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Abstracl In an educational environment, classifying the cognitive aspect of stu-
dents is critical. It is because an accurate classification is needed by a lecturcr to
take the right decision for enhancing a better educalional environment. To the best
of our knowledge, there is no previous research that focuses on this classification
process. In this paper, we propose discrctization and feature selection methods

before the classification. For this purpose, we adopt the equal frequency for the
discretizalion whose rcsult is evaluated by using logistic regression with lwo reg-
ularizations: lasso and ridge. The experimental result shows that four-intervals on

the ridge achieve the highest accuracy. It is to be the base to determine the level of
the student's performance: excellent, good, fair, and poor. Next, we remove unnec-

essary features, by using the Gain Ratio and Gini Index. Also, we build classifiers

to evaluate our proposed methods by using k-Nearest Neighbors (k-NN), Neural
Network (NN), and CN2 Rule Induction. The experimental result indicates that

both discretization and feature selection canenhance the performance of the classi-

fication process. Conceming the accuracy level, there is an increase ofabout 35%',

2.14%,and3-8% on average of k-NN, NN, and CN2 Rulc Induction respcctivcly,

from those with original features.

1 Introduction

In an educational environment, leaming and evaluation systems based on the web are a

consequence of the fast growth of Information and Communication Technology (lCT).

In this digital era, a web-based learning system is developed to support the leaming

process. So, students can leam about the subjects they take anytime and anywhere. Also,

a web-based evaluation system is built to evaluate the understanding and capability of
students in a certain subject. All systems are developed to simplify the learning and

evaluation processes, regarding time, cost, and easiness I I ] .
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The stored data in those systems consist of many features that represent the char-
acteristics of students. They are useful for users to do further processing which is done
by data mining. There are many tasks in data mining, including classification, cluster-
ing and a^ssociation analysis, etc. [2]. In the data mining environment, tasks applied to
educational data are called educational data mining (EDM). Here, EDM uses statistical,
data mining metlods, and machine leaming [3] for obtaining the required information.
Therefore, it can be inferred that EDM focuses more on methodologies and techniques

t4l.
There is much research relating to the student data processing using machine learn-

ing methods as a subset of Anificial Intelligence [5, 61. In the beginning, the previous
research exploits student data to classify sex, age, family size to some groups by apply-
ing machine leaming methods for the classifiers like Nearest Neighbors, Support Vector
Machines, and Naive Bayes algorithms [7]. In other research, classifying student cog-
nitive is done by using Bayesian Network, Naive Bayes, and J48 [8]. Decision Tree as

a classification method is implemented to assess students' skills relating to the design-
ing and conducting experiments within a oomplex systems micro world [91. Another
research also uses a Decision Tree to mine student data I I 0], The goal of this research is

to explore Students' Sclf-Rcgulation in l,caming Contexts. In further rescarch, a binary
classifier is built to predict performance on student activity patlerns in Virtual Learning
Environment (VLE) [ I l].

All the previous research depicts that classification has been an important factor in
EDM. As far as we ktrow, there has been no research focusing on improving the accuracy
of classification tasks, whereas, accurate classification of student data gives advantages

for the education field. For example, the classification results make it easier for the users

to support the best decision because the main goal of EDM is to extract educational data

to produce information for supporting the decision making in the educational system [,1].
For example: identifoing students based on their learning achievement, modeling their
achievement, and predicting their learning results. Moreover, this accurate information
can be used to design a better academic environment.

Because of those factors, to achieve higher accuracy, much research has worked
on the enhancement of the classification performance. Ramaswami et al. study tech-

niques to select certain lbatures to find the best predictive pertbrmance of the student

achievement classification [2]. Here, they use Conelation, Chi-Square, Gain-Ratio,

Intbrmation-Gain, Relief, and Symmetrical Uncertainty which are executed with some

classifiers, such as Voted Perceptron, Naive Bayes, one R, and PART' In this case, the

best results are generated by intbrmation gain and correlation with ROC value : 0'729

and F l -Measure - 0.592. A comparison of feature selection is also made in I I 3] which

explores the student performance classification. Various methods are applied in this

research: Genetic Atgorithm, Support Vector Machine, Information Gain, and Minimum
Redundancy and Maximum Relevance (MRMR). Then, four classifien are operated to

evaluate these techniques: D-tree, Nalve Bayes, k-NN, and ANN. The result shows that

