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Abstract Educational data mining is a research field that aims to apply data min-
ing techniques in educational environments. Many data mining techniques such as
clustering, classification, and prediction can be performed on educational data in
order to analyze the learner behaviors. In this work, we have used the clustering
and classification techniques to predict the learners’ learning styles. The students’
behaviors while using the e-learning system have been captured from the log file
and given as an input of a clustering algorithm to group them into 16 clusters. The
resulted clusters were labeled with learning styles combinations based on the Felder
and Silverman learning style model. Then the labeled behaviors were given as input
to four classifiers: naive Bayes, Cart, Id3, and C4.5 to compare their performance in
predicting students’ learning styles. The four classifiers were performed using Weka
data mining tool, and the obtained results showed that Id3 yielded better results than
the other classifiers.

Keywords Educational data mining + Data mining techniques + Clustering -
Classification - E-learning system * Felder and Silverman learning style model

1 Introduction

In recent years many technologies have been developed to improve the efficiency
of E-learning environments. Using those technologies, the learners’ behaviors and
preferences can be detected and used to enhance the learning process. In this context,
the Educational data mining field (EDM) has emerged.
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EDM is a research field that aims to apply data mining techniques on educa-
tional data to extract uscful information about the students’ behaviors and then make
enhanced learning strategies based on the extracted information. Various data min-
ing techniques can be used in the EDM field to achieve different purposes. One of
the important purposes of the EDM is the enhancement of the student model by
predicting the learners’ characteristics.

The learning style is one of the vital characteristics that construct a student model.
Knowing learners’ learning styles helps adaptive E-learning systems to provide cus-
tomized contents that fit the learners’ preferences. Many solutions have been pro-
posed to identify students’ learning styles, the traditional one consists in asking the
students to fill in a questionnaire, this solution has many disadvantages. Firstly, filling
in a questionnaire is a boring task that consumes a lot of time. Secondly, students
aren’t always aware of their learning styles and the importance of the further use of
questionnaires, which can lead them to give arbitrary answers, therefore, the results
obtained from the questionnaires can be inaccurate and might not reflect the real
learning styles of the students. Thirdly, the results obtained from the questionnaires
are static, while the learning styles can be changed during the learning process.

This paper presents an approach to detect the learning style automatically using
the existing learners’ behaviors and based on the This paper presents an approach
to detect the learning style automatically using the existing learners’ behaviors and
based on the Felder and Silverman Learning Style Model (FSLSM). Four classifiers
have been performed to detect the learners’ learning styles which are: Naive Bayed,
1d3, CART, and C4.5. We have compared the performance of the four classifiers to
get the most efficient in detecting students’ learning styles.

The rest of this paper is organized as follows. Section 2 gives a brief definition of
EDM and describes the FSLSM and the used algorithms. Section 3 introduces a liter-
ature review of related work. Section 4 describes the methodology of our approach.
The results are presented in Sect. 5; Finally, Sect. 6 presents our conclusions and
future works.

2 Preliminary

2.1 Application of Data Mining in Educational Data

Data mining, also known as Knowledge Discovery in Data (KDD), is the process
of finding hidden and useful information from large volumes of data. Many fields
have exploited the efficiency of data mining techniques to make decisions such as
e-commerce, bioinformatics, and e-learning. Applying data mining techniques to
educational data is commonly known as educational data mining (EDM). One of
the major utilities of EDM is the improvement of the student model. According to
[1] a student model contains many characteristics which are: Knowledge and skills,
misconception and errors, affective factors, Cognitive features, Meta-cognitive skills,
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and learning style. Many researches have been focusing on detecting the learner’
learning style, various techniques have been used and many approaches have been
proposed. Among the techniques that were widely used there are: Neural Network,
Decision Tree, Bayesian Networks, and Association Rule.

2.2 The Felder and Silverman Learning Style Model

Felder and Silverman learning style model was developed by Felder and Silver-
man in 1998 [2]. This model uses the notion of dimensions where each dimen-
sion contains two opposite categories, and each student has a dominant preference
in each dimension’s category. The four dimensions of the FSLSM are: processing
(active/reflective), perception (sensing/intuitive), input (visual/verbal), understand-
ing (sequential/global). A learning style is defined by combining one category from
each dimension.

Active learners tend to retain and understand information best by doing something
with the learning material. Reflective learners prefer to think about the learning
material quietly first. Active learners also prefer to study in group, while the reflective
learners prefer to work individually.

