies between 
2 and 11% and typically less than 14%. Some researchers explained the issue of learner 
dropout by lack of learner engagement and motivation [3]. For other researchers, 
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learners feel isolated from each other when they enrolled in a course [5]. For some 
scientists, the courses are not adjusted to the learners' orientations and preferences [6]. 
In that sense, the problem of detecting how learners, study and acquire new skills and 
knowledge has been raised [3], [4].  

Since learners are diverse across their comprehension, some of them understand the 
complex concept step by step in a linear style with valid links between all aspects 
(sequential learners), while others ignore the relationships between the concept’s 
aspects and aim to conclusions in a global style (global learners). Many solutions have 
been proposed based on the awareness of the learner's learning style to better help and 
satisfy his/her needs [1], [3], and the data collected can help to better understand 
learners' learning. In addition, the use of a reliable learning system that is appropriate 
to the learners’ preferences is considered instead of providing the same materials to all 
learners in the same manner [3]. 

For this purpose, two approaches are used to identify the learning styles: the 
collaborative and the automatic approach [5]. The first one, a survey-based, is less 
precise as learners may randomly reply to queries tied to the learning style model with 
a lot of questions, which greatly contributes to decision tiredness [3]. The second 
approach is centered on gathering learners' traces generated through their interaction 
with the LMS platform and interpreting them to track learners' learning styles. This 
approach particularly has the advantage of manipulating real-time data to classify 
learners, thus it can track the learners' learning styles with high accuracy [5]. 

The proposed approach aims to identify automatically the learners' learning styles in 
relation to their understanding of training information through the learning system 
formed on the global/sequential dimension of FSLSM [5]. In that regard, we are 
proposing to use K-means clustering algorithm [4] implemented on learners' behaviors 
to group them according to their engagement level. Then the learners are classified 
using a decision tree classifier adjusted by a well-defined set of decision rules [6]. 

The manuscript is articulated as follows: First, we will introduce the basics on 
concepts, classification of learning styles and models, and we will provide detailed 
information about the approach adopted to identify learning styles. Then, we will 
present the methodology, including data preprocessing, feature extraction, 
normalization, clustering technique, and decision tree rules performed. The paper will 
end with the results, a conclusion and future works. 

2 Background 

In this section, we will first provide a general overview of the learning styles and 
discuss the most used models for their identification and classification. Then, we will 
describe the different approaches to identify learners' learning styles. These are mostly 
used by personalized adaptive solutions to provide an effective learning experience in 
line with the requirements and needs of the learner [39].  
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2.1 Learning styles concepts and classification 

Learning style refers to the relatively stable indicator aspect of how learners 
perceive, interact and respond in a learning environment [7]. As all learners do not 
perceive a learning situation in the same way, each learner has a personal style for 
processing and organizing information [7]. The learning style refers also to the 
behavioral traits adopted by individuals in a specific context that make them different 
from others [8]. The term "learning style" was first used by Herb Thelen in 1954 [9]. 
Since then, it has gained enormous popularity among researchers, who have proposed 
several definitions accordingly [11], [26]. Thus, in the literature, there is no consensus 
on a single definition of the learning style [10]. 

In the same way, the evolution of recent technology makes it possible to design 
learning solutions adapted to learner preferences but still limited in their efficiency. 
Such systems require progressive improvements to make learners learn effectively 
during their classes following a preferred style and method [39]. As a consequence, 
more research has been conducted to address this issue and improve learning efficiency 
using learning style aspects [18]. There are numerous approaches to the learning styles 
of learners, that is why a variety of learning styles have been proposed. 

Moreover, some learning style models developed in the past have been classified as 
shown in Table 1. Curry [25], for example, has established a classification of the main 
learning style models that she has named the "onion model”, consisting of several 
layers. The outer layer, also called the instructional preference, refers to the conditions 
in which the individual wishes to learn, such as the learning environment and the 
teacher. The middle layer refers to the informational processing style, within which 
many strategies are used by the learner to process information. Yet, the inner layer 
refers to the cognitive personality style, it is defined as an underlying method of 
thinking that the learner uses. The internal layer is supposed to be the most stable in the 
model [11]. 

