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Abstract. Machine learning algorithms have been used in the last decade to predict
human behavior. In education, the student’s behavior, and accordingly, their success predic-
tion is also applicable in parallel with the developments in machine learning algorithms and
the increased availability of the datasets. The datasets include the observations, which the
machine can learn to predict student behavior. By this analysis, given the background infor-
mation about a student, the features representing a student sample, and the student’s possible
performance may be estimated. This study’s motivation is to predict a student’s possible per-
formance to give guiding service. This paper proposes a novel approach for predicting student
success by using conventional feed-forward neural networks. The algorithm selects the most
informative features based on the variances and uses those features to represent a student sam-
ple. The approach is tested on the Experience-API (X-API) dataset collected from Kalboard
360 e-learning system. There are 480 samples in total, with 16 features. It is shown that
the improved approach achieves comparable results around 91.95% acceptable predictions by
only using behavioral attributes and 93.17% acceptable prediction rates without the feature
selection process, respectively.

Key-words: Data mining and analysis; educational data mining; feature selection; feed-
forward neural networks; information content; natural computing; pattern recognition; student
performance; student success prediction; variance.
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1. Introduction

Student success prediction has been a well-studied topic in the literature in the last decade [1,
2]. These studies’ main motivation is to monitor student behavior and provide accurate guidance
to students in their education.

In the literature, there are improvements in prediction methods in parallel with machine learn-
ing methods’ growth [3—7]. In most studies, the proposed methods seek the student attributes that
can robustly identify student success. In the machine learning aspect, the feature extraction and
selection parts of the systems are developed in order to find the best student features affecting
their success. Although, studies were started in the early 1990s, the majority of the machine
learning methods are recently proposed methods [8]. Significant examples of machine learning
approaches are also given in [9—10] and [11].

Previous works define student performance as a metric of achievements in future academic
events [12]. Indeed, evaluating students’ academic performance has been a significant target in
education in order to overcome the issues such as low performance, increased number of un-
successful students that end with dropouts, and unexpected extensions on graduation time [8].
Student performances’ predictions are mainly predicted by using previous grades and current
coursework assessments [13]. However, recent works explored non-academic factors’ influence
on student achievements [13, 16]. These findings indicate that several factors and their combina-
tions influence student performances. Therefore, a precise prediction requires the improvements
of sophisticated methods.

Student success prediction studies accelerate after 2000s. One significant study is given in
[17], where engineering students’ performance is predicted using a Decision Tree. The sample
size was 340, and the data were collected from their first-year exams. Their proposed model
was able to achieve 60% correct predictions. In related studies given in [4-5], [18—19] and
[20], the data mining is done for higher education institutions and high schools. In [21], we see
another important study using final year students’ marks through two different datasets. There
was only one common attribute between the datasets. The majority of the students were in the
last four semesters in a college. The author of [22] analyzed past research findings on students’
performance prediction and assessment by applying various data mining methods. In [23], the
authors achieved student performance prediction using a Decision Tree and used a classifier’s
neural network. The produced outcome was acceptable based on various traits to predict the
student performances.

Moreover, most of the applications are focused on predicting future course grades only, as
presented in [24-25], and [26]. For example, in [27], the performances of the fifteen different
algorithms on predicting the students’ cumulative grade point averages are analyzed. Besides
studies focusing on predicting the student requirements during education [28], on the other hand,
the lack of analysis associating grade predictions with the leading key factors is still a challenge
[8]. In this kind of attempt, the students’ key factors are analyzed that are significantly affecting
the academic performance. In [29], a related study is given in which an optimized multi-label
classifier predicts the weights for the influence of key factors affecting student performances is
proposed.
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The attention of the researchers has grown to the topic of student success prediction as a
multidisciplinary research topic and significant studies completed very recently, including the
studies given in [1-3] and [30].

Overall, the significant studies in the field achieved acceptable rates; however, the features
used were relatively not easy to extract. Thus, achieving acceptable student performance rates
using simple and robust features is still challenging.

The main motivation of this paper is to find out the most informative features for a robust
prediction system. Also, the main motivation of student success prediction systems is to predict
the student success within the semester and perform actions necessary to improve the success
rates. In this way, student performances can be improved. On the other hand, if there is any
student that is going to be dropout because of low success rates within the semesters, this kind of
prediction system will assist the management to overcome and attain the student again.

