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Abstract – The research aims to develop a
classification model to predict students’ decisions
relating to which education stream to follow and to
identify the relevant factors to such decision-making.
The model created used the decision tree (DT)
technique with data collected from 800 samples of
year-10 students in Trang province, Thailand. Of
those, 428 had decided to study in general education
while the other 372 were studying vocational courses.
This study identified six relevant variables, which were
influential in students’ decision making; comprising
students' academic performance (i.e., mathematical
cumulative grade point average in junior high school;
science cumulative grade point average in junior high
school; and grade point average for all subjects in
junior high school); parents' education and profession
(i.e., father's level of education; mother’s occupation);
and students’ gender. In terms of performance and
employment, the DT model has high performance
regarding sensitivity and g-mean. Moreover, it has
advantages compared to the other models.
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1. Introduction
Recently, there has been a gap between the
consequences of education and the needs of the labor
market in Thailand. Because of the expansion in
Thailand’s automotive and auto parts industries,
there has been a high demand in the labor market for
workers with vocational education. Meanwhile,
evidence from [1] indicates that the number of
students choosing vocational education is lower than
those choosing general education. In 2009,
approximately 38% of all upper secondary students
were enrolled in the vocational stream, and despite
the government's attempts in 2010 to make
vocational secondary education more appealing, the
ratio of students enrolled in vocational to general
secondary schools has remained steady at
approximately 40:60 [2]. Furthermore, as higher
education grows in popularity, accessibility, and
affordability in Thai public schools, many students
choose to continue their education at universities.
Accordingly, the number of graduated students
entering the workforce has expanded considerably to
the point where the labor market is struggling to meet
the growing demand for new graduates, whereas
Thailand actually needs vocational-level workers
more than those with university-degrees. As a result,
Thailand's labor market has been distorted by a
mismatch between educational attainment and labor
market requirements.
After finishing compulsory education, students in
Thailand must select between vocational and general
education streams for their continued education. It is
critical to make the proper choice about which stream
to pursue in upper secondary school in order to
achieve success, both in the rest of people’s
education, as well as in their future careers and their
earnings from them. Therefore, students need to be
effectively counseled and guided when making
decisions about which educational path to choose.
Identification of factors, which influence students'
making a decision to study in either vocational or
general education, will help those giving advice to
students deciding about their future education to
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provide effective guidance to those students.
Likewise, various factors can be influential in
classifying students who will make a decision to
study in either vocational or general education.
Classification modeling assists in the identification of
critical components.
In education domain, most previous studies have
used traditional statistical methods to investigate the
factors with the purposes for inferring relationships
between variables. For instance, [3] found ﬁve major
elements that influence a student's decision to seek a
university education using factor analysis. In order to
investigate factors that influence the decision to
study abroad using data obtained in an empirical
study, descriptive statistics, factor analysis and T
tests were the main statistical tools used in the
analysis [4]. In addition, a classification model was
developed using binary logistic regression analysis in
order to classify prospective students as enrolees or
non-enrolees. This statistical method identified that
six factors influenced the prospective students’
decisions to enroll [5]. The study's goals were to look
into their post-secondary education choices and
assess the factors that influenced their choices for
students who chose vocational education over
university following high school. The significance of
important influential elements was investigated using
Binary Logistic Regression [6].
However, such statistical techniques necessitate
certain assumptions, such as the assumption that the
data being analyzed is normally distributed. They
also have inherent assumptions and predefined
correlations that, if violated, can produce inaccurate
results. Though such assumptions can be violated if
the technique used is robust, such violations should
be few; otherwise, the use of statistical methods
without first ensuring that the data utilized is
consistent with these assumptions can lead to
significant hypothesis testing mistakes [7].
By contrast, machine learning (ML) is a
subcategory of computer science and artificial
intelligence. ML models are non-parametric,
meaning they are not based on predetermined
assumptions. On the other hand, traditional statistical
approaches need considerable assumptions [8]. ML
learns a model from observations rather than being
programmed with rules. In order to achieve the task,
algorithms learn a model from a training set based on
sample input-output pairings and translate an input to
an output so that the task can be achieved
appropriately with new, undetermined inputs.
The DT is a supervised learning approach used in
machine learning to create classification systems
based on a large number of factors or to create
prediction algorithms for a response variable. The
technique forms an upturned tree structure graph,
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which splits a collection of instances into branch-like
segments. The method is non-parametric, which
means it can handle big, complex datasets without
imposing a complex parametric framework.
Furthermore, as compared to typical predictive
models of non-statisticians' interpretability, DT has
an advantage since it offers a model in the form of a
graphical structure [9].
In recent years, various DT algorithms have been
widely employed in the education domain for
classification problems with different purposes. In
the study conducted by [10], a DT method was
utilized to predict students’ final grade point average
based on their grades in preceding classes. The
researchers used the DT algorithm to predict student
achievement in vocational high school [11]. The
study of [12] investigated and evaluated the method
of using DT algorithms in conjunction with a student
questionnaire to identify elements that influence
student success or failure. The goal of [13]'s work
was to propose a prediction model for students' ontime graduation using the C4.5 algorithm, which
takes into account four factors: department, GPA,
English score, and age. In the study of [14], the DT
method was employed to classify students into
distinct groups such as brilliant, average, and weak,
with a high performance when compared to another
technique. Hong et al. [15] created DT models to
account for students' proclivity to pursue Technical
and Vocational Education and Training (TVET)
following high school. Respondents for this study
include 428 secondary school students from Kedah,
Malaysia. The Decision Tree was one of the
classification techniques used to analyze the actual
enrollment data of TVET training provider
organizations in Punjab, Pakistan [16]. In this study,
the factors that can explain the attitudes and
judgments of individuals towards vocational and
general education in Romania were adopted by the
decision tree method [17].
The goal of this research is to create a DT model
for classification of which education stream to pursue
and to discover the significant classification factors
that influence students’ decision-making on
education streams. Furthermore, the study intends to
evaluate the DT model's performance against that of
other supervised machine learning models based on a
variety of matrices.
The rest of the article is organized as follows.
Materials and methods, including data and data
collection, data preprocessing, supervise machine
learning methods, and model evaluation, are
described in Section 2. The experiments and results
are presented in Section 3. Discussion and conclusion
are provided in Sections 4 and 5, respectively.
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2. Materials and Methods
2.1. Data and Data Collection
Since no existing dataset that would allow the
researcher to build a suitable classification model
was available, primary data collection was necessary.
The population adopted in this study was all 3,476
students in Trang province, Thailand who chose to
attend public secondary schools in tenth grade and
the 1,197 students who, at the same stage of
education, had decided to study in a first-year course
leading to a vocational certificate at a vocational
technical college. The schools were chosen using a
stratified random sampling approach, followed by
systematic random selection to pick the tenth-grade
pupils from each school. Meanwhile, the first-year
vocational certificate students were chosen using the
systematic random sampling technique from all
vocational schools since the number of vocational
schools in Trang is lower than the number of higher
secondary schools. The final sample of 800 students
from which data was collected consisted of 428
students studying in the general stream at the upper
level of secondary schools and 372 respondents
studying in the vocational stream.
The factors concerning which data were obtained
were based on the literature study included the
demographic factors, namely, gender [18], SES [19],
family size [20], and parental marital status [20],
[21], all of which have been suggested to have an
impact on students' educational choices. In addition,
data relating to grade point average, and previous
academic achievement, which have also been found
to affect students’ decisions [18] were collected. In
this study, SES was indicated by parental education,
parental occupation and family income; family size
was indicated by the total number of siblings, as well
as the number of siblings who were actively enrolled
in a Bachelor's degree program or below. Previous
academic achievement was indicated by the
respondents' cumulative grade point average in
mathematics and science in junior high school, as
well as their total grade point average in all subjects.
The data was collected based on the students’
responses to the items in the questionnaire relating to
those indicators, which were as adopted as predictor
variables. Meanwhile, the response variable was the
students’ decision between the general and
vocational education streams.
2.2. Data Preprocessing
Data preprocessing is a crucial step in the data
mining process that converts raw data into a usable
format. Data cleaning, data transformation, and data
reduction are the three primary processes in
preprocessing [22]. The implementation of the
procedures, on the other hand, is limited to dealing
with data issues. The data obtained for some of the
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variables in this study was full and useful, whereas
data for others, such as parental marital status,
father's highest education level, and mother's highest
education level, was in various states. Although any
number of values for variables can be used, it is
better to define a variable with fewer values since
this simplifies the decision-making process. As a
result, data transformation was required to reduce the
number of values for those variables. Table 1.
presents a list of the attributes, their labels, values,
and counts.
2.3. Supervise Machine Learning Methods
2.3.1. Decision Tree