Sensing learners like courses that deal with the real-world facts. They tend to be
more practical by doing hands-on (laboratory) works and they are more competent
than intuitive at memorizing facts. Intuitive learners don’t like materials that contain
a lot of memorization and routine calculations, and they prefer the ones involving
abstractions and mathematical formulations. They may be better than sensors at
innovating and grasping new concepts.

The visual learners prefer to see what they learn by using visual representations
such as pictures, diagrams, and charts. While the verbal learners like information
that are explained with words; both written and spoken.

Sequential learners tend to go through the course step by step in a linear way, with
each step followed logically by the next one. Global learners tend to learn in large
jumps, by accessing courses randomly without seeing connections.

In this work, we have based on the FSLSM for many reasons. Firstly; this model
uses the concept of dimensions and describes thoroughly the learning styles prefer-
ences. This description mentions the types of learning objects that can be included
in each learning style preference, and this is an interesting characteristic to our work
because knowing the learning styles preferences of learning objects helps us to deter-
mine the learning style of learners ‘sequences. Secondly; according to our approach
a LS can be changed over time, and then updated using a classifier technique. The
FSLSM provides this possibility by considering LS as tendencies and students can
act in a non-deterministic way as pointed by [3]. Thirdly, the FSLSM is the most
used in adaptive e-learning systems and the most appropriate to implement them as
mentioned by [4, 5].
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According to FSLSM, each learner prefers a specific category in each dimension.
Thus a learning style is defined by combining onc preference from each dimension.
As a result, we will obtain sixteen combinations:

Learning Styles Combinations (LSCs) = {(A,Sen,Vi,G),
(A,Sen,Vi,Seq), (R,Sen,Vi,G), (A,Sen,Ve,Seq),
(A,Sen,Ve,G), (R,Sen,Ve,Seq), (R,Sen,Ve,G), (A,I,Ve,G),
(A,I,Vi,Seq), (A,I,Vi,G), (R,I,Vi,Seq), (R,I,Vi,G),
(R,S,Vi,Seq), (A,I,Ve,Seq), (R,I,Ve,Seq), (R,I,Ve,G)}.

2.3 Used Algorithms

K-modes clustering algorithm
The k-modes is a clustering algorithm that aims to group similar categorical objects
into k clusters. This algorithm is an extension of k-means clustering algorithm with
three modifications: replacing the Euclidean distance function with the simple match-
ing dissimilarity measure. Instead of means, it uses modes, and instead of updating
the centroids it updates modes using a frequency based method.

The following steps illustrate how to cluster a categorical data set X into & clusters:

Step 1: Randomly Select & initial modes, one for each cluster.

Step 2: compute the distance from each object to each mode using the dissimilarity
Measures, and then associate each object to the cluster whose mode is the
nearest to it. This association defines the first k clusters.

Step 3: Update the modes of the newly defined clusters from Step 2 using Theorem
(1) described below and then retest the dissimilarity between the objects
and the updated modes. If an object is found such that its nearest mode
belongs to another cluster rather than its current one, reallocate the object
to that cluster and update the modes of both clusters.

Step 4: repeat step 3 until no object has moved to another cluster after a full cycle
test of the whole data set.

The dissimilarity Measures and the theorem (1) that are used in the previous steps;
are described below:

e Dissimilarity Measures

To compute the dissimilarity between two objects X and Y described respectively
by m categorical attributes values (xi, x2, ..., Xx,,) and (y1, ¥2, ..., Ym), the two
following functions can be used:

d(X.Y) =Y 8(x;. y) where §(x;. y;) = {O’ AR (1

= l,xj;éyj
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where n,; and n,, are respectively the numbers of objects that have the categories x;
and y; for attribute j.

e How to select a mode for a set

Let X = {X1,X5,...,X,} amode of X is a vector Q@ = [¢1,92,---,qn] that
minimizes the following equation:

D(Q, X) =) d(Xi, Q) 3)
i=1

where D can be either Egs. (1) or (2).

Theorem 1 The function D(Q,X) is minimized if f; (Aj = qj\X)
fr(Aj = Ck,j\X)for qj # Cy,jforall j =1,...,m where f,(Aj = Ck,j\X)
L4l s the relative frequency of category Cy ; in X.

n

v

Naive Bayes
The Naive Bayes is a supervised classifier and it is an extension of the Bayes theorem
with two simplifications [6, 7].