Table 1.  Classification of learning styles models 

 Classifications 

Features Curry [25] Riding and Rayner [2] Coffield et al. [12] 
Cognitive personality    
Cognitive skills    
Cognitive structure    
Personality type    
Learning processes    
Learning preferences    
Learning orientations and 
strategies    

Instructional performance    
Constitutionally based    
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However, the classification of Rayner & Riding [2], derived from the model 
proposed by Riding and Rayner (1997) is based on four levels. The model groups 
learners learning preferences into learning processes using experiential learning, 
orientation to study, instructional preferences, and development of learning strategies, 
which are related to the teaching and learning styles applied in the classroom [11]. The 
classification by Coffield et al. [12] identified the top 13 out of 71 different learning 
models, including their theoretical basis and similarities. The authors also constructed 
an independent study to investigate the relationship between the learning style and the 
student's learning capability [12]. 

2.2 Learning styles model 

Several models of learning style have been reported in the literature and they differ 
in terms of some topological variables [13]. Learning styles have been of interest to a 
variety of researchers, especially in pedagogy. Further studies have shown that learning 
styles can improve the learners' activity and knowledge level, making the learners more 
focused and getting the best results [38], [39]. Felder [40] has proved that learning 
difficulties are introduced when the learner is badly treated with the learning style. 
Moreover, there are various interpretations and models related to this topic. In this 
section, we will give an overview of the main models used (Figure 1).  

Felder-Silverman Kolb Dunn & Dunn Mayers-Briggs
 

Fig. 1. The learning styles models 

The Felder-Silverman Model (FSLSM) was proposed by Professor Richard M. 
Felder and psychologist Linda K. Silverman [13]. It is an approach within which 
learners perceive and acquire new concepts. This model is one of the most used models 
for identifying learning styles. It was designed to consider different learning styles. In 
that regard, four dimensions have been used and each dimension is based on two 
learning styles such as perception (sensory/intuitive), reception (visual/verbal), 
understanding (global/sequential) and processing information (active/reflective).  

The Dunn Model (DM), developed by Rita Dunn and Kenneth Dunn [26] is one of 
the oldest models for identifying learning styles. The model considers learning style as 
the way a learner concentrates on, processes, and remembers new and hard skills. It 
proposes a series of variables to include in the learning process as factors causing 
differences between learners. These variables are divided into five categories: affective, 
sociological, environmental, psychological and physiological [14].  

The Kolb Model (KM) presented by Dewey and Lewin [27] is based on the studies 
of the Swiss psychologist Piaget. Kolb is a four-step model containing concrete 
experience, reflective observation, abstract conceptualization, and active 
experimentation. The model starts by concrete experience (CE), a step that refers to 
how a learner actively experiences an activity. It is followed by a reflective observation 
(RO) that refers to which learner knowingly reflects on that experience. Then, an 
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abstract conceptualization (AC), where a learner tries to use logic and ideas instead of 
sensing to understand problems and solve them. Lastly, active experimentation (AE) is 
when a learner attempts to organize and plan for testing a model or plan for future works 
[36].  

The Mayers-Briggs Type Indicator (MBTI) is built on Jung's personality theory [28]. 
Bear in mind that the learning style of individuals reflects their psychological type, and 
indicates aspects of their personality and usual preferences. The MBTI is made up of 
four pairs of opposing ways to believing and reacting, with bipolar dimensions, known 
as dichotomy for each one of them. The four dimensions of learning styles are 
established in relation to (1) focus on the life (Extraverted/iNtroverted), (2) perception 
(Sensory/iNtuitive), (3) approach to judging by contract (Reflexive/Sentimental), and 
(4) focus on outside influences (Judgment/Perception) [36]. 

