TEM Journal. Volume 11, Issue 4, pages 1792-1803, ISSN 2217-8309, DOI: 10.18421/TEM114-47, November 2022.

The Predictive Model of Higher Education
Guidance for Information Overload of Learner
Groups Using Hybrid Ensemble Techniques
Atsawin Surawatchayotin 1, Worapat Paireekreng 1, Aurawan Imsombut 2
1

College of Innovative Technology and Engineering, Dhurakij Pundit University, Bangkok, Thailand
2
Faculty of Science, Kasetsart University, Bangkok, Thailand

Abstract – The decision-making for a suitable area of
study in the university seems to be a crucial task for
students. The machine learning technique can help
provide alternatives based on user profiles. This
research proposes an improved predictive model of the
subject area for learner groups in higher education.
The proposed techniques are focused on hybrid
ensemble learning techniques to optimize traditional
predictor-building practices by Dimensionality
Reduction to model by Neural Networks Autoencoders
(NNAE). The results showed that the proposed
ensemble NNAE techniques performed better than
other ensemble techniques.
Keywords – Ensemble deep learning,
networks autoencoders, information overload.

neural

1. Introduction
Rapid changes in innovation and technology in the
21 centuries are critical to improving learners' quality
of knowledge, skills, and intelligence that can be
studied and furthered on their own. Technology
contributes to unlimited learning and moving
forward.
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The technological changes will support the
development of a lifelong learning system. The
learning model has shifted to blend from the previous
offline to hybrid. Learners need to adapt to learning
in a new way that is not intended for exams but
rather to learn the correct way and have a more
growth mindset. Along with developing essential
skills, challenging 4Cs, including Critical Thinking,
Creativity, Communication, and Collaboration, are
significant challenges that can be applied for future
education and careers. It is necessary and sufficient
to reduce the mistakes that may arise from the cause
of the problem, such as according to values,
insufficient education, or excessive expectations, so
there are problems with the decision to pursue higher
education that is not suitable for learner's aptitude. It
also does not meet the demands of the labor market,
as well as the current inconsistent situation in the
labor market, partly due to a large number of
graduates each year than jobs. As a result, there are
more unemployed than employed people, which is
currently a reflection of the failure of the labor
market. In addition to graduates whose skill level
meets the requirements, there are not enough
numbers for a wide range of professions.
In 2018, educational research found that learners
who wanted to pursue higher education were unable
to study. Most learners would like to choose the
favorite such as medical science or engineering,
followed by the Business Administration and the
Arts and Communications Group [1]. It can also be
transformed into a strategy to introduce guidelines
for higher education to facilitate a wide range of
learners. In addition, the researchers were supported
by schools for the availability of student data, which
can be used to analyze what it means to introduce the
specific group and subject data to learners in
university education. Based on a wide range of
interest-based data of qualified learners used for
analysis from 2018 – 2021, the data are divided into
three lesson plan groups 1) Art and Mathematic, 2)
Science and Arithmetic, and 3) Art and Linguistic.

TEM Journal – Volume 11 / Number 4 / 2022.

TEM Journal. Volume 11, Issue 4, pages 1792 ‐1803, ISSN 2217‐8309, DOI: 10.18421/TEM114‐47, November 2022.