The first simplification is to use the conditional independence assumption. That
is, each attribute is conditionally independent of every other attribute given a class
label C;. See the following equation:

P(CAA) = P(Cy) 5 D@12 92: - an\CD)

P(a19 a27 a37 ey am)
P C)P C)),..., P@a,\C;
_ pCyy 5 PENCDP@\C), . Pan\C
P(alﬂa27a39 '--’am)
n~1_ P a-\Ci
= pcy s 1= PNE) ©)
P(ai,ay,as,...,a,)
The second simplification is to ignore the denominator P(a;, az, as, ..., dy).
Because P(ay, az, as, . . ., a,) appears in the denominator of P (C;\ A) for all values

of i, removing the denominator will have no impact on the relative probability scores
and will simplify calculations. After applying the two simplifications mentioned
earlier, we obtain the Naive Bayes classifier which consists in labeling the object A
with the class label C; that maximizes the following equation:

P(C\A) ~ P(C) - [ P(aj\Ci). i =1.2.....n (5)

j=1
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Decision Tree Algorithms

Many algorithms exist to implement a decision tree, where cach algorithm use a
specific method to construct a tree. Some popular algorithms include ID3 [8], C4.5
[9], and CART [10].

e ID3 Algorithm:

ID3 (or Iterative Dichotomiser 3) is one of the first decision tree algorithms that
Handles only Categorical value, and it was developed by John Ross Quinlan. Let
S be a set of categorical input variables where each input variable y belongs to an
attribute Y, x be the output variable (or the predicted class), The ID3 requires the
following steps:

Step 1: compute the entropy H(S) for data-set
Step 2: for every attribute:

Step 2.1:  Compute the conditional entropy H,,,. Given an attribute Y, its
value y, its outcome X, and its value x.

Step 2.2: compute the information gain for the current attribute.

Step 2.3: choose the attribute with the largest information gain for the first
split of the decision tree.

Step 2.4: Repeat until we get the desired tree.

The entropy H(S), the conditional entropy H,,y, and the information gain are
computed respectively as follows:

H(S) == p(x)-log, p(x) (6)
VxeX
Hyy ==Y p)- Y p(x/y)-log, p(x/y) )
VyeY VxeX
InfoGainA = HS — HS/A (8)

e C4.5 Algorithm

The C4.5 algorithm is an improved version of the original ID3 algorithm. The C4.5
algorithm can handle missing data. If the training set contains missing attribute
values, the C4.5 evaluates the gain for an attribute by considering only the records
where the attribute is defined.

The C4.5 algorithm Handles both Categorical and continuous attributes. Values
of a continuous variable arc sorted and partitioned. For the corresponding records
of each partition, the gain is calculated, and the partition that maximizes the gain is
chosen for the next split.

The C4.5 algorithm addresses the overfitting problem in ID3 by using a bottom-up
technique called pruning to simplify the tree by removing the least visited nodes and
branches.
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e CART Algorithm

CART (or Classification And Regression Trees) can handle both Categorical and
continuous attributes like the C4.5 algorithm. Whereas C4.5 uses entropy based
criteria to rank tests, CART uses the Gini diversity index defined in the following
Equation

Giniy = 1 — Z P(x)? 9)

VxeX

Similar to C4.5, CART can handle missing values and overcome the overfitting
problem by using the Cost-Complexity pruning strategy.

3 Related Works

Many researchers have focused on detecting students’ learning styles using edu-
cational data mining techniques. The EDM uses algorithms from the field of data
mining and machine learning to build a model from the existing students’ behaviors
and then the constructed model is used to determine the learning style of a new
student. Among the popular algorithms being used, there are the neural network,
Decision tree, and Bayesian network. Reference [11] introduces an approach which
uses artificial neural networks to identify students’ learning styles. The approach has
been evaluated with data from 75 students and found to outperform the current state
of the art approaches. Reference [12] presents an approach to recognize automati-
cally the learning styles of individual students according to the actions that they have
performed in an e-learning environment. This recognition technique is based upon
feed-forward neural networks.

Beside the neural network, the decision tree is also a widely used technique
to determine LSs. In [13] the authors compare the performance of J48, NBTree,
RandomTree and CART in inferring LSs. Authors in [14] used NBTree classification
algorithm in conjunction with Binary Relevance classifier, the learners are classified
based on their interests. Then, learners’ learning styles are detected using these
classification results.

According to [15] the Bayesian networks are ones of the most widely adopted
classifiers to infer the learning style [16]. Used a Bayesian network (BN) in order
to identify students’ learning styles. They identified various behaviors that may be
relevant to detect learning styles in a given E-learning system. Then, a BN was trained
with data from 50 students, using initial probabilities based on expert knowledge.
The trained BN was then evaluated using 27 students. For each student, the BN
provides a probability that the student has a particular learning style preference. As
a result, the approach obtained an overall precision of 58% for A/R, 77% for S/ a
63% for S/G (the V/V dimension was not considered) [17]. Presents a work that aims
to enhance the capability of such systems by introducing adaptivity in the way the
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information is presented to the online learner. The adaptivity takes into account the
learners’ learning styles by modeling them using a Bayesian Network.