A well-known supervised learning approach in
machine learning is the decision tree (DT), which
analyzes the set of class-labeled training instances
and represents the data in a tree structure graph and is
commonly utilized as a technique of classification
[23]. DT is typically made up of three components: a
root node, internal nodes, and leaf nodes. The tree
begins with a root node that includes all of the
instances and has no incoming edges. All other
nodes, on the other hand, have only one incoming
edge. An internal node is a node with outgoing edges
that divides the instances into at least two groups
based on the value of the predictor variable.
Similarly, each of the leaf nodes is given a class that
represents the response variable's most appropriate
value. The conversion of DTs to classification rules
is simple.
Growing and pruning are the two phases in the
induction of decision trees, in general. The training
data is used to create the tree using certain criteria in
order to identify a sequence of splits that divide the
training data into smaller subsets with pure class
labels in the growth stage. Pruning the tree is an
important step in improving the model's
computational efficiency and classification accuracy.
Pruning decreases the size of the tree (i.e., the
number of nodes) and, as a result, its complexity, as
well as the model’s overfitting.
This study used the C4.5 method, which uses a
top-down and recursive splitting technique based on
the idea of information entropy to create DT models
from a collection of training data. According to Han
and [24], assume that a training set D has m unique
values for the class label attribute, Ci (for i = 1,
2,…,m). The number of instances in D and Ci , D are
indicated by D and Ci, D , correspondingly. The
expected information is expressed below:
Info(D) =