The 792 learners’ data are collected from online
questionnaires assessed for IOC validity by experts
to perform. The questionnaire consists of 105
questions, a set of features used to classify and
recommend an area of study to learners in higher
education. This study aims to examine the use of
collective learning models with mixed techniques.
Based on the classification information with only one
subject, recommended information to learners in
higher education may be accurate.
Still, there are limitations to defining groups of
learning data and having constant parameters
specified, causing bias. Researchers, such as Wang,
S.-j., et al. [2], advise that "Generally, the
effectiveness of integration depends on the diversity
and accuracy of agents in data classification". For
this reason, various classifications have been tested
to help optimize the model’s accuracy in providing
suggestive information. The data used in this study
have many dimensions, so the researchers have
applied Neural Networks Autoencoders, deep
learning techniques, to identify significant
characteristics for predictive modeling. In addition,
ensemble learning models are also applied with
bagging boosting and stacking techniques through
various learning classifications [3].
This paper applied deep learning techniques to
solve underfitting data to improve the efficiency of
data classification to be more accurate in providing a
recommendation. Compared with the machine
learning predictive model, the deep learning provides
more reliable results and flexibility. Moreover, deep
learning can make automatic feature generation and
supports parallel and distributed algorithms. These
can increase accuracy and reduce variance because
the model has been validated with parallel and
distributed algorithms, including feature generation
automation [4]. To the best knowledge of authors, it
has not yet been discovered that research provides
information suggested through an ensemble learning
model, with hybrid techniques by enhancing the
accuracy and precision with a Deep Learning
classifier and solving information overload caused by
overfitting with Neural Networks Autoencoders.
Therefore, this research aims to improve the
performance of the predictive model of the subject
area for learner groups. The techniques used in the
model are focused on the hybrid ensemble learning
technique. These are to optimize traditional
predictor-building practices by Dimensionality
Reduction to model by Neural Networks
Autoencoders (NNAE). The proposed model was
built to reduce the dimension of the feature vectors in
the model building phase. It is also handling the
number of features used in the predictive model. In
addition, this will address the problem of overfitting
and its variance. The proposed model has received a
lot of attention in research areas and improves the
performance of the classification model, and is
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related to the knowledge and skills facet of the
learner with Ensemble Learning Classification (ELC)
incorporated with Neural Networks Classification
(NNC). Providing guidance for decision-making in
the subject area of students in higher education is
necessary and can help learners match their
appropriate skills and guidance. This includes the
improved performance of the learner significantly
from the traditional predictive model also.
2. Literature Review
This section explained important details of
literature reviews related to data mining used in
education and ensemble techniques that will be
applied to feature selection for the model
improvement.
2.1. Data Mining in Education
The data mining technique has been applied to
improve educational issues. For example, the
researcher presented Machine Learning Algorithm to
predict students’ performance [5]. The research
aimed to create a developed improved performance
model with hybrid techniques. Hence, dimensionality
reduction can be the key to improving the
performance of the model in terms of computational
time and accuracy. The novel techniques such as the
deep learning technique and other combination
techniques can be used to improve performance.
There are other examples of data mining usage in
education, which can be seen in Table 1.
Table 1. The examples research of data mining usage in
education
Authors / Year

Objectives

Techniques

Paireekreng, W.,
&
Prexawanprasut,
T., 2015 [6]

To highlight
identifying the
learning style of a
new student in the
university

Classification
Algorithms

Marbouti, F.,
Diefes-Dux, H.
A., & Madhavan,
K., 2016 [7]

Compare
predictive methods
to identify at-risk
students in a course
that used standardsbased grading

Classification
Algorithms

Develop predictive
Amerioon, S.,
models to predict
Hosseini, M., &
academic success
Moradi, M., 2021 factors to have better
[8]
management in
student curriculum

Classification
Algorithms
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It appeared that the research in this area focuses on
improving educational performance, such as learning
outcome, learning styles, and risk of learning. These
performance indicators applied data mining
techniques to address the problem of finding the
relationship pattern in the datasets based on the area
of study. In addition, some researches focus on the
classification model [9].
However, a problem related to model overfitting
came from the limitation of different data learning.
This included the underfitting problem of the
classification model as well. Therefore, the ensemble
technique may be needed to address the issue. Using
neural networks may have the advantage in terms of
precision, but it can have limitations regarding
overfitting. The autoencoders with hybrid techniques
can help to improve the performance of the
classification model [10].
A hybrid ensemble learning model is a machine
learning paradigm where various techniques
construct multiple techniques and multiple models.
The ensemble learning model is a machine learning
paradigm in which various models are trained to
solve the same problem and combine to get better
results. Multiple approaches like bagging boosting
and stacking have been proposed for generating the
ensemble methods.
2.2. Ensemble Learning Model
The ensemble approach seems to be more useful
for data mining model improvement in various
aspects and different techniques may results in
different outcomes. This section will discuss about
the use of ensemble techniques and their advantages
towards the predictive model building.
2.2.1.

Ensemble learning technique

Ensemble learning is a general meta-approach to
machine learning that can seek better predictive
performance by combining the predictions from
multiple models. The technique can help to build a
collective learning model in which more than one
classifier is used to learn. Basically, each classifier
has its own workflow, and every classifier operates
on the same data. When the classification results of
each classification are obtained, these will be taken
through the collection method and finally judged by a
voting ensemble learning. This works by combining
the predictions from multiple models. Therefore, the
majority vote of contributing base models is used.
This technique aims to optimize the accuracy of the
model [11]. There are well-known techniques for
ensemble learning which are Bagging, Boosting, and
Stacking techniques. Bagging reduces the variance
among the base classifiers [12] while boosting based
ensembles leads to bias reduction [13]. Stacking is an
1794