Most of the proposed approaches aim to classify learners according to the eight
learning styles preferences of FSLSM. This study differs from others by considering
16 learning styles combinations instead of eight.

4 Methods

The EDM techniques consist in applying data mining techniques on educational data.
One of the sources of educational data is the log file since most of the E-learning
environments have their own log files that record the interaction history of students.
The data recorded in log files can be analyzed by using web usage mining techniques
to investigate the learners’ behaviors. The basic steps of the web usage mining process
are; data collection, preprocessing and pattern discovery.

4.1 Data Collection

In our work, the learners’ behaviors were collected from the E-learning platform of
Sup ‘Management Group. The online educational system was developed based on
Moodle platform. Moodle is a free Open Source software used to help educators
and students to enhance the learning process. We collected 1235 sequences from the
E-learning platform, which represent the learners’ behavior.

4.2 Data Preprocessing

In This step, we cleaned the collected data from all unnecessary information and
we kept just the ones that seemed relevant for our study. Thus, for each learner’s
sequence, we kept the following information: the sequence id, session id, learner id,
and the set of learning objects accessed by the learner in a session.

The accessed learning object can be used to determine the learning style of a
learner’s sequence, because each student prefers to use some specific types of learning
objects while learning, so there is a relationship between the learner’s learning styles
and the accessed learning objects, this relationship has to be analyzed by matching
each LO with its relevant learning style preferences.

Based on the matching table presented in our previous work [ 18]; we have obtained
the following table, where each LO is matched with its appropriate LSC.
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4.3 Pattern Discovery

This step aims to apply data mining techniques to the data preprocessed in the previ-
ous step in order to predict the students’ learning styles. In this study we have used
two data mining techniques:

e The clustering to group the students into 16 clusters where each cluster corresponds
to LSC.
e The classification to predict the learning style combination for a new sequence.

The following schema resumes our proposed approach (Fig. 1).

Clustering
This step aims to group the learners’ sequences into 16 LSCs. We have used the
k-modes clustering algorithm because of its ability to deal with categorical objects,
since the learners’ sequences which were considered as the input to that algorithm
have categorical attribute values.

After extracting and preprocessing the learners’ behaviors from the log file using
web usage mining techniques, we can use them as an input to the K-modes by turning

Learners’ Learning style
sequences combinations

New
sequences Clustering
Algorithm
Cluster Cluster Cluster Cluster
01 02 .. 16

Classification

Algorithm

Learning style
combinations

Fig. 1 Our approach
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them into a matrix with M rows corresponding to M sequences and sixteen columns
to store the attribute values where the attributes of ecach sequence correspond to the
sixteen Los presented in the previous mapping table (Table 1).

Let S = {S1,...,S;, ..., Sy} be aset of n sequences (categorical objects), each
sequence S; is defined by 16 attribute values (sil, e Sij s Silé).
And let A(,..., Aj,..., Ais be the 16 attributes describing the n sequences

where: A; = video, A, = PPTs, A3 = demo, A4 = Execrcise, As = Assignments,
Ag = PDFs, A; = Announcements, Ag = References, Ag = Examples, A}y =
Practical Material, A;; = Forum, A, = Topic list, A3 = Images, A4 = Charts,
A5 = Email, A = Sequential.

For each sequence, Each attribute has two possible categorical attribute values:
{yes or no, yes if the jth learning object exists in the sequence, No if it doesn’t exist.

Therefore, each sequence is presented as (s,~1, e Sijs ...,sim) where 5;; =
{yes or no}.

To perform the k-modes algorithm we used the R software framework for statistical
analysis and graphics. The dataset employed in our approach was extracted from the
E-learning platform’s log file of Sup” Management Group. This dataset records 1235
learners’ sequences. The following figure displays the results obtained after running
the k-modes with the R (Fig. 2).

The above figure shows the size of each cluster. The obtained clusters were
labeled with the LSCs based on the minimum distances between the clusters’ Modes
and the LSCs’ vectors presented in Table 1. The distances are computed using the
dissimilarity measure (described in subsection IL. C. 1).

Classification

After applying the K-Modes algorithm and labeling the sequences with the LSCs, the
labeled sequences can be used as a training dataset to train a classification algorithm,
and then use it to predict the LSC for a new sequence.