MRMR and k-NN are the best methods whose accuracy is 91.12. Regha et al. study

about selecting features in educational data mining by using a new technique called

Artificial Fish Swarm-Cuckoo Search optimization. It is done to remove redundancy

and irrelevant feature, so the classitication p€rformance is more effective [1.11. Here' all
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research does not explain the effect ofthe accuracy level on student modeling, especially
on the classification.

By considering the scope of previous research, here we intend to work on those
problems by proposing methods to optimize the classification process and to evaluate its
e{fects on the classification of student's domain cognitive. Furthermore, diftbrent from
existing research, we investigate not only increasing the accuracy by implementing the
Gini Index and Gain Ratio but also evaluate their effect on the performance of the
classification.

2 Method

In this section, we explain our proposed method whose overall process is shown in Fig. l.
It comprises three stages: pre-processing, classification, and post-processing stages. The
details of those stages are as follows.

Pre-processing stage

1-

! nost-processing stage

I'ig. 1. The proposed method

In the pre-processing stage, stage comprises many steps, namely: data cleaning,

category-based features extraction, exploring ofdiscretization method, and feature selec-

tion. The data cleaning step is done to avoid redundancy, null variable or feature, noise,

etc. for our student data as suggested by I I 5]. Then, Feature extraction is extracted based

on the category as in our previous research I I 6] to improve the perforrnance. Discretiza-

tion Method is explored, namely: equal frequency. We do discretization of student data

using three, fbur, and five-intervals. Then, we build a model by using logistic regression

to evaluate this discretization method. Here, there are two regularizations implemented'

They are lasso and ridge. In this step, firstly we compute the score ofall features, which is

then used for evaluating their impact on the dependent (class) variable. For this purpose,

K-NN
Neural Network (NN)
CN2 Rule Induction

Analyzing the per-
formance of models

Data cleaning

Feature extraction

Discretization method

Classification stage
I
I
I

I

I

I
I

!

I

I

I

Feature selection
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we propose to make use of both the Gini Index and Gain Ratio. In the case of the Gini
index, two randomly chosen instances may have different classes. This condition can be

depicted in (2), where denote the fraction of records belonging to class i at node t.

Gini(t)-r-fl]utitrlt2 (t)

Entropy(t\: - Ilrof,f, los2p(ilt) (2)

Ncxt, Gain Ratio is defined as the information gain dividcd by the entropy of the fcaturc's
value, and it is introduced by [ 71. This research uses the Gain Ratio which is described

in (3), (a). In those formulas, and represent the training set, the number of partitions,

and the attribute of the data set, respectively.

Gain Ratio(Bt = #ffi (3)

Sptit Infon(D): -I:,#,*,(9) (4)

Once the scores of all features have been computed, they are ranked. By considering

that some have represented all feaores, we take of them, with is the number of available

features. Therefore, we have 4 out of 10 features.

In the next stage, we construct a classification model by using machine learning:

k-NN, Neural Network (NN), and CN2 Rule lnduction [18]. Fu(hermore, we apply

Euclidean for the distance parameter, and the number of neighbors is set to 5. Addi-
tionally, we design to use a supervised Neural Network with skleam's Multi-Layers

Perceptron (MLP) algorithm which utilizes backpropagation for the training t19' 201.

According to l2l,7Zl, MLP has been able to optimize the log-loss function by using

stochastic gradient descent. Lastly, we propose a classification model by using CN2,

which is introduced in [23, 24].
Lastly, in the post-Processing Stage, we do analyze the experimental result for inves-

tigating whether the previously selected features can produce better performance than

that oforiginal features (all features). The performance is measured by utilizing classifier

metrics: accuracy, precision, recall, and Fl.

3 Result and Discussion

In this section, we analyze the experimental results which are obtained from the proposed

method. After data cleaning and feature extraction, student data is generated as depicted

in Table I .

