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ARTICLE INFORMATION ABSTRACT
Original Research Paper Students’ success is one of the prominent goals in the learning environments. In order
Received

to achieve this goal, paying attention to students’ learning style is essential. Being

Accepted aware of students’ learning style helps to design an appropriate education method
E ?Zggrr?s which improves student’s performance in the learning environments. In this paper, the
Learning %tyle aim is to create a model for automatic prediction of learning styles. Therefore, two real
Support vector machine datasets collected from an e-learning environment which consists of 202 electrical and
MBTI computer engineering students. Behavioral features were extracted from users’

interaction with e-learning system and then learning styles were classified using twin
support vector machine. Twin support vector machine is an extension of SVM which
aims at generating two non-parallel hyperplanes. This classifier is not sensitive to

FIRE Ll oylas KX als jsel (gy9liS gy sole 4 i


http://jte.srttu.edu/

Q|)M§J5|GM95 2

imbalanced datasets and its training speed is fast. The results reveal that proposed
method performs better than other used learning algorithms and it predicts learning
styles with 95 percent accuracy.
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Fig. 2 The sixteen personality types of MBTI model.
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Table 1. Dataset characteristics

Lesson Data collection stages

Dataset 1 | Arrays and pointers Stage 1,2and 3

Dataset 2 Binary numbers: Addition

and subtraction

Stage 1 and 3
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Table 2. Extracted features from data

Features

1- Introvert percentage 11- Usefulness of teacher
guidance

2- Extravert percentage 12- Percentage of effort to
respond

3- Sensing percentage 13 — Percentage of activity
completion

4- Intuition percentage 14- Percentage of correct
answers

5- Thinking percentage 15- Percentage of teacher
guidance

6- Feeling percentage 16- Usefulness of teacher
guidance

7- Judging percentage 17- Percentage of effort to
answer

8- Perceiving percentage 18 — Percentage of activity
completion

9- Percentage of correct answers 19- Student’s desirability

10- Percentage of teacher guidance
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Table 3. The hardware specs for running the algorithms

Processor Intel core i7 6700K

Ram 32GB

Operating system Microsoft windows 8
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The data have stored in a
database for pre-processing.
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[ An effective and reliable model |
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Table 4. The result of proposed method and other algorithms on
dataset 1
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Table 5. The result of proposed method and other algorithms
on dataset 2

Learning styles [ Accuracy | Recall | Precision [ F1 Learning styles | Accuracy | Recall | Precision [ F1
KNN KNN
T/ F 82.5 78 79.45 78.65 T/ F 87.7 80.8 80.8 80.8
I/ E Vo 65.85 68.1 66.65 I/ E 78.6 64.65 72.25 66.4
J/ P Ao 82.65 84.9 78.6 JI P 73.2 73.7 73.5 73.2
S/ N 87.5 78.35 86.8 81.35 S/'N 82.4 81.6 80.85 79.4
Mean 82.5 76.21 79.81 76.31 Mean 80.4 75.18 76.85 74.95
Naive bayes Naive bayes
T/ F 87.5 83.95 85.75 84.75 T/ F 97.7 94.25 98.6 95.8
I/ E 4. 81.8 93.95 85.65 I/ E 91.6 89.35 88.6 88.8
J/ P A 76.65 78.65 78.65 JI P 9. 89.45 90.75 89.8
S/'N 72.5 65 64.15 64.5 S/'N 93.1 93.35 90.65 91.9
Mean 82.5 76.85 80.62 78.38 Mean 93.1 91.6 92.15 91.57
Standard SVM Standard SVM
T/ F 4. 88.1 88.1 88.1 T/ F 96.1 90.4 97.75 93.5
I/ E 92.5 86.35 95.3 89.65 I/ E 89.3 80.8 90.1 84.1
J/I P Ao 82.65 84.9 83.55 JI P 88.5 87.6 90.05 88.1
SI'N 4. 80 94.1 84.4 S/'N 94.6 93.95 94.05 94.02
Mean A/Y 84.27 90.6 86.4 Mean 92.1 88.18 92.98 89.93
LS-TSVM (Proposed method) LS-TSVM (Proposed method)
T/ F 97.5 98.21 96.43 97.15 T/ F ayv 95.1 95.65 95.3
I/ E 97.5 98.33 95.83 96.86 I/ E 4¢ 92.1 91.8 92
J/ P 97.5 98.33 95.83 96.86 JI P 93.9 93.6 94.4 93
S/'N 92.5 88.33 90.62 89.24 S/'N 96.1 96 95.7 95.8
Mean 96.2 95.8 94.67 95.02 Mean 95.2 94.2 94.38 94.02
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