In this particular study, the FSLSM model was used because it is the most 
appropriate for the scientific questions raised. Each dimension is presented on a scale 
ranging from -11 to +11, which is more accurate to define the dominance of the learning 
style. All the dimensions are independent and distinctive, and constitute an index that 
can be used to better define learning styles [36]. 

2.3 Approaches to identifying learning styles 

The process of identifying learning styles requires the use of one or more 
approaches. The most widely known ones are either collaborative or automatic 
approaches. 

The collaborative approach is founded on the gathering of data from the survey, and 
provides a static learner profile model [14], [48]. The learner model is set up only once 
and remains unchanged throughout the learning process, which goes against the 
findings of researchers who believed that learning styles are rather unstable. The 
questions are often not clear to everyone and lead to wrong answers, which do not 
effectively reflect the nature of the student [41]. In addition, the long questions can 
demotivate the learners to complete all the questions asked. To overcome this weakness 
and auto-detect the learners' learning styles, the researchers suggested to automate the 
approach. 

An automatic approach can be used to auto-detect the learning styles during the 
learner's interactivity with the learning platform through the data generated. However, 
it generates a lot of information, which may not be reliable and does not contain all the 
learner's desired preferences, and thus requires great carefulness to capture the global 
learner's profile [42]. Besides, the majority of studies opt for the collaborative approach 
(i.e., explicit), in contrast, only 25% of the studies use the automatic approach (i.e., 
implicit). The automatic approach can be either data-driven or rule-based [16]. 

Rule-based approach. The rule-based approach uses learners' traces to define their 
learning styles [17]. The model that determines learning styles is defined by using a 
combination of pre-defined rules to the learners' reactions within the learning system 
[18]. These pre-defined rules expressed as "if... then... else" statements, are applied to 
compute the preference level of the learning style. As shown in Figure 2, the 
nbr_sequential variable measures the number of times a learner accessed and used a 
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learning resource, while mean_sequential variable represents the average number of 
times a learner accessed a learning resource. The two variables K_lower and 
K_superior vary for each learner, and are used to classify the sequential resources as 
low, medium or high. 

 

Fig. 2. Rules identifying learning style preferences (sequential dimension of FSLSM) 

The advantage of this model is that it can be applied to the data coming from any 
training course, in spite of the difficulties encountered when trying to make an 
exhaustive list of rules to identify the learning styles. 

Data-driven approach. This approach creates a model that looks like a learning 
style survey. It sets up the model from the learners' activities using classification 
algorithms such as (1) Decision Tree, (2) Bayesian method (Neural Network), (3) 
Reinforcement Method, (4) Markov Model and (5) Naïve Bayes. These classification 
methods use real data to classify learners and adapt to changes the learners' learning 
styles and update them according to their background [22]. 

In the following section, the Decision Tree Rules and the collaborative approaches 
were adopted to identify the learning styles, as one complements the other. 

3 Methodology 

This section outlines our methodological approach made up of five steps (Figure 3). 
It starts by extracting and preprocessing raw data in order to make each learner a 
composite of characteristics. Then the unsupervised clustering algorithm is applied to 
a group of learners according to their engagement level [31], [37]. Finally, the modified 
decision tree classification method, with well-defined rules, is introduced to identify 
the final categories of the understanding dimension (global vs. sequential) and the 
learning style preferences degree. 

If nbr_sequential < mean_sequential * K_lower: 
SEQUENTIAL_STYLE = Weak 

Elif no_sequential < mean_sequential * K_superior: 
SEQUENTIAL_STYLE = Moderate 

Else: 
SEQUENTIAL STYLE = High 
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Fig. 3. The proposed approach for learning styles identification 

3.1 Experimentation 

The dataset used in this study was made available by the Hassan II Institute of 
Agronomy and Veterinary Medicine (IAV HASSAN II, Rabat, Morocco). The data 
collected was from three agronomy courses offered during winter sessions (2018 and 
2019) through Moodle Learning Management System (LMS). The training courses 
lasted for 16 weeks and included video tutorials, quizzes, discussion forums and lesson 
docs. In this learning experiment study, 920 learners joined and produced some 136,534 
events.  