m Ci, D



i 1

D

log2

Ci, D
D

(1)
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Table 1. Predictor variables
Attribute

Label

Gender

students' gender

Math_gpa

mathematical cumulative grade point
average in junior high school

Sci_gpa

science cumulative grade point
average in junior high school

GPA

grade point average for all subjects in
junior high school

Status

parental marital status

Edu_f

father's level of education

Edu_m

mother's level of education

F_occ

M_occ

father’s occupation

mother’s occupation

Income

family income

Quan_sib

the quantity of siblings

Edu_sib
Stream

the total number of siblings enrolled
in a bachelor's degree program or
below
students’ selection of education
streams

Value
“f” denotes female
“m” denotes male
below 2.00
2.00-2.99
above 2.99
below 2.00
2.00-2.99
above 2.99
below 2.00
2.00-2.99
above 2.99
Completeness (i.e. both parents are in the family)
incompleteness (i.e. a family in which one or both
parents are missing)
below bachelor’s degree
bachelor’s degree
above bachelor’s degree
below bachelor’s degree
bachelor’s degree
above bachelor’s degree
“occ1” denotes the owner or merchant of a
business
“occ2” denotes a government officer or employee
of a state-owned firm
“occ3” denotes agriculture
“occ4” denotes employee
“occ5” denotes general laborer
“occ1” denotes the owner or merchant of a
business
“occ2” denotes a government officer or employee
of a state-owned firm
“occ3” denotes agriculture
“occ4” denotes employee
“occ5” denotes general laborer
<฿15,000
฿15,001 - ฿30,000
฿30,001-฿45,000
>฿45,000
1
2
>2
1
2
>2
“g” denotes general education
“v” denotes vocational education

v Dj

Count
463
337
98
394
308
69
400
331
30
372
398
584
216
667
84
39
658
122
20
140
93
296
52
219
181
81
286
42
210
324
294
90
92
94
393
313
269
392
139
428
372

If the instances in D are divided in accordance with
attribute A having  distinct values as observed from
the training data, the attribute A would split D into
D j partitions where j = 1, 2, … ,  . The expected

The information gain is defined as the following:

information required to classify an instance from D
according to the partitioning by A is measured by

Gain(A) = Info ( D )  Info A ( D )
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InfoA(D) =



j 1 D

 Info( D j )

(2)

(3)
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C4.5 algorithm uses gain ratio, which is an extension
to information gain, as an attribute selection measure.
The gain ratio of A is defined as follows:

Gain( A)
GainRatio(A) =
SplitInfo( A)

(4)