In this paper, a novel feature extraction approach is presented, resulting in selecting the stu-
dents’ behavioral features to predict their success in acceptable ranges. Feed-forward neural
network (FFNN) is trained based on the features; that is, FFNN is a well-known universal func-
tion approximator expected to learn and accurately represent student distribution functions [31].

The main contribution of the paper is the approach of variance-based feature selection pro-
cedure that is applied to student success prediction problem. Moreover, the feature selection
procedure outcomes the behavioral features. We believe that this is a positive addition of the pa-
per to the literature that the most informative features in the student success prediction problem
are found to be the behavioral features of the students like how many times they participate in
the class work by raising their hands. This is important in another aspect that extracting all the
features from the students can be challenging in practice. Thus, using the minimum number of
features to perform student success prediction yields in a practically applicable approach.

The paper includes the literature review part in the introduction section. Then, the method-
ology is explained with Data and Pre-processing and feature selection sub-sections. The exper-
imental setup and the results are discussed in a separate section. The discussions are followed
after the presentations of the experimental results. Finally, the paper concludes with conclusions
and future works.

2. Methodology

The approach applied can be considered in two main parts: the feature selection and classifi-
cation. As a classifier, the Feed Forward Neural Networks (FFNN) is employed with two hidden
layers. The FFNN proved its capability on numerous problems and is known as a universal func-
tion approximator [32]. The overall block diagram followed by the pseudocode explaining the
steps applied are shown in Figure 1.

The students’ success prediction is made using FFNN neural networks [32]. The network
structure and the the learning curve are shown in Figure 2. The learning algorithm that is the
conventional backpropagation algorithm that is explained in the equations below.
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Input Feature Feed-Forward Predicted
Vector ‘::> |:> Neural |:"> Grade
: Selection Network T
Pseudocode:

Load all the dataset from the files — T
Measure the variances of all the features individually
Compute the mean variance
Select the features that have a higher variance than the mean variance |
Shuffle the data
Portion the dataset into 10 folds.
Set 90% training and 10% testing portions.
Set feed-forward neural network using equations 1,2,3,4 and 5. ‘
Train the neural network using the training set and their target outputs targets(].
Simulate the neural network with testing data and generate the output vector y[].
Set the counters that count the exact predictions and near predictions to zero:
cnttrue=0;
cnt1diff=0;
cnt2diff=0;
cnt3diff=0;
cnt4diff=0;
Loop for all the testing samples, i:
Check for equality between the output y(i) and targets(i).
In case of equality increment cntture by 1.
In case of near equality with 1 difference, increment ent1diff by one.
In case of near equality with 2 difference, increment ent2diff by one.
In case of near equality with 3 difference, increment cnt3diff by one. |
In case of near equality with 4 difference, increment cntddiff by one.
End loop
End

L |

Fig. 1. Block diagram and the pseudocode of the proposed approach.
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Fig. 2. Feed-Forward Neural Network classifier with two hidden layers employed (a) and the
training performance graph (b). n is the feature vector’s dimension equal to 17 before feature
selection and 4 after the feature selection. m denotes the number of output units that is 8.
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Considering the dataset having (z;, y;), pairs where x; is the input and y; is the desired output
of the neural network for the input z;;. With the size N, itis denoted by X = (x1,41),, (zn,yN)-

A feedforward neural network runs a backpropagation algorithm to adjust the weights to
satisfy input-output relations. Considering a feed-forward neural networks whose parameters are
denoted by 6, the following parameters are of interest. The weight between node j in layer [j
and node i in layer I3 is denoted by w*ij. Another parameter is the bias (threshold) that is b¥,
representing the bias for node ¢ in layer [.

E(X,0), is the error function that defines the error between the desired output yi and the
actual calculated output yi’ . This is for the neural network on input xi. The error function is
calculated for a set of input-output pairs (z;, y; ), where (z;,y;) € X and the parameters 6.