3.2 Data pre-processing 

The pre-processing started by extracting the traces produced during 2018 and 2019 
academic years from January 27 to May 30. The raw data collected may contain missing 
values, lack certain features, or sometimes meaningless. This type of data noise affects 
the performance of models, and it is, therefore, necessary to pre-process the data prior 
to inclusion in models. For this reason, the algorithm called Isolation Forest (Iforest) 
[43] with the same concept as Random Forest was used to isolate the anomalies from 
of the normal data. The benefits of this approach are: (1) it does not depend on density 
or distance measures to identify anomalies, (2) it properly maps a binary tree, (3) there 
are very few conditions required to dissociate outliers from normal cases; (4) it is linear 
in terms of time complexity and memory consumption, (5) it can be scaled to deal with 
high-volume datasets as well as higher dimensional problems. However, the results 
revealed that most of these anomalies are caused by a bug in the Moodle LMS that leads 
to recurrent sending of the same query, altering the learner's traces. 

To organize the flow of events generated by each learner throughout 16 weeks 
learning, the events were reduced to a daily session, attached to a list of events filled in 
through a survey at the beginning of each day. The events feature allowed us to assign 
events to every week during which the course was delivered. The reconstruction 
process of each session is based on the time of the visit to the page limited to 1 hour, 
calculated from the difference between two timestamps. In the following subsection, 
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we will discuss the extraction of the relevant features for the learning styles 
identification, the normalization step, and the dimensionality reduction. 

Feature extraction. Learning style feature extraction is a method of searching the 
optimum model for the existing features to carry out a given task [8]. This method uses 
the feature engineering mechanism, known as the knowledge area, which serves to add 
features iteratively until it reaches the minimum number of features to create a features 
engine for the automatic learning algorithms operation [17]. To this end, the Moodle 
LMS traces were extracted for each learning style. Then each learner is presented as 
features vectors retrieved from the dataset, which we adapted to the learning style 
features of the understanding dimension of the FSLSM. 

This operation is done in several steps. The actions of the clickstream are grouped 
by event_type attribute, which defines the types of events executed during the learning 
session. This aggregation allows us to calculate the total number of events performed. 
Using the time column, a new column called "time_duration" is generated, to measure 
the time of each learner's activities, such as the time spent at a learning resource. To 
make a session defined by learner's login and logout, several sessionization methods 
have been proposed [44]. In this particular study, we used a time-oriented method 
related to the session lifetime calculated using the difference between two timestamps 
that should not exceed 30 min otherwise, a new session is considered. 

In Figure 4, we have synthesized the suggested features related to the FSLSM 
understanding dimension [19]. The simple fact of tracking the progress of pages by a 
learner may indicate the learner's global or continuous sequential progression [13]. 
Sequential learners are expected to frequently use the next and previous buttons to 
navigate through the course units [10]. Similarly, sequential learners use forums to read 
discussions, ask and answer questions in-depth [20]. However, global learners read the 
messages holistically, respond briefly to a given post. They also tend to go directly to 
a specific part of the page (seq_goto) and a portion of the video (seek_video) [21].  

Forums Videos

Exams 
done

Understanding 
(Sequential/Global)

Exams Texts

Exam 
review

Exams 
attempt

Exams 
delivery 

time
Seek_videosStart_videos Seq_next

Learning 
style

Navigations

Seq_previousStop_videos

 
Fig. 4. Modeling learner's interaction with the Moodle LMS 

Once the optimal features for identifying the learning styles are extracted, the data 
is normalized as discussed in the following section. 