improved model performance technique and reduces
bias [14]. In this experiment, the techniques to be
used for the student to study in university
classification are 1) Bagging technique using
Decision Tree, Random Forest, and ExtraTrees
classifier, 2) Boosting technique using AdaBoost,
Gradient Boosting, and XGBoost classifier, and 3)
Stacking technique using Logistic Regression, KNN,
Support Vector Machine, Decision Tree and
GaussianNB. However, the individual classifier some
techniques may not perform well with the ensemble
technique that has improved model performance with
the Ensemble Neural Networks technique [4].
A. Bagging classification technique
Ensemble learning with bagging (Bootstrap
Aggregation) techniques is known as bootstrap
integration. It is a technique for enhancing model
efficiency. This technique works with other learning
techniques such as decision trees. The main idea in
bagging is to create a set of independent observations
of the same size and similar distribution according to
the original data from the observation set instead. It
makes an entire predictor that is better than a single
predictor built on the original data. The bagging
technique adds two steps to the original model.
Firstly, it creates a bagging sample and sends each
bag sample to the base model. Secondly, there are
strategies for combining forecasts of multiple
predictors. The bagging sample may be created with
or without replacement. The summation of the base
predictor output can be varied. This is because most
of the voting is for classification problems. In
contrast, the averaging strategy is used in regression
problems to produce the whole output [15].
B. Boosting classification technique
This technique uses a sequential learning method
which takes the errors obtained from prior learning
classifiers and converts the wrong learning model
into a more comprehensive learning model. The
techniques such as a majority vote in the case of
scheduling problems can be used. The classification
or linear integration of weak learners in the
regression problem resulted in better predictions
compared to only weak learners. There are wellknown boosting methods, such as AdaBoost and
Gradient Boosting, which are used in various
domains [16].
C. Stacking classification technique
This technique combines the outputs of more than
one distinct learning classifier or uses some methods
to choose the best basic learning classifier. Stacking
is a bias-reducing technique. It also uses the metalearning model to combine the output of the
underlying model. For example, if the final decision
part is a linear model, the stacking is often referred to
as "Model blending" or simply "mixing" [17].
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Goal to
performance
Processing
Function for
combining
models
2.2.2.

Bagging
Technique
Reduce
variance
Parallel
Max
voting /
Averaging

Boosting
Technique
Reduce
bias
Sequential

Stacking
Technique
Improve
performance
Parallel

Additive
models

Meta-model

Ensemble deep learning technique

Neural networks are highly complex and versatile
models. There is the ability to adapt the learning for
training data, while the model's complexity has also
increased. However, there is a limitation of increased
sensitivity which causes the model to be affected by
noise in the data and neglect essential features,
including necessary patterns for training. Hence,
almost all neural network techniques experience the
same disadvantage, which is high variance. The
research mentioned that using a single neural
networks classifier for large datasets leads to
inconsistent results of learning classifiers and is
sensitive to multiple parameters. Additionally, it
behaves differently for different training data. For
this reason, to achieve better performance, it should
be applied in conjunction with other types of learning
classifiers [4].
2.3. Feature Selection
Feature selection plays a vital role in classification
problems. The pre-processing phase is significant
when there are many features. Likewise, the areas of
study for the student it is a comparison of subject
groups and majors for further studies in higher
education. The research by Zaffar, M. [18] suggested
that feature selection algorithms' performance on
student data sets may obtain the results differently
based on feature selection and classifiers. Hence, this
will also help the new researchers to find the best
combinations of feature selection algorithms and
classifiers. Amerioon, S. [8] also showed academic
success factors to perform better management in
student curriculum. The Feature selection is applied
before working on the classification. It can be seen
that feature selection is one of the crucial steps in
unsupervised learning, which can remove
unnecessary attributes from the dataset aimed at
extracting valuable and meaningful information.
2.3.1.

Feature selection with neural autoencoders

An autoencoder technique is an artificial neural
network used to learn data encodings in an
unsupervised manner [19]. This is because the
autoencoder can improve the ability to learn input
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COMPRESS REPRESENTATION

RECONSTRUCTED DATA

Criteria

properties
without
class
information.
An
Autoencoder aims to learn a lower-dimensional
representation for higher-dimensional data, typically
for dimensionality reduction. The process of
reducing the number of input variables will solve the
data overload problem and prevent the automatic
encoder from being overloaded. Masking is therefore
implemented, and the reconstruction error of the
masked input property is used to calculate the
model's weight as a moving average. It combines the
relationship between the input attributes to eliminate
duplication in the selected attribute set. The
Autoencoders consist of 3 parts 1) Encoder A module
compresses the input data into an encoded
representation that is typically several orders of
magnitude smaller than the input data. 2) Bottleneck
is a module that contains compressed knowledge
representations and is an essential part of the
network. 3) Decoder is a module that helps the
network decompress the knowledge representations
and reconstructs the data back to its pre-encrypted
format. The output is then compared with input data.
For dimensionality reduction to be effective, the
feature space should have some relationship.
Autoencoders in structure non-linearity can encode
more information using fewer dimensions. So, they
are a better dimensionality reduction technique in
these scenarios. The Deep Learning model is very
flexible .If compared with the PCA technique, the
Autoencoders technique results are more flexible and
reliable because this technique can learn input
properties without class information and learn nonlinear relationships and perform better in
dimensionality reduction .This helps to solve the
problem of data overload .Figure 1 demonstrates the
Deep Learning architecture of Autoencoders.