In this work, we have applied four classifiers, the naive Bayes, CART, C4.5, and
ID3 in order to compare their performance in predicting learning styles. The four
algorithms were run using the Weka data mining tool. Weka implements machine
learning algorithms for data mining tasks. It contains tools for data preprocessing,
classification, regression, clustering, association rules mining, and visualization. The
performance of the four classifiers was evaluated using the K-fold cross validation
technique.

5 Results and Discussion

To compare the performance of the four applied algorithms in predicting LSC, we
used the 10-fold cross validation for every classifier as suggested by Weka. The
results of the experiment are shown in Fig. 3, Tables 2 and 3. Table 2 presents
for each classifier the results of the Correctly Classified Instances, the Incorrectly
Classified Instances, the Kappa statistic and the Time taken to build the model.
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Fig. 2 Result of the K-modes algorithm

91.5

91

91.498

Naive Bayes

Fig. 3 Accuracy result by classifier

Table 2 Validation metrics by classifier

Accuracy

93.3603

91.9838

ID3 C4.5

92.1457

CART

Algorithms | Correctly classified Incorrectly classified | Kappa statistic | Time taken (s)
instances (%) instances (%)

Naive Bayes | 91.498 8.502 0.9093 0.01

ID3 93.3603 6.6397 0.9292 0.03

C4.5 91.9838 8.0162 0.9145 0.05

CART 92.1457 7.8543 0.9162 0.52
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Table 3 Error metrics by classifier

O. El Aissaoui et al.

Algorithms | Mean absolute Root mean Relative absolute | Root relative
error squared error error (%) squared error (%)

Naive Bayes | 0.0186 0.1005 15.8854 415141

ID3 0.0087 0.0679 7.4314 28.0504

C4.5 0.0163 0.0921 13.895 38.0679

CART 0.0129 0.0843 11.0151 34.8072

The Accuracy defines the rate at which a model classifies the records correctly.
From the above table and Fig. 3, we can notice that the ID3 algorithm has the heist
accuracy with a rate of 93.3603%, so this algorithm is more efficient in predicting
correct instances than the others classifiers. The lowest Accuracy is 91.498% and it
belongs to the Naive Bayes algorithm.

The Kappa statistic is a measure of agreement between the predictions and the
actual labels. It can also be defined as a comparison of the overall accuracy to the
expected random chance accuracy. The higher the Kappa metric is, the more efficient
a classifier to be as a random chance classifier. The kappa statistic results of the used
algorithms are between 0.9093 and 0.9292, so all of them have a good accuracy.

The time taken to build the model is also an important factor to be considered.
From the above table, we can observe that the naive Bayes is the fastest one with
0.01 s, while the slowest on is the CART with 0.52 s

Table 3 presents the results of some statistical metrics that are computed based on
the differences between forecast and the corresponding observation. Those metrics
can be computed using the following formula.

Let’s denote the true value of interest as Y and the value estimated using some
algorithm as X.

N
1
MAE=— Y |X; - Y 10
Nt;l | (10)
1< 5
RMSE = NZ(Xi—Yi) (11)
i=1
N
NOX -,
RAE:% (12)
Zi:l'Y_Yi|

RRSE = (13)
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As we can notice, all the above metrics compare true values to their estimates,
but ecach one do it in a slightly different way. They all tell us “how far away’ are our
estimated values from the true value of Y. The model with the smaller metrics values
is the more performant, in our case, the ID3 has the lowest values so it performs
better than the other algorithms in predicting correctly.

6 Conclusion

In this paper, we have used two educational data mining techniques to predict the
learners’ learning styles. The first technique is the clustering and it has been applied
in order to group the learners into 16 LSCs using the K-modes algorithm and based
on the FSLSM. The second one is the classification that aimed to use the result of
the clustering algorithm as a training sct to fit a classifier on it and then predict LSCs
of new learners’ sequences.

In this work, we have compared the performance of four classifiers in predicting
LSCs using Weka data mining tool. The comparison was done based on the correctly
and incorrectly classified sequences, the time taken by each classifier, the Kappa
statistic and the mean error.

The obtained results showed that the ID3 algorithm yielded the highest accuracy
and Kappa statistic and the lowest mean error, so it is the most efficient in classifying
correct sequences. The naive Bayes is less performant in predicting correct instances,
but it is the fastest one.

In the future work, we’d like to have determined automatically others learner‘s
characteristics such as the affective factors in order to create a more efficient learning
style model.
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