Normalization. To reduce the influence of the features processed by the learning 
algorithm on the output, the normalization is used to scale the features between zero (0) 
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and one (1) [10]. In this sense, the MinMaxScaler function available in Sklearn [19] is 
used to execute the following equation: 

 𝑥𝑥′ = 𝑥𝑥− 𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚
𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚− 𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚

 (1) 

Where x' is the normalized value, x is the eventual value of X, 𝑋𝑋𝑚𝑚𝑚𝑚𝑥𝑥 and 𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚 are 
respectively the maximum and minimum values of the feature X in the dataset. 

Dimensionality reduction. The Principal Component Analysis (PCA) is performed 
to reduce the dimensionality of the baseline feature space to a 2D-space for each 
understanding dimension learning style without altering the links between the variables 
[17]. Therefore, each learning style is displayed in a bidirectional format. The output 
of PCA is processed to optimally cluster the learners using K-means. 

In the following section, the next logical step of our methodology is introduced. It is 
divided into two parts specifically (1) the clustering of learners by engagement level 
and (2) the labeling of the dataset and its classification using the modified decision tree 
with rules-based approach (decision rules), as the most appropriate algorithm to predict 
the learning styles. 

3.3 Unsupervised and supervised modeling 

In this section, the unsupervised modeling process across the clustering [21] and the 
supervised modeling using decision rules of classification [16] are outlined to identify 
learning styles with high accuracy over the solutions proposed in the literature. 

Clustering. In this part, the interest is to group learners by their level of engagement 
[33]. Through the analysis of the related features, the behaviors, the traces and the 
frequency by which each learner carries out a set of activities when they interact with 
the LMS (Figure 4). Although several profiles and taxonomies of learners have been 
recommended [32] - [34], we opted for the clustering classification proposed by [35] 
where Active learners are fully engaged and use all available resources on the LMS. 
Whereas Passive learners just browse the content without participating actively in the 
different discussions and activities. Drop-ins are active learners who follow only a part 
of the course. Observers can explore the content of the LMS, but don't have a specific 
learning goal, and see the LMS as a source of educational resources and not as a course 
or training in its own right. No-shows sign up for the course but never sign in, they 
constitute the most vital category. For this particular group, the clustering technique 
have been used to automatically define the different groups of learners that have similar 
features in order to keep the most active learners. These learners generate a huge 
number of traces that are enough to train the learner model with high accuracy. Each 
learner is shown as a stream of pre-processed features.  

To overcome the problem of estimating the exact number of clusters (K), considered 
as one of the main challenges of K-means, we opted for the elbow method as the best 
existing solution to estimate the ideal number of clusters [21]. Then, the changes of the 
clustering cost in relation to the number of clusters are plotted. If the value drops rapidly 
to reach a certain point and then decreases its rate of change (Figure 5), this point 
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corresponds to the right number of clusters [18]. The cost function is expressed by the 
following equation: 

 Cost = Log �1
n
∑ ∑ |x −  Centoidi|2x∈Clusteri
K
i=1 � (2) 

Therefore, the number of clusters chosen to be five (Figure 5). The learners are then 
divided into clusters according to their features and their engagement levels. The study 
conducted proved that K-means++ is the most suitable algorithm for selecting the initial 
centroid of clusters. This is an enhanced version that overcomes and corrects the K-
means errors [20].  

Based on these results, the traces of no-shows and observers have been excluded to 
bring the dataset down to 750 learners and 9,508 traces. 

 
Fig. 5. Understanding the learning style (elbow point occurs at number of clusters 5) 

Decision tree rules. The traces selected from learners' interactions are used as input 
to the Decision Tree Classifier setup, with relevant rules [15] that improve the accuracy 
of learners' style classification according to the FSLSM understanding dimension. The 
rules used to label the dataset are presented as categories in Table 2. The final values 
are calculated and used to set the final categories of the understanding dimension 
(global vs. sequential). The features gained are given as input to the decision tree 
classifier. This process aims to enhance the precision and accuracy of the classification 
of each learner's learning styles based on FSLSM. 