DATA (INPUT)

Table 2. The comparison of ensemble learning methods

NEURAL ENCODER

NEURAL DECODER

Figure 1. Neural Networks Autoencoders level
representation

Therefore, to increase the accuracy rate and reduce
the bias of the particular technique. Research by [20]
presented that feature selection with Neural
Networks Autoencoders is used before classification
can reduce the risk of information overload and helps
to optimal performance model and a more robust.

1795

TEM Journal. Volume 11, Issue 4, pages 1792 ‐1803, ISSN 2217‐8309, DOI: 10.18421/TEM114‐47, November 2022.

3. Research Methodology
This section showed the research methodology and
the details of experiments for predictive model
building based on ensemble learning model. It also
presented the proposed combination techniques.
3.1. Experimental Design
The research methodology consists of five
procedures: Data consolidation, Pre-processing,
Model building with Hybrid ensemble techniques,
Performance analysis model and Model prediction
for the proposed model of ensemble learning based
on the hybrid technique for the predictive subject
area of study in the university.
Data consolidation

Hybrid Ensemble Techniques
Pre-processing

Model building

Performance analysis model

Model prediction

Figure 2. The proposed framework using a hybrid
ensemble learning technique to predictive subject area

The data for the experiment was collected from
questionnaires of high school students in Bangkok,
which was conducted by for Index of item objective
congruence (IOC) technique for the validation. The
sample size was calculated using Taro Yamane's
sample size statistics. Therefore, 792 students from
three programs of study were selected and the data of
the student's records from 2018 to 2021. There are
three main categories of the variables input matrix.
Firstly, the data related to personal and demographic
information are collected. Secondly, it concerns the
program of students' enrollment. They are Art and
Mathematics, Science and Mathematics, and Art and
Linguistic. Thirdly, the information used for
university study regarding areas of subjects such as
Science, Engineering and Technology, and Health
Science is collected. These include the program's
majors such as Psychology, Computer Engineering,
Medical or Statistics, and Data Science. The preprocessing methods are applied over the given
dataset to split the features into matrix, as discussed
in the following next section.
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3.2. The Proposed Ensemble Learning Model with
Hybrid Technique and Feature Selection with
Autoencoders
This research proposed the learning process of the
ensemble learning model with a combination
technique. The data is related to a group of students
in year 12 from three different programs of study in
the high school. First of all, the information is
consolidated and pushed into a matrix for the next
stage. Then, the data preparation process is needed
before being introduced into the model building
stage. The data preparation stage has the advantage
of reducing the number of samples and is a popular
data mining method. After the data preparation
process, the data is systematically divided with the
K-fold Cross Validation technique to compare which
sets of data are best for the proposed model for
performance comparison. The One-vs-Rest technique
is then used to classify the information, which can
help separate the interests of the participants into
eight classes. After that, the prepared data would be
input into the process of creating an ensemble
learning model using traditional techniques and deep
learning techniques. In addition, the model is created
from the appropriate classification and corresponds
to the three ensemble learning methods: Bagging,
Boosting, and Stacking. After all, testing data were
used to test the model.
The data in the experiment came from the data
consolidation stage. There were 792 students from 3
programs of study. After that, the pre-processing step
is related to cleaning data.
This is to replace the missing value using the
technique called Single Imputation. It is the data
adjustment with a similar format and analyzes the
key features to reduce the number of insignificant
features before the subject generation phase. The
next
step
implemented
Neural
Networks
Autoencoders techniques before creating a combined
learning model with traditional techniques and deep
learning techniques. The feature analysis process
included finding the weight values of each feature
that affected the model building. Encoded deep
learning techniques are used to select appropriate
features, after which the resulting data is divided into
two groups. The two groups of collected data applied
standardization using the range conversion method in
order to ensure that it is appropriately compared the
factors in each technique. The standardized dataset
from the previous step was split into learning and test
datasets. There are 554 and 238 samples,
respectively. The learning process in the modeling
process used 10-fold Cross-Validation comparisons
to train data. Each technique used in the experiments
is based on an ensemble learning classifier and a
Deep Learning classifier. These classifiers are
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Decision Tree, Random Forest, ExtraTrees,
AdaBoost, Gradient Boosting, XGBoost, Logistic
Regression, KNN, SVM, GNB, and Neural
Networks. Then, apply the generated model to test
data that the model had never seen before. Next,
performance analysis is considered. The data was
randomized and separated into 10 folds which are
based on the size of the learning data, in order to
validate the model using cross-validation test data.
In the experiment, there are two metrics used for
model assessment as followings 1) F-measure and 2)
Receiver Operating Characteristic (ROC). These
metrics can be used to evaluate the performance in
terms of the accuracy of the learning models. This is
to obtain the results of the guidance for the subject
group and area of study based on the learners'
interests.
Figure 3. Demonstrates the proposed methodology
for model building and applying the Ensemble
Learning model with a hybrid technique for subject
area classification on user profile interests for study
in higher education. Table 3 – 4 shows the
information related to the dataset and the number of
instances in each learner group and subject area.
Table 5 shows the process of splitting data with the
cross-validation technique.
Table 3. Dataset of learner groups in each program
Program
Art and mathematic
Science and mathematic
Art and linguistic
Total