Dj

Since the DT is a learned approach that selects
attributes as part of the learning process, the attribute
with the highest gain ratio is chosen. In this study,
the WEKA machine learning software [25], which
has a classifier named J48 that implements the C4.5
algorithm, was used to construct the DT model.
The J48 classifier employs two pruning techniques:
pre-pruning and post-pruning. When pre-pruning is
used, the tree's growth is stopped when a particular
condition is met. Similarly, in the post-pruning stage,
the tree will be entirely created first, followed by the
replacement of the last sub-trees with leaves, based
on a comparison of the tree's error before and after
the sub-trees were replaced. The pruning process is
influenced by the confidence factor and the minimum
number of objects in a single leaf. While pruning the
decision tree, the confidence factor represents a
threshold of allowable inherent error in data.
Lowering the threshold allows for more pruning and,
as a result, more general models to be generated. It is
possible to specify the minimum number of objects
in a single leaf to obtain simpler models with a
bigger number of samples. These factors can also be
used to tune decision trees to make them simpler and
smaller [26].
2.3.2. Naive Bayes

Based on Bayes' theorem, Naive Bayes (NB) is a
data mining approach that used as a supervisedlearning classification algorithm. It uses a
probabilistic learning approach that combines
previous knowledge with observed data [27]. NB
assumes that conditionally independent variable
values provide the class of response variable.
Furthermore, the class has no parents, yet the class is
the single parent of each variable. The Bayes'
theorem is used to determine the posterior
probability, which is then used to predict the class
with the highest posterior probability [28]. Bayes'
theorem can be expressed as follows:

P(y X ) 
j i

P(X y )P(y )
i j
j
P(X i )
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i

attributes, i.e., X = ( x

i

i1

,

x ,..., x ) ; every instance
i2

ik

is considered to be a member of only one class y .
j

 Dj 
 (5)
where, SplitInfo(A) =  
 log 2 

D 
i 1 D




where X ,i = 1, 2, …, n which consists of k

(6)

 1 2 , P( y j ) represents prior

In this study, y  y , y
j

probability, P ( X i ) represents evidence, P ( X i y )
j
represents conditional probability, and P ( y X )
j i
represents posterior probability.
2.3.3.

Artificial Neural Network

A mathematical model called an Artificial Neural
Network (ANN) tries to mimic the structure and
function of biological neural networks. ANN is a
supervised-learning technique that has been used to
solve a wide range of issues. McCulloch and Pitts
proposed the artificial neuron model in the 1940s,
which was later generalized in many ways. The most
widely used method is shown in Figure 1.
x1

w1

x2

.
.

w2

y

S



Sigmoid
w0

wn

xn

Figure 1. Artificial neuron

According to Figure 1., the neuron calculates the
weighted sum of n inputs, adding a threshold value as
defined in equation (7), and then applies an
activation function as expressed in equation (8) to the
result to compute the output y [29].
n

S   wi xi w0

(7)

i 1

sigmoid ( x) 

y  f (S )

1
1  e x

(8)
(9)

Generally, ANNs comprise three layers: input,
hidden, and output. Each layer has a number of
nodes. The nodes in the three layers are connected
and the connections are assigned weights between
nodes. In this study, a multilayer perceptron (MLP)
which is a class of feed-forward ANN with a backpropagation algorithm used in training data was
employed [30].
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2.3.4. Logistic Regression

Logistic regression (LR) is a statistical
classification approach used in data mining. The
approach is employed to look into the relationship
between a set of predictor factors represented by
X  (

x1, x2 ,..., x p )

and a set of dichotomous

outcome variable with values of 1 and 0 (herein, 1
denotes general education and 0 denotes vocational
education). The conditional probability of the answer

 

Y given the predictor variables is P Y X  π(x) ,
which is calculated as follows:

( x ) 

e

( 0 1x1 2 x2  ... p x p )

1 e

( 0 1x1 2 x2  ... p x p )

(10)

when 0  ( x )  1 .
When the value of the probability π(x) is in the
range [0, 1], odds can be used to convert the
probability x to a real number. The following
equation may be used to express the odds:
odds =

( x )
1  ( x )

(11)

The logit transformation, often known as the natural
logarithm of the odds, is defined as follows:

ln

( x )
 0  1 x1   2 x2  ...   p x p
1  ( x )

where  0 , 1 ,  2 ,...,  p

(12)

is a set of parameters

obtained using the maximum likelihood approach.
The interpretation of the model based on an odds
ratio associated with the effect of a one unit change
in x j when the other predictor variables in the model
are held constant is denoted as e

βj

[31].