Table 2.  Decision tree rules for features of understanding dimension [15] 

Course 
resources Features Rules Weight 

Forum No participation No participation 0 
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Only view discussions  Number of views 1 
View & add a short post Number of post and view 2 
View & add long post Number of post and view 3 

Add a short response for discussion Number of post 2 
Add a long response for discussion Number of post 3 

Exam 

Exam delivery Time 

Consume > 70% of time 4 
Consume 60% - 70% of time 3 
Consume 50% - 60% of time 2 
Consume 40% - 50% of time 1 

Consume < 40% of time 0 

Exam done 

Check > 70% exams 4 
Check 60% - 70% exams 3 
Check 50% - 60% exams 2 
Check 40% - 50% exams 1 

Check < 40% exams 0 

Exam attempt 

The try > 70% exams 4 
The try 50% - 70% exams 3 
The try 30% - 50% exams 2 
The try 10% - 30% exams 1 

The try < 10 exams 0 

Exam review 

Do > 20% review 4 
Do 15% - 20% review 3 
Do 10% - 15% review 2 
Do 5% - 10% review 1 

Do < 5% review 0 

Text (word) 
View Course Number of times viewed 1 

No view No overview 0 

Videos 
Start_video Number of times forward 2 
Stop_video Number of times turned back. 2 
Seek_video Number of times seeking a video 1 

 
A set of rules proposed by Sheeba and Krishnan [15] (Table 2) was used to derive 

the categories of the understanding dimension according to the final calculated value: 
(1) if the value is between 0 and 1, the understanding dimension is Strong Global, (2) 
if the value is between 2 and 3, the understanding dimension is Medium Global, (3) if 
the value is between 4 and 5, the understanding dimension is Balanced, (4) if the value 
is between 6 and 7, the understanding dimension is Medium Sequential, (5) if the value 
is between 7 and 8, it means that the understanding dimension is Strong Sequential. 

The decision tree classification method is used to train the learning style prediction 
model. It is made up of a root, decision nodes and branches [16]. The nodes are labeled 
with text attributes and the branches with attribute values. The classification involves 
two steps, the training and the testing (Figure 6). The training step builds the tree 
recursively from a dataset until it integrates all records into the same class. The testing 
step is processed to assess the accuracy of the trained tree [23].  
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Test Set (20%)Training Set (80%)

Original Set

Predictive Model

Machine Learning 
Algorithm

Final performance estimate

Training

 
Fig. 6. Overview of the training and test set 

Finally, the learners' learning style is predicted using their traces (Figure 4), through 
the decision tree classifier model strengthened by the rules shown in Table 2 as the rule-
based decision tree classifier model. 

4 Results & discussions 

The features (9,508 traces) related to the understanding dimension of the FSLSM 
[22] were gathered from 750 learners enrolled in the three agronomy courses available 
online on Moodle LMS [18]. A data pre-processing [17] was conducted to clean and 
extract features from the learners' traces. The selected data were normalized in the 
interval [0, 1], and the K-means++ clustering algorithm [19] was applied to 
automatically define the different learner groups with the same engagement level [34], 
and thus selecting the most active ones. Then, the higher decision rules are applied to 
label the dataset, classify the learners' learning styles and quantify the degree of 
dominance of each learning style. According to the distribution of learning styles 
related to the understanding dimension shown in Figure 7, the largest number of 
learners shows a moderate global learning style with 23 learners certified and 239 
learners failed. These learners achieved worse results than the sequential learners. As 
shown in table 2, this is because most learners use videos and PowerPoint and go 
directly to a specific unit (seq_goto) or to a specific part of the video (seek_video), thus 
spending less time analyzing the textual documents viewed. They also used little the 
forums, as they rarely or never contributed to the discussions. Therefore, we found more 
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variance in global dimension. This is in line with the findings of [23], which showed 
that global learners have a high risk of dropping out of the training. 