Number of Instances
275
310
207
792

Table 4. Dataset related to subject areas in the university
Subject area
Science
Engineering and Technology
Health Sciences
Business Administration
Linguistics
Social Sciences
Education
Art
Total

Number of Instances
26
17
5
10
14
5
10
18
105

Table 5. Samples of the splitting data Cross validation
Iteration
1
2
3
…..
9
10

Training
Validation
{1, 2, .., 7, 8, 9}
10
{1, 2, .., 7, 8, 10}
9
{1, 2, .., 7, 9, 10}
8
…..
…..
{1, 3, .., 8, 9, 10}
2
{2, 3, .., 8, 9, 10}
1

Error
.30
.25
.22
…..
.14
.11
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Figure 3. The framework of the proposed methodology for
model building and applying the hybrid technique of
ensemble model for the recommended of study in higher
education based on user profile

3.3. Performance Evaluation Metrics
The evaluation of the model is crucial to
understanding the performance of the model. There
were 2 standard performance measurements in this
experiment used which are F-Measure and Receiver
Operating Characteristic curve (ROC).
The data were separated equally into 10 sets with
the K-fold cross-validation method, and the
appropriate parameters were determined for the
model classification in each technique. To compare
the results of which classifier can perform well, the
measurement of the subject's performance is then
calculated with an F-measure to determine the
accuracy of the model. In addition, the model is
determined by the number of instances in the class
and its completeness. The criteria used to measure
accuracy and integrity to evaluate overall
performance for subjects are called F-measures.
(1)

Where P is precision and R is recall. Precision is
the ratio of correctly predicted positive observations
to the total predicted positive observations. In
comparison, recall is the ratio of the correct
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prediction to all observations in the actual class.
Therefore, the F criterion (1) is considered a criterion
to compare results. ROC curve and AUC can be
computed as follows (2) and (3). ROC curve and
AUC is a graph showing the performance of the
classification model. This curve is plotted with two
parameters which are
(2)

TPR (Recall or Sensitivity) is the ratio of correctly
predicted positive values, which means that the value
of the actual class is positive, and the value of the
predicted class is also positive. False Positive Rate
(FPR) is the ratio of correctly predicted positive
values, which means that the value of the actual class
is negative, and the value of the predicted class is
also positive when the actual class is positive, but the
predicted class is negative. And specificity is the
proportion of the negative class which obtained
correct classification.
(3)

4. Experimental Results
In the experiments, the ensemble learning model
was performed using the three ensemble techniques,
which are 1) Bagging to predict with classifier
Decision Tree Random Forest and Extra Trees. 2)
Boosting to predict with classifier AdaBoost
Gradient Boost and XGBoost. 3) Stacking predict
with classifier Logistic Regression, KNN, SVM,
GNB, and DT. Additionally, this demonstrates to
compare each technique and approach for the
performance in terms of reduced data overflows.
Furthermore, the proposed ensemble learning-based
model combined with a neural network classifier can
reduce underfitting bias from the training model. It
also improved the performance of the model. From
the training model, it can be seen in Figure 4 and
Figure 5 that the cycle of the process with the NNC
can reduce errors and loss.

Figure 5. The results of the validation process with an
optimized algorithm by Neural Networks

After building the model, the structure of the
model to train and validate each classifier's attribute
is defined accordingly. The data is divided into
training and testing sets in the training stage. These
datasets are used to adjust the weights on the Neural
Networks classifier and validate them by unseen
testing data. In this research, the activation function
used SoftMax because the hybrid learning based on
ensemble technique should handle multiclass
classification. In addition, to improve the
performance of the model, the epoch in the
hyperparameter needs to be defined, which is related
to the iteration process. The other hyperparameter
referred to batch size, which used Mini-batch
Gradient Descent. The batch size help to separate
items into a smaller batch size which can optimize
for process calculation in the model. As a result, this
can reduce loss and increase accuracy rates for the
model. Moreover, the process of weight tuning also
implemented Adam's Optimization Algorithm. This
can help to solve incorrect parameters by reducing
cost function losses and processing time.
4.1. The Feature Selection of Attributes Related oo
the Field of Study
The experiment is related to the feature selection
of the attributes which is to be used for model
building. The attributes are a field of study. Firstly,
the input matrix was prepared from the data
collection stage, which is ready for the feature
selection. The evolutionary approach was performed
in the experiment using neural network autoencoders.
The weights of the features are computed using
Pearson's correlation coefficient algorithm. The
results can be seen in Table 6. In addition, the
features vector was reduced from 105 features to 26
features.
Table 6. Examples of the coefficient on feature selection
with Neural Networks Autoencoders