Backpropagation training requires gradient descent that the calculation of the gradient of the
error function E(X, #). This calculation involves the current weights w"ij and biases b¥. Then,
also using the learning rate «, that is a relatively small (between O and 1) step size, every iteration
of gradient descent updates the weights and biases according to equation 1 as follows.

JE(X,0")
Y

Obviously, if the desired output and the actual calculated output are the same, there is no
weight update. Here, 6¢ denotes the parameters of the neural network at iteration ¢ in gradient
descent [33, 34].

9t+1 — Qt _

6]

3. Dataset

The dataset used in our study is the X-API dataset described in [35], the Experience-API
(X-API) dataset collected from Kalboard 360 e-learning system. The student performances are
obtained based on two courses, and eight different grades are reported. The samples include a
total of 480 individual student attributes. The attribute list is given in Table 1.

As shown in Table 1, there are 17 attributes in total. 16 of those are used for representing a
sample, and one student grade is used as the target. A sample represents a student’s extracted
features for the selected course. GradelD field is the target field in this list. Therefore, the
samples are categorized according to their GradeID’s. There are ten different GradelD values,
resulting in a ten-class classification problem.

The system is set up to predict student performance. This is achieved by estimating the
GradelD of the student according to the attributes trained. In other words, according to the pre-
vious observations, the system is experiencing and trying to predict the GradeID of an unknown
sample when these attributes are provided. All the features are firstly used in our experiments.
Then, the selected features are used to represent a student sample.

First of all, the attributes that are verbal in the dataset are numerated and quantized. This is
achieved by quantizing the levels observed in every attribute. As a result of this quantization, we
have all integer data in the data set. Then, a vector with integer component values is constructed
to represent a student observation, being the feature vectors. The feature vectors are then set as
the inputs of the machine learning part. Finally, the total samples are divided into training and
test sets, where the training set includes 90% of the overall samples.

FVi=Ifi f2 fs-.... fri) (2
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Furthermore, the system selects the best features with a feature selection procedure. The aim
is to find out which attributes are more informative and contribute to student performance. In
order to find the informative features, we employ a variance-based approach.

Table 1. Comparison of the proposed approach with other similar ones

No of
No Attribute Type Quantization
Levels
] Gender Attribute Dat.a - 2
Demographic
2 Nationall Ty Attribute Dat.zl B 14
Demographic
3 PlaceofBirth Attribute Data - 14
Identity

4 StagelD Attribute Data 3

5 GradelD Attribute Data 10

6 SectionID Attribute Data 3

7 Topic Attribute Data 12

8 Semester Attribute Data 2

9 Relation Attribute Data 2

10 raisedhands Behavioral Numerical att.
11 VisITedResources Behavioral Numerical att.
12 AnnouncementsView Behavioral Numerical att.
13 Discussion Behavioral Numerical att.
14 ParentAnsweringSurvey Attribute Data 2

15 ParentschoolSatisfaction Attribute Data 2
16 StudentAbsenceDays Attribute Data 2
17 Class Attribute Data 3

The variance-based feature selection procedure starts with finding the variances of every
attribute throughout the training set. Then, the average of the variances is computed. After that,
the variances above the average variance are selected, and corresponding features are used. In our
experiments, there is 91.95% acceptable prediction rate after the feature selection. The selected
features, which are “raisedhands”, “VisitedResources”, “AnnouncementsView”, “Discussion”
then used in feature vector descriptions. The feature vectors are represented in equations 2 and 3,
before and after feature selection, where j is from 1 to 480 and f represents every single feature.
FV represents the overall feature vectors in the equations 2 and 3. The number of features are
reduced from 17 to 4, therefore, k1 and k2 that are the sizes of the vector lengths in the equations

2 and 3 are 17 and 4 respectively.

“
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®)

The equations 4 and 5 are showing how the overall dataset is organized before and after
the feature selection, where k1 and k2 are the number of attributes before and after the feature
selection, respectively. n; and ngy are equal limits that are the number of samples used in the
experiments. FM represents the overall matrix of data, where each row represents a sample
student’s feature vector, FV, and each column represents a feature. After the feature selection
process, the number of features is reduced from & to ko, as shown in equations 2 and 3. The
experimental results section discusses the limits and number of features in detail.