 
Fig. 7. Distribution of learning styles 

The main evaluation method is the confusion matrix (Figure 8), which confronts the 
predicted and the observed classes as a table of frequencies. These measures are used 
to illustrate the accuracy of the classification model produced, which confirms the 
performance of our evaluated system. 
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Fig. 8. Confusion matrix (Actuals vs. Predictions) 

The performance achieved (Figure 9) from the experiments carried out is also 
analyzed using the following accuracy classification equation: 

 Accuracy = ∑ TPi
5
i=1

∑ TPi + FNi5
i=1

 (3) 

Where accuracy is the ratio of correct predictions made by the model, TP (true 
positives) is the number of true positives or the number of samples, and FN (false 
negatives) is the number of false negatives or the total number of misclassified samples 
[29]. 
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Fig. 9. Comparison of precision for understanding dimensions of FSLSM 

It is evident that the decision tree rules method has an accuracy of up to 95%, which 
is a high value, followed by J48 and Random Forest. The fuzzy logic model is the 
algorithm with the lowest performance that proves that the proposed solution can 
classify and predict learners' learning styles with high accuracy, under the conditions 
that learners are induced to effectively interact with the groups in the Moodle LMS and 
that the learning styles are well aligned with their preferences and engagement 
following the FSLSM understanding dimension. 

In line with our findings, it seems that the Felder Silverman model appears in the 
vast majority of pre-existing research [46]. Our study is also consistent with the 
literature [16], [23], [45]. The researchers' focus on Felder Silverman compared to other 
models is due to its effectiveness and the easiness of the survey adapted to personalized 
learning environments [40]. Our study is in concordance with the research literature in 
higher education compared to low percentage targeted on secondary and primary 
education levels [38]. However, the research has focused on learners only, neglecting 
the role of the instructor who should be making suggestions, adapting presentations, 
and evaluating the impact of learning systems [47].  

The proposed model can help instructors better identify the needs and preferences of 
their learners and tailor instruction in a format that matches their learning style, rather 
than providing similar content to everyone. According to similar studies, the use of 
learning style understanding dimension in adaptive learning systems, has a positive 
impact on academic achievement, level of learner satisfaction and makes it easier to 
manipulate personalized courses [44]. 

Finally, since the proposed model can be adapted to the changing of the learners' 
learning style, it is crucial to implement the approach in an LMS or a MOOC. This will 
provide instructions and activities suitable to the learners' learning style, by linking both 
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the data gathered through the survey and the traces generated while interacting with the 
learning environment. 

5 Conclusion and future work 

In this paper, we aimed at identifying the sequential/global learning styles of the 
learners through their interaction with the Moodle LMS platform, using collaborative 
and automatic methods. The experiments were conducted on a dataset extracted from 
the Moodle LMS platform available at the Hassan II Institute of Agronomy and 
Veterinary Medicine, collected from three agronomy courses offered during 2018 and 
2019 winter sessions). We carried out two experiments: first, an unsupervised 
clustering technique to group learners according to their engagement on the platform, 
by understanding their behaviors through the analysis of their activities. In the second 
experiment, we evaluated four machine learning algorithms: rule-based decision tree, 
random forest, fuzzy logical model and J48. The results achieved indicate that the 
decision tree rule approach is effective in detecting and predicting the learning style 
with high accuracy in the understanding dimension. The decision tree approach, made 
of precise decision rules, was used to label the engaged groups in the datasets and 
accurately classify the learning style based on the understanding dimension of the 
FSLM. The results of our research showed that the majority of learners subscribed to 
the Moodle LMS have a global learning style preference mode. The proposed solution 
can be used to tailor courses provided to the learner's learning style understanding type 
and help teachers frame educational resources according to learners' learning styles. 

The future research is to build a secure adaptive cross-platform system, by including 
the proposed classifier into MOOC for automatic learning style identification. 
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