Figure 4. The results of the training process with the
optimized algorithm by Neural Networks
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Feature
Computer Science
Computer Engineering
Statistics and Data Science
……………………….
Media Design and Production
Economics
Educational Technology

Coefficient
1.000
0.985
0.838
……
0.452
0.351
0.158
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4.2. The Comparison Results in 3 Programs of
Study Based on an Ensemble Learning Model
with Hybrid Technique
The section showed the experimental results of the
proposed predictive subject area for learner groups
using hybrid ensemble learning techniques and
feature selection which implements deep learning
with autoencoders techniques combined with a user
profile for choosing the areas of study in the
university, which are 1) Science (SCI) 2)
Engineering and Technology (ET) 3) Health Science
(HS) 4) Business Administration (BA) 5) Linguistic
(LIN) 6) Social (SOC) 7) Education (ET) 8) Art. The
learners can be divided into 3 main programs of
study in high school, which are 1) Art and
Mathematics 2) Science and Mathematics, 3) Art and
Linguistic. The ensemble classification model can
recommend the areas of study in the university for
the learners based on their user profile. The
experiment results are shown as follows many
ensemble classification techniques have been used to
deal with classification problems and predictions. In
this experiment, the techniques used for the
classification subject area of study for learner groups
are bagging, boosting, and stacking of ensemble
classification technique combined with Neural
Networks classifier. The performance comparison in
terms of f-measure in each method based on
ensemble learning on datasets is shown in Table 7. It
showed the performance of the six techniques in Art
Mathematics program of study in high school. As can
be seen from the results, the average score of the
high performance in three techniques is Bagging NN,
Boosting NN, and Stacking NN, respectively at 82%,
74%, and 72%. In addition, the three subject areas,
which are science, business administration,

engineering and technology area, achieved better
results. This is also corresponding to the other
program of study in Table 8. The program of Art
Linguistics showed similar results with the best
accuracy rate by Bagging NN at 83%. Whereas
Boosting NN presented the accuracy rate at 80%.
However, the results of the highest accuracy rate in
the Science and Mathematics program of study are
85% by Boosting NN followed by Bagging NN at
83%. Stacking NN appeared to have the lowest
accuracy rate compared to other hybrid techniques.
4.3. Feature Selection Results in the Program of
Study Based on Hybrid Ensemble Learning
Technique Using Neural Networks
Autoencoders
Most of the attributes in the dataset are important
in an ensemble learning-based model to gain higher
performance results. However, the number of
features is excessive, leads the model unnecessarily
complicated. This results in a high variance problem.
That is why only the most important and sufficient
attributes must be selected for analysis. In this
experiment, a deep learning autoencoder technique
was used for the selection of feature vectors that
would allow the model to learn better with
information that had never been found. This results
in better model accuracy performance, but there are
also limitations for some classifiers to perform
poorly with data degraded by property selection.
Therefore, the whole learning model was used in the
experiment and enhanced the capabilities of the
collective learning model by adding deep learning
techniques. Voting algorithms are used for all
techniques. It included the three best-performing
techniques in the experiment.

Table 7. The comparison results of the hybrid ensemble with F-Measure on the Art and Mathematics program
Subject area
Techniques
Bagging
Bagging NN
Boosting
Boosting NN
Stacking
Stacking NN

SCI
0.71
0.85
0.74
0.79
0.70
0.72

ET
0.74
0.79
0.71
0.73
0.69
0.78

Art and Mathematics program of learners group
F-score
HS
BA
LIN
SOC
EDU
0.67
0.71
0.65
0.72
0.73
0.84
0.75
0.82
0.78
0.81
0.69
0.73
0.69
0.68
0.74
0.71
0.81
0.79
0.73
0.69
0.68
0.62
0.69
0.67
0.71
0.71
0.71
0.73
0.66
0.74

ART
0.78
0.82
0.65
0.74
0.73
0.76

Average
F-score
0.71
0.82
0.70
0.74
0.68
0.72

Table 8. The comparison results of the hybrid ensemble learning model with F-Measure in the Science program
Subject area
Techniques
Bagging
Bagging NN
Boosting
Boosting NN
Stacking
Stacking NN