2.4. Model Evaluation
The accuracy, sensitivity, specificity, and
geometric mean (g-mean) were used to assess the
models' performance. Accuracy is a popular metric
for classification performance, and it's usually
expressed as a percentage of all examples
successfully categorized by the model. Sensitivity
refers to a model's ability to appropriately classify
students into the vocational education stream.
Specificity represents a model's ability to
appropriately classify students into the general
education stream. Sensitivity and specificity are
inversely proportional, which means that the
specificity decreases with increasing sensitivity and
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vice versa. The g-mean, on the other hand, is a metric
that assesses the balance between vocational and
general education stream classification performance.
Even if the vocational education stream cases are
accurately classified as vocational education stream,
a low g-mean indicates poor performance in the
classification of general education stream cases.
Moreover, the performances of the proposed DT
model were compared to the performances of LR,
NB, and ANN methods, which are also supervisedlearning methods, since those methods have been
commonly applied in the classification of problems
in different educational domains and have produced
effective performances.
3. Experiments and Results
This is a description of the experiments that were
conducted in this study. The goal of this study is to
develop a DT model for determining which
education stream to pursue and to identify the main
categorization elements that influence students'
education stream decisions. Furthermore, the study
will compare the performance of the DT model to
that of other supervised machine learning models,
i.e., Naive Bayes, Artificial Neural Networks, and
Logistic Regression, using a variety of matrices.
The machine learning algorithms were run on the
dataset using WEKA (a software package used for
knowledge analysis). WEKA is a library of
algorithms that can be used to analyze data. After
data preprocessing, the dataset was converted into a
format usable by the WEKA. A training set and a
testing set were created from the original dataset,
which consisted of 12 variables and a response
variable. The training set had 80% of the data and
was used to train the models, while the testing set
contained the remaining data and was used to assess
the models' performance.
3.1. Decision Tree Model Development
Initially, the J48 classifier built a huge initial
model that was over-fitting. Likewise, this
experiment focused only on pruned trees as they
looked for the most interpretable patterns without
losing predictive performance. The pruning approach
was used in this study to improve the model's
computational efficiency and classification accuracy
by adjusting two parameters: the confidence factor
(C) and the minimum number of instances per node
(minNumObj: M). WEKA's default J48 decision tree
prunes based on sub-tree raising, with a confidence
factor of 0.25 and a minimum number of objects of 2.
In order to explore the optimal DT model, diverse
values of C, which was defined in a range of 0.05 to
0.3 with each additional step being 0.05, and M,
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which was set from 2 to 16 by increments of 2. The
most interpretative model without loss of predictive
performance is developed when the values of C and
M are 0.2 and 8, respectively. Accordingly, the J48
algorithm based on information gain constructed the
tree, which is composed of six variables and is
named DT_J48, as presented in Figure 2.
Moreover, one of the benefits of the DT model is
its ability to be shown as a graph-like tree structure;
the interpretation of the DT_J48 model can also be
presented in the form of classifying rules as follows:
1. If Edu_f = “above bachelor’s degree” then
student would decide to study in general stream
2. If Edu_f = “bachelor’s degree” then student
would decide to study in general stream
3. If Edu_f = “below bachelor’s degree” and
Math_gpa = “below 2.00” and gender = “m” then
student would decide to study in vocational
stream
4. If Edu_f = “below bachelor’s degree” and
Math_gpa = “below 2.00” and gender = “f” and
Sci_gpa = “below 2.00” then student would
decide to study in general stream
5. If Edu_f = “below bachelor’s degree” and
Math_gpa = “below 2.00” and gender = “f” and
Sci_gpa = “2.00-2.99” then student would decide
to study in vocational stream
6. If Edu_f = “below bachelor’s degree” and
Math_gpa = “below 2.00” and gender = “f” and
Sci_gpa = “above 2.99” then student would
decide to study in general stream
7. If Edu_f = “below bachelor’s degree” and
Math_gpa = “2.00-2.99” then student would
decide to study in vocational stream
8. If Edu_f = “below bachelor’s degree” and
Math_gpa = “above 2.99” and GPA = “2.002.99” then student would decide to study in
vocational stream
9. If Edu_f = “below bachelor’s degree” and
Math_gpa = “above 2.99” and GPA = “below
2.00” then student would decide to study in
general stream
10. If Edu_f = “below bachelor’s degree” and
Math_gpa = “above 2.99” and GPA = “above
2.99” and Sci_gpa = “below 2.00” then student
would decide to study in general stream
11. If Edu_f = “below bachelor’s degree” and
Math_gpa = “above 2.99” and GPA = “above
2.99” and Sci_gpa = “2.00-2.99” and Occ_m =
“occ3” then student would decide to study in
general stream
12. If Edu_f = “below bachelor’s degree” and
Math_gpa = “above 2.99” and GPA = “above
2.99” and Sci_gpa = “2.00-2.99” and Occ_m =
“occ4” then student would decide to study in
general stream