Then, we focus to observe the number of classes. Especially on the classification

of student,s performance, the number of the class target is very important. Because it

indicates the mapping of student's abilities, so we propose the discretization method on

the labeling process. Here, we only depict the experimental result on the training set :
607o becauie almost all intervals achieve the highest accuracy level on this training set.



This is represented in Fig. 2. Additionally, the four-intervals have achieved the Fig. 2.

In detail, respectively, the highest accuracy level on the lasso and ridge is reached by
three-intervals about 85.97o and by four-intervals about 1007o. For that, we decide on
four classes on the labeling process for student's performance, namely: poor, fair, good,
and excellent.

Table 1. Data type and category-based extraction features

No Description

Number of the answered main items

Numeric The proportion of the correct answered to all answered main
items

Time_MID Time is taken for answering the main item

A score of the student from the main items

Number of the uurswered scaffolding/guide

The proportion of the correct answered to guide items

Time is taken for answering the scaffolding/guide items

Number of the used hints

A score of the student from the guide items

A total score of MID and GID

In the next process, we calculate the score of each feature by implementing the Gini
Index and Gain Ratio, as in (2H4). In the result using Gini Index, the highest tbur
features are Score-GID, GID, Time-GID, and MID96-True whose value is respectively
0.489, 0.,t48, 0.41, 0.407. Meanwhile, with Gain Ratio, the highest four features are

Hint-GID, Score-GID, GID, and MIDTo_True having values 0.741, 0.689, 0.613, and

0.613, respectively. For the next proess, we ignore the rest features, by assuming that

those are furelevant.

In the process of classification, as described in the previous section, we experiment
by using cross-validation. In this research, we apply to 2, 3, 5, 10, and 20 folds. These

results are then evaluated by using accuracy, precision, recall, and Fl. To investigate the

effect of this proposed method, we also implement it to all features (without selecting

the feature). We compute the average of all metrics as shown in Table 2. The feature

selection can increase significantly the accuracy level average on k-NN by abottt 24%-
26.19o. ln contr.rst, feature selection enhances slightly the accuracy level average on

the NN, namely: abott 0.4Vo-2.490. In the remaining, the feature selection increases

moderately the performance on the CN2 Rule Induction method by about 3.9%.

From those three classifiers which have been applied to different sets of features,

we only visualize the lowest and the highest of performance as illustrated in Fig. 3(a)

and (c). Overalt, this figure describes that students' performance is classified into four

classes: excellent, good, fair, and poor. It is found that many students are incorrectly cla.s-

sified. This misclassification happens mostly in k-NN with Original-features depicted
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Fcaturc Data type

MID

Score_MID

Numeric

GID Numeric

GID% True Numeric

Time GID Numeric

Hint

Score GID

Numeric

Numeric
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2 MIDTo_True

l0

Numeric

Numeric

TotalScore Numeric
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in Fig. 3(a). Contrary, when this NN classilier is applied to Gini_Features, there is a
significant improvement. That is, the number of misclassified students can be reduced
depicted in Fig. 3(c).

Accurac)' level on training sel= 6g0/o

u.6
85.9

thraa-lnterUar

,ouFlhtaivala

tlvclntr.v.lt

r Rld8.

0 ta3ao

100

83.3
84.5

0 20 ao 5{) ao

Accrr.cl Ltcl (%)
1m 120

Fig 2. Comparison of accuracy level on the combination of the discretization meth<xl and the

logistic regression for all intervals on size of training set : 60%

Method Accuracy Precision F1 Recall

k-NN_original 0.73

k-NN-Gain 0.94

k-NN-Gini 0.98

NN-original

NN-Gain

92.2

92.6 0.95

94.6

CN2 Rule Induction-original 87.9 0.94 0.94 0.93

CN2 Rule Induction-Gain r 0.960.98

CN2 Rule Induction-Gain 0.98 0.96

For visualizing that classifier performance, we use the ROC (Receiver Operating

Characteristics) whose evaluation is performed by calculating its AUC (Area Under