SCI
0.78
0.82
0.79
0.87
0.54
0.67

ET
0.83
0.87
0.81
0.85
0.71
0.79

Science and Mathematics program of learners group
F-score
HS
BA
LIN
SOC
EDU
ART
0.81
0.71
0.81
0.79
0.81
0.76
0.84
0.75
0.88
0.83
0.85
0.78
0.80
0.70
0.83
0.80
0.86
0.87
0.83
0.73
0.81
0.84
0.88
0.89
0.69
0.52
0.72
0.59
0.59
0.69
0.77
0.56
0.79
0.69
0.85
0.72
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Average
F-score
0.78
0.83
0.80
0.85
0.63
0.75
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Table 9. The comparison results of the hybrid ensemble learning model with F-Measure on the Art and Linguistic
program
Subject area
Techniques
Bagging
Bagging NN
Boosting
Boosting NN
Stacking
Stacking NN

SCI
0.81
0.84
0.68
0.71
0.53
0.57

Art and Linguistic program of learners group
F-score
ET
HS
BA
LIN
SOC
EDU
0.83
0.78
0.71
0.85
0.79
0.86
0.84
0.81
0.75
0.87
0.78
0.91
0.81
0.76
0.67
0.79
0.76
0.81
0.81
0.78
0.75
0.81
0.85
0.84
0.58
0.63
0.54
0.58
0.51
0.62
0.69
0.69
0.60
0.69
0.57
0.69

According to the results, 26 out of 105 features
related to user profiles are selected to create the
vector for training data. The reduced number of
features is significant for model building. With 792
rows and 26 columns, it goes through the last step to
create the matrix of 792 sample size. After the model
training, the testing of the models is conducted. This
is to determine the performance of the model in
terms of accuracy rate. The results are shown in each
Program of study in high school, which are the Art
and Mathematics program, Science and Mathematics,
and Art and Linguistic program. The results of the
Art and Mathematics program are shown in figure 6.
It appeared that the 3 ensemble classification
techniques combined with Neural Network
performed better than other traditional techniques. In
this Program of study, the top 3 techniques are
bagging NN, Boosting NN, and stacking with 95%,
93%, and 89%, respectively.

ART
0.86
0.88
0.78
0.81
0.63
0.71

Average
F-score
0.81
0.83
0.75
0.80
0.59
0.65

The results of the Science and Mathematics
program are shown in figure 8. It appeared that the 3
ensemble techniques combined with Neural Network
performed better than other traditional techniques. In
this Program of study, the top 3 best-performed
techniques are bagging NN, boosting NN, and
stacking with 96%, 91%, and 83%, respectively.

Figure 8. Feature Selection result F-score ensemble
techniques Science and Mathematics program

Figure 7 shows the test performance using ROC
and AUC curve for evaluation classification
performance of the subject area. The higher average
score of the ROC and AUC curve for multiclass is
87%.

Figure 9 shows the test performance using ROC
and AUC curve for evaluation classification
performance of the subject area. The higher average
score of the ROC and AUC curve for multiclass is
89%.
The results of the Art and Linguistic Program are
shown in figure 10. It appeared that the 3 ensemble
classification techniques combined with Neural
Networks performed better than other traditional
techniques. In this Program of study, the top 3 bestperformed techniques are bagging neural networks,
boosting neural networks, and stacking neural
networks with 94%, 78%, and 86% respectively.
Figure 11 shows the test performance using ROC
and AUC for evaluation classification performance
of the subject area. The higher average score of the
ROC and AUC curve for multiclass is 86%.

Figure 7. The comparison of predictive subject area for
Art and Mathematics learners with ROC

Figure 9. The comparison of predictive subject area for
Science and Mathematics learners with ROC

Figure 6. Feature Selection results with F-score
comparison of ensemble techniques in Art and
Mathematics program
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Table 10. The results of the comparison of increased
efficiency with neural networks autoencoders of the
program in the area of art and Mathematics

Figure 10. Feature Selection result F-score comparison
ensemble techniques in Art and Linguistic program

Figure 11. The comparison of the predictive subject areas
for Art and Linguistic learners with ROC

4.4. The Comparison of Dimensionality Reduction
with Neural Networks Autoencoders
This section summarizes the results of the feature
selection method utilized for selecting the subject
area for study at university. After applying the best
feature selection with neural networks, the
autoencoder algorithm for 792 observations was
created again. The test was completed. However, the
ensemble learning technique may not perform well
with the data that has been reduced of information
overload with feature selection. Therefore, to
improve the model performance of the ensemble
learning technique, the ensemble learning model was
applied in the experiment. The results in Arts and
Mathematics show the percentage difference between
the ensemble learning model with hybrid technique
between feature selection with autoencoders, the
feature reduction of the technical ensemble learning
model. The results in first class with hybrid
technique offer a higher-class performance in the
social area increased by 23.81%. The result in the
second class is higher performance in the engineering
and technology area, had a higher average score
increase of 22.45%, and the results in the third class
are higher performance in the linguistic increased by
16.02%. Figure 12 shows this comparison.

Figure 12. The comparison of ensemble learning base
model between feature selection technique for the
predictive subject area for art and mathematics learners

TEM Journal – Volume 11 / Number 4 / 2022.