4. Preprocessing

The dataset undergoes into pre-processing stage before running the classifier. First of all,
verbal attributes are converted into numerical information. Then, they are quantized. The quan-
tization is done according to the number of different values involved. For example, the attribute
gender has two possible values. Therefore, it is quantized in two levels, 1 and 2. The quantized
information is then sent to the classifier. Figure 3 shows the quantization of verbal attributes.

0 1 2 3 4 5 6 7
gender F M
NationallTy Egypt Iran Iraq Jordan KW lebanon Lybia
PlaceofBirth Egypt Iran Irag Jordan KuwalT lebanon Lybia
StagelD lowerlevel HighSchoc MiddleSchool
GradelD G-02 G-04 G-05 G-06 G-07 G-08 G-09
SectionID A B C
Topic Arabic Biology Chemistry English French Geology History
Semester F S
Relation Father Mum

raisedhands
VislTedResources
AnnouncementsView

Discussion

ParentAnsweringSur No Yes
ParentschoolSatisfac Bad Good
StudentAbsenceDay:Above-7 Under-7
Class H L M

Fig. 3. Pre-processing: example quantization of verbal attributes. One full set of features here
corresponds to FVin the equations (2),(3),(4) and (5). The size is k1 that is 17. After feature
selection the size is k2 that is 4.

The number of quantized levels according to the attributes is listed in Table 2.
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5. Feature Selection

The dataset includes 17 attributes in total to describe the student’s current situation as a
sample. The attributes included are listed in Table 1. In addition, there are statistical attributes
like the number of days absent and the behavioral attributes that describe the student as a total
sample. Noting that extraction of all the features may not be applicable all the time, the feature
selection stage is proposed in our study. The main motivation of the feature selection is to
decrease the number of features while conserving the system’s accuracy. Besides, it will make
the feature extraction stage practicable.

The feature selection approach proposed in our study is based on the variance of the features.
Starting from the idea that the within-class variance should be the minimum in a classification
problem, whereas between-class variance should be the maximum [36]. Accordingly, we mea-
sure every attribute’s variance on the whole dataset and employ a variance-based feature selection
procedure.

Table 2. List of attributes with quantization levels

Verbal Attributes No of Quantization Levels Non-verbal Attributes
gender 2 raisedhands
NationallTy 14 VisITedResources
PlaceofBirth 14 AnnouncementsView
StagelD 3 Discussion
GradelD 10
SectionID 3
Topic 12
Semester 2
Relation 2
ParentAnsweringSurvey 2
ParentschoolSatisfaction 2
StudentAbsenceDays 2
Class 3

:ted Feautres

Variance Measurements for each feature

—3
All 17 Features ‘

E——-
T

Fig. 4. Feature selection procedure.

The feature selection approach starts with finding the variances of every attribute among
all the samples. Then, the average variance is calculated. After that, the attributes having the
variance above the average variance are selected. These attributes are “raisedhands”, “VisITe-
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dResources”, “AnnouncementsView” and “Discussion”. Interestingly, all the attributes having
high variance are from behavioral attributes. The feature selection procedure is depicted in Fig-
ure 4. As machine learning algorithms include complex calculations, the visualizations of the
selected features, which are the most informative features, are important [37] and [38]. Feature
spaces for the selected features are plotted in Figures 5 and 6, by using the features “raisedhands”,
“VisITedResources”, “AnnouncementsView” and “VisITedResources”, “AnnouncementsView”
and “Discussion” respectively.

100 -
&0 -|
60 -

40 - O

AnnouncementsView

Ey o
20 - =y

0.l
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P 80
— 60

40

VisitedResources RaisedHands

Fig. 5. Feature visualization: “raisedhands”, “VisITedResources”, “AnnouncementsView”.
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Fig. 6. Feature visualization: “VisITedResources”, “AnnouncementsView” and “Discussion”.

6. Experimental Results

The student success prediction approach is tested on the X-API dataset using the Matlab
simulator. The Matlab code and the dataset of the algorithm can be accessed via the following
link: https://github.com/umuttekgucbau/StdSuccessPredictionFNN. Initially, the preprocessing
of the attributes is done. Then, the pre-processed data is used to train the feed-forward neural
network classifier, as shown in Figure 2. Parameter settings play a role in the performance of the
neural network [38—42] and we employ feed forward neural network with the default settings on
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Matlab. The settings are shown in Figure 7. The test results are examined in two parts. Firstly,
the system is tested by using all the attributes. Then the selected attributes are used.