TEM Journal – Volume 11 / Number 3 / 2022.

13. If Edu_f = “below bachelor’s degree” and
Math_gpa = “above 2.99” and GPA = “above
2.99” and Sci_gpa = “2.00-2.99” and Occ_m =
“occ1” then student would decide to study in
vocational stream
14. If Edu_f = “below bachelor’s degree” and
Math_gpa = “above 2.99” and GPA = “above
2.99” and Sci_gpa = “2.00-2.99” and Occ_m =
“occ5” then student would decide to study in
vocational stream
15. If Edu_f = “below bachelor’s degree” and
Math_gpa = “above 2.99” and GPA = “above
2.99” and Sci_gpa = “2-2.99” and Occ_m =
“occ2” then student would decide to study in
general stream
16. If Edu_f = “below bachelor’s degree” and
Math_gpa = “above 2.99” and GPA = “above
2.99” and Sci_gpa = “above 2.99” then student
would decide to study in general stream
3.2. Model Comparisons
The dataset containing the six variables utilized in
DT_J48 was separated into training and testing sets
in order to evaluate the DT model. Later, the default
LR and NB algorithms in WEKA were implemented
on the training set to construct LR_J48 and NB_J48
models, respectively. Likewise, the ANN algorithm
in WEKA is performed to construct the ANN_J48
model by setting the hidden layers, momentum rate,
and learning rate of the ANN’s parameters. In this
study, the values of the hidden layers, momentum
rate, and learning rate are o, 0.7, and 0.3,
respectively. The experiment of each model was
conducted 100 times. The performances of all
models in terms of the mean values of accuracy,
sensitivity, specificity, and g-mean are presented in
Table 2.
Statistical analysis is utilized to find the differences
in predictive performance among the models. The
differences in performance were observed using the
one-way ANOVA test, in which the model was
treated as a factor. Multiple comparison tests are also
performed to determine whether models are distinct.
Because the equality of variance of data is not
assumed, the Tukey’s Honestly Significant
Difference (HSD) test is employed to identify the
different models. The significance level is set at 0.05
for the entire difference test. The ANOVA results in
Table 3. show the significant differences among the
models in terms of sensitivity, specificity, and gmean since the returned p-value (0.000) is lower than
the defined p-value (0.05), while the models are
insignificantly different regarding accuracy.
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Figure 2. Decision tree model (DT_J48)
Table 2. The performance comparison of models’ results
Model
ANN_J48
DT_J48
LR_J48
NB_J48

accuracy
68.011%
67.639%
67.553%
66.840%

sensitivity
0.794
0.787
0.734
0.718

specificity
0.581
0.580
0.624
0.625

g-mean
0.644
0.673
0.675
0.669

Table 3. One-way ANOVA for all metrics
Metric
accuracy

sensitivity

specificity

g-mean

Sources of variance
Between Groups
Within Groups
Total
Between Groups
Within Groups
Total
Between Groups
Within Groups
Total
Between Groups
Within Groups
Total

Table 4. Tukey’s HSD test for sensitivity
Model
NB_J48
LR_J48
DT_J48
ANN_J48

Different group
1
2
0.718
0.734
0.787
0.794

Table 5. Tukey’s HSD test for specificity
Model
DT_J48
ANN_J48
LR_J48
NB_J48
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Different group
1
2
0.581
0.580
0.624
0.625