Class
Science
Engineering
Health Science
Business
Linguistic
Social
Education
Art

HELM
74.67
73.50
71.67
71.50
72.83
70.67
74.33
74.67

FS (NNAE)
81.50
90.00
82.83
79.00
84.50
87.50
84.67
86.00

Difference
9.15%
22.45%
15.57%
10.49%
16.02%
23.81%
13.91%
15.17%

The results in Science and Mathematics show the
percentage difference between the ensemble learning
model with hybrid technique between feature
selection with autoencoders the feature reduction of
the technical ensemble learning model. The result in
first class with hybrid technique offers a higher
performance of class in science area had higher
average score increased 18.59%. The result in the
second class is higher performance in the linguistic
area increased by 10.03%, and the result in the third
class is higher performance in the social area
increased by 9.62%. Figure 13 demonstrates this
comparison.

Figure 13. The comparison of ensemble learning base
model between feature selection technique for predictive
subject area for science and Mathematics learners
Table 11. The results of the comparison of increased
efficiency with neural networks autoencoders of program
of area in science and mathematics
Class
Science
Engineering
Health Science
Business
Linguistic
Social
Education
Art

HELM
69.00
76.50
74.67
67.00
76.50
71.00
79.00
77.17

FS (NNAE)
81.83
83.50
81.33
71.17
84.17
77.83
86.33
82.33

Difference
18.59%
9.15%
8.92%
6.22%
10.03%
9.62%
9.28%
6.69%

The results in Art and Linguistic show the
percentage difference between the ensemble learning
base model with hybrid technique between feature
selection with autoencoders the feature reduction of
the technical ensemble learning based model. The
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result in first class with hybrid technique offers a
higher performance of class in the social area had
higher average score increased 11.89%. The result in
the second class is higher performance in the health
science area increased by 10.13%, and the result in
the third class is higher performance in the linguistic
area increased by 9.84%. Figure 14 demonstrates this
comparison.

Figure 14. The comparison of ensemble learning base
model between feature selection technique for predictive
subject area for Art and Linguistic learners
Table 12. The results of the comparison of increased
efficiency with autoencoders of program of the area in art
and linguistic
Class
Science
Engineering
Health Science
Business
Linguistic
Social
Education
Art

HELM
80.67
83.83
79.00
66.17
74.50
75.67
76.33
74.33

FS (NNAE)
86.50
89.63
87.00
71.00
81.83
84.67
82.83
81.00

Difference
7.23%
6.92%
10.13%
7.30%
9.84%
11.89%
8.52%
8.97%

5. Conclusions
One of the most important requirements for higher
education level is the decision making about the area
of study in which the course should be suitable for
learners' profiles, including related students'
information. Therefore, machine learning in
education seems to play a vital role in this decade. It
can help to classify learners based on their
capabilities. This can increase the effectiveness of the
educational system in terms of study plans and
analysis. The classification model used in the
educational areas may confront the problem related
to underfitting or high bias and overfitting or high
variance. These problems should be addressed to
improve the performance of the classification model.
Hence, this research aims to improve the
performance of the predictive model of the subject
area for learner groups in higher education. The
techniques proposed in this research are focused on
hybrid ensemble techniques. This is to optimize
traditional
predictor-building
practices
by
dimensionality reduction to model by Neural
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Networks Autoencoders. The classification model
was built with feature selection by reducing the
dimension of the feature vectors and handling the
number of features used in the predictive model. The
dataset of the student recorded in high school and the
subject areas of study in higher education was used.
The sample of data 792 were enumerated and
cleansed. This dataset was used in the experiments
for model building and comparison. The hybrid
ensemble technique was applied for the deep learning
technique to address the problem of high bias and
high variance. The classification results of the
predictive model of higher education guidance are
shown as follows 1) performance in terms of
accuracy and precision of the ensemble NNAE for
the predictive model is higher than the traditional
single-used model. In addition, the results in Art and
Mathematics program for learner group with average
F-Score by Bagging NN, Boosting NN, and Stacking
NN are at 82%, 74%, and 72%, respectively. This is
similar to other programs of study. 2) The feature
selection with ensemble NNAE results with ROC
and AUC found that the average value of the threelearner group is 89%, 87%, and 86%, respectively.
This means the model can work well in each learner
group. 3) The increased efficiency of the proposed
technique for dimensionality reduction is at 9.17%,
9.35%, and 9.41% in each learner group.
In the future, some other parameters can be more
explored in order to improve the performance of the
model and provide the most appropriate guidance on
the subject area for study to the learners. Moreover,
the other techniques of the classification should be
investigated as well. From this research, it can be
seen that the machine learning approach can help
provide the appropriate alternatives and help students
make decisions based on their capabilities in each
subject area. This benefits the students and the
universities by optimizing students' choice of study
for the future.
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