4\ MNeural Network Training (n... -

>

Meural Network

ikl mn Cutput

Sy g Sm

Algorithms

Training:

Performance:

Calculations:

Progress
Epoch:

Tirme:
Performance:
Gradient:

Scaled Conjugate Gradient
Mean Squared Error (imse)

(trainscg)

MEX
0 | 100 iterations | 100
0:00:01 |
16.4 m_l 0.00
38.9 RE

Fig. 7. Default settings used in experiments.

The feed-forward neural network is trained with 90% of the data. 10% are used for testing. It
results in 440 samples in training and 41 samples in testing. In order to validate the test results,
cross-validation is applied. The overall data matrix is randomly re-arranged, and then train and
test subdivisions are made for every single experiment. For the validation process, 10-fold cross-
validation is applied. That is, the data are split into 10 different folds and every time one single
fold is tested. Then the results for every experiment are averaged.

Learning algorithms can be compared with respect to their average performances. This can
be defined as the expected value of prediction error over training sets. K-fold cross-validation is
a technique selected in this manner to validate the results of our neural network [43].

Table 3. Part one simulation results

Expno Exact 1diff 2diff 3diff 4diff
1 24 15 2 0 0
2 25 11 2 1 1
3 27 12 2 0 0
4 21 19 0 1 0
5 23 14 4 0 0
6 23 16 1 0 0
7 26 15 0 0 0
8 25 14 1 0 0
9 27 11 2 1 0
10 24 10 3 0 4

Average  24.5 13.7 1.7 0.3 0.5

10-fold cross-validation is applied for every experiment. After one experiment, the overall
data is randomized, then train and test divisions are redone. After that, the experiments are
completed with 10-fold cross-validation. So, randomization and cross-validation processes are

sequentially applied.
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Table 4. Predicted categories for part one simulations

Category Percentage
Exact (%) 59.7561
1diff (%) 33.41463
2diff (%) 4.146341
3diff (%) 0.731707
4diff (%) 1.219512

Acceptable Predictions (exact+1diff) (%) 93.17073

The neural network results are rounded into integers and then grouped into four categories to
evaluate the results. The categories include the exact grade predictions, one, two, three, or four
nearest grade predictions, respectively. The approximation classes mean that the neural network’s
prediction is very close to the student’s exact grade. For example, if a sample is classified with
one nearest class prediction, it is either one less or one more than the exact grade. This is a very
useful prediction in order to comment and guide the students throughout. Therefore, we give
utmost importance to exact grade predictions and one nearest grade prediction. Therefore, we
consider these predictions as acceptable predictions. The test results of the first part are provided
in Table 3 accordingly. Table 4 shows the percentages of the categories predicted by the neural
network.

Similarly, the experiments are accomplished by representing the samples with the selected
features. Then, again, the validation process is followed. Test results by using the selected
features are provided in Tables 5 and 6.

Table 5. Part two simulation results
Expno Exact 1diff 2diff 3diff 4diff

1 22 19 0 0 0
2 20 17 4 0 0
3 27 9 4 0 1
4 23 10 5 0 2
5 26 11 1 3 0
6 23 18 0 0 0
7 24 12 4 1 0
8 27 11 3 0 0
9 20 19 0 2 0
10 21 18 2 0 0

=
N
&
W

Average 233 144 23

Table 6. Predicted categories for part two simulations

Category Percentage
Exact (%) 56.82927
1diff (%) 35.12195
2diff (%) 5.609756
3diff (%) 1.463415
4diff (%) 0.731707

Acceptable Predictions (exact+1diff) (%) 91.95122
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7. Application

The experimental results show that the system can predict the exact student grades with 56%
of accuracy. This is a good performance if we consider the quantization level of the grades into 10
different levels. As our application domain is student performance, accurate predictions with very
near values are also valuable besides the exact prediction. Therefore, if we evaluate the system in
this sense, its performance is around 91.95%, which is acceptable. For example, a student’s grade
will be predicted as one grade below or above, in the worst case with this percentage. Overall,
the system provides acceptable predictions that can guide the teachers throughout the semester,
according to the students’ ongoing attributes. Besides, with accurate predictions, instructors will
manage the resources and instructions more efficiently.