Curve). Indirectly, this also expresses the value of the respective confusion matrix. This

illusration of the narrowest of AUC occurs on the combination of original features

and all classifiers provided in Fig. 3(b). ln contrast, the widest of AUC is achieved by

the Gini-features on all classifiers illustrated in Fig. 3(d). In detail, a combination of
Gini-Features with every classifier is larger than Gain-Features and Original-Features,

where CN2 Rule Induction, k-NN, and NN have 0.996, l, and l, respectively. On con-

trary, the smallest AUC is generated by Original-Features. That is, the AUC of k-NN,

56.3

92.4

0.76

0.91

90.3

0.97 I

I

91.8

91.8

',5.6

Thble 2. The comparison of performance average on all methods

0.79

I I

NN-Gini I

0.99 1

I

I
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NN and CN2 are 0.946, l, and 0.986. Moreover, we can infer that the use of fea-

ture selection (Gain-Features and Gini-Features) can optimally improve the classifica-

tion performance, especially on k-NN. It is indicated by an increase of AUC by about

0.047-0.054.
For analyzing the error mapping, we observe the best performance of classifiers

for analyzing its impact on the students' mapping based on the performance. On k-
NN, Gain_Features achieves the best performance on the fold of 10. We compare the

number of misclassified students obtaining from Original-Features and Gain-Features.

It is shown that Gain_Features reduces the mapping error by 37, from 43 to 6 students.

l8

t
aot

{

$

S@_@

(a) (b)

h_dD

(c) (d)

Fig. 3. The visualization of the students' performance -apping on (a) k-NN and Original-features

Ol nOC of Original-features on all classifiers (c) NN and Gini features (d) ROC of Gini-features

on all classifiers
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Gini_Features obtain the best performance on folds of 3 and 5. Gini_Features decreases
the error by 34, from 43 to 9, while Gain_Features is by 37, from 43 to 6.

For NN Method, we measure the performance by using NN. It is found that
both Gain-Features and Gini_Features have the best performance on the fold of 3.

Gain_Features and Gini_Features can reduce the number of misclassified students to 6
and 3, respectively, from 7 students who are generated by Original_Features. It is shown
that different from that with k-NN, the combination of NN and Gain_Features holds
better results. Lastly, on the CN2 Rule Induction Method, the performance evaluation
by using CN2 Rule Induction is done with the fold of 3 since this is better than others.
It can be seen that by using CN2 Rule Induction, the number of misclassified students
is also lower for both Gain_Features and Gini_Feature than that for Original_Features.

Classification method Features Average of accuracy (% umber of misclassi fied
studcnts

K-NN s6.3 43

Gain_Features 92.38 6

90.3 9

92.2NN

CN2 rule induction

92.58

94.6

9t.78

7

7

6

3

7

Overall, Gain-Features and Gini-Features can reduce the student mapping errors

of all classifiers as provided in Table 3. We can infer from Thble 3 that features selec-

tion can reduce the mapping error on the students 'performance classification. Overall,
the best performance is achieved by NN which is applied to Gini-Features. This com-

bination reaches 94.6Vo accuracy and produces 3 misclassified students. The second-

lowest misclassification, which is 6, is obtained by NN with Gain-Features whose accu-

racy is 92.58Va. On the other hand, k-NN that is applied to Gain-Features also gener-

ates 6 misclassified students with slightly lower accuracy, which is 92.387o. It is also

shown that CN2 Rule Induction generates lower accuracy for both Gain-Features and

Gini-Features. Also, the use of Original-Features leads to the lowest performance, which

is represented by lower accuracy and higher misclassification than both Gain-Features

and Gini-Features.

Origi nal_Features

Gini_Features

Original_Features

Gini_Features

Gain-Features

9t.78Gai n_Feature s

Gini_Features

Ihble 3. Average of accuracy numbers and its corresponding number of srudents for all sets of
fearures and classification methods

I Original-Features 187.98 I 15



4 Conclusion

Our research employs two methds of feature selection: Gain Ratio and Gini Index to

reduce the unsuitable mapping on students' performance domain. Those methods have

been proven to increase the classifier's performance regarding the Area Under Curve

(AUC), they can extend AUC very well. Moreover, feature selection can improve the

accuracy level signifi cantly.
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