The comparison of the proposed approach is made with two other approaches on the same
dataset. The comparison table is given in Table 7. As it is seen in Table 7, the proposed system
achieves comparable rates. On the other hand, the system performances that are reported for the
proposed model are based on the selected behavioral features. This will substantially provide
an advantage to the instructors and managers in order to be able to track these student features
accurately.

Table 7. Comparison table

Author(s) Methodology Accuracy
73.8%
FFNN, Naive Bayes, Decision  (high, medium,

Amrieh, E. A., Hamtini,

T. & Aljarah, . (2015)[44] Tree+ﬁlter-based Feature low-level accuracy)
Selection

Datta, B.A. & Dhakane, FFNN, SVM, Random 76.07% (exact

V. N. (2020)[45] Forrest, J48, Naive Bayes prediction)

91.95% (exact+one
grade difference
accuracy)

FFNN + Variance based

Proposed Approach Feature Selection

As listed in Table 7, the studies proposing improved classifiers to predict student performance
have achieved promising results. However, exploring the key factors associated with student
performance is still a challenge for researchers. In this sense, the paper is contributing to the
field by proposing a feature selection procedure that tries to detect the most informative features.
A recent study about finding the key factors is given in [29]. They proposed an optimized multi-
label classifier. The classifier relates the predicted performances with the influence of various
factors associated. Comparatively with the proposed approach, in [29] higher education was
the target. The approach also exploits the students’ pre-university performance, demonstrating
the practicality of the approach in marking multiple factors affecting student performance. In our
study, the key factors are analyzed for the single courses, and behavioral attributes are highlighted
as a result of our feature selection procedure.

Also, it can be observed from the results that the features that survive after the selection
procedure are the already numerical features. It seems that the system is eliminating the verbal
features after the quantization. On the other hand, this observation is not a fact that the feature
selection procedure always eliminates verbal features. When we analyze the eliminated features,
we conclude that, for example, features that are quantized for 14 different levels are also below



Student Success Prediction Using Feedforward Neural Networks 133

the average variance and eliminated. This observation is not supporting a fact and appears to be
a delusion.

As aresult, the system eliminates the majority of the features and selects the most informative
four behavioral features. Even more, this approach will be a strong base for a future stable system
that can run on big data.

8. Conclusion

The student success prediction process is useful in monitoring the student’s current progress
throughout the overall period of study. In this paper, a novel student success prediction model is
proposed to estimate the students’ grades. The proposed model applies a variance-based feature
selection procedure. The system achieves 91.95% and 93.17% acceptable prediction rates with
and without the feature selection process, respectively. The feature selection overcomes the prac-
tical problems of extracting all the attributes of a student sample. Instead, it gives the possibility
and comfortability of extracting only the selected features for a successful student success pre-
diction. It is observed from the results that the selected features are those that are the behavioral
features. The detected behavioral features can be strong indicators of the student’s success level
in the near future. Consequently, the student success prediction model proposed in the paper can
be adapted to any teaching model, and it can provide significant assistance to the management
together with the guidance services supplied. Future works may include the enriching process of
the features from the students’ backgrounds to extract more behavioral features. Also, besides
variance metric, other information content metrics like Fisher’s score or entropy can be employed
to enhance the information content analysis for better predictions.

8.1. Limitations

The prediction of student success is a complicated task in a real scenario. In this study, arti-
ficial neural networks are the basis, which requires observations and training data to be supplied.
Possible limitations of this kind of prediction approach can be in extracting the features. There
can be missing information about a student, like the behavioral features, or some features may
not be accurately extracted. Although, in any case, there will be some healthy features extracted
about every student, the system will learn the information that is provided in the training set.
That is, limitations included in the training set are inherited from the overall system. On the
other hand, in the proposed approach, the number of selected features is very low, and they are
behavioral features. Therefore, these features can be extracted by teacher’s observations, and the
possible limitations of the system are minimized.
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