Sum of Squares
71.944
4829.777
4901.721
.427
5.763
6.190
.193
2.574
2.767
.065
2.419
2.484

df
3
396
399
3
396
399
3
396
399
3
396
399

Mean Square
23.981
12.196

F
1.966

p-value
.118

.142
.015

9.784

.000

.064
.006

9.917

.000

.022
.006

3.522

.015

Table 6. Tukey’s HSD test for g-mean
Model
ANN_J48
NB_J48
DT_J48
LR_J48

Different group
1
2
0.644
0.669
0.669
0.673
0.675

The results of Tukey’s HSD test in Tables 4.-6.
show the different models in different groups, while
the indifferent models are listed in the same group.
The results of the Tukey’s HSD test for sensitivity in
Table 4. show that the performance of DT_J48 and
ANN_J48 models is indifferent; meanwhile, their
performance is higher than that of NB_J48 and
LR_J48 models in terms of sensitivity. From the
TEM Journal – Volume 11 / Number 3 / 2022.
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results of the Tukey’s HSD test for specificity
presented in Table 5., it is evident that the
performance of DT_J48 and ANN_J48 models is
indifferent; however, they have lower performance
than NB_J48 and LR_J48 models regarding
specificity. The Tukey’s HSD test for g-mean in
Table 6. presents the insignificant differences of the
NB_J48, DT_J48, and LR_J48 models in terms of gmean; however, DT_J48 and LR_J48 models are
obviously better than ANN_J48.
4. Discussion
The DT_J48 model, based on the findings, depicts
the relationships among predictors in the form of a
tree structure graph to elucidate the elements that
impact decision-making. In the DT_J48 model, the
significant six predictor variables were used to
classify the response variable, namely, students’
selection of education streams. Those were grouped
into students' academic achievement (i.e.,
mathematical cumulative grade point average in
junior high school; science cumulative grade point
average in junior high school; and grade point
average for all subjects in junior high school);
parents' education and profession (i.e., father's level
of education; mother’s occupation); and students’
gender.
Previous academic achievement, for which the
proxies are cumulative junior high school grade point
averages in mathematics, science, and all-courses,
has been previously proven to be significant factors
in students’ selection of education streams. This
study backs up the findings of [32], who discovered
that students with low academic performance were
more likely to choose vocational education.
Moreover, parents' education and profession were
also shown to be important determinants in students'
decisions about which educational stream to pursue
in this study, which matches earlier findings in the
literature. Hahs-Vaughn [33] discovered that parental
education influenced their children's academic
careers. Furthermore, the findings support those of
[34], who found that parents' education and
profession have a substantial impact on secondary
school kids' career choices, implying a choice
between general and vocational schooling. The
model also revealed that gender has a significant
effect on students' educational stream choices, which
was consistent with the findings of [32], who
discovered that males were more likely to enroll in
vocational programs than females.
In terms of performance and employment, DT_J48
has high performance regarding sensitivity and gmean, meaning that the model can correctly classify
students into the vocational education stream.
Although the proposed DT was not superior to the
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other machine learning methods from all metrics, it
has the following advantages when compared to the
other models: 1) the ability to depict the connections
between variables in a graph with a tree structure,
facilitating users' understanding and interpretation of
the model [35]; 2) the ability to handle different
types of predictor variables [35]; 3) the ability to
analyze data without testing parametric assumptions
[36]; 4) the ability to handle datasets when the
training or testing data has missing values [37]; 5)
the ability to reduce data preparation effort [38]. In
contrast, LR models entail basic assumptions,
including error independence, linearity of logit
values for continuous variables, lack of
multicollinearity, and lack of very influential outliers.
Further, the NB technique entails the assumption of
independence among the predictor variables,
although in practice, NBs’ attribute independence
assumption is often violated. Finally, ANNs have
many advantages; however, ANN is commonly
applied to derive results from data without any
evidence as to how the results are obtained, and an
ANN is, therefore, often described as a black box
[39].
5. Conclusion
The purpose of this research was to create a model
capable of classifying students’ decisions relating to
education streams. The model created was derived
using a J48 algorithm based on information gathered
from 800 pupils in province of Trang. There were 12
predictor factors and a response variable in the data
set. During the creation of the model, a post-pruning
procedure was utilized to simplify the tree. To clarify
the factors that influence the decision-making
process, the DT_J48 model shows the interactions
among predictors in the shape of a tree-like graph.
Eventually, students' academic performance (i.e.,
mathematical cumulative grade point average in
junior high school, science cumulative grade point
average in junior high school, and grade point
average for all subjects in junior high school),
parents' education and occupation (i.e., father's level
of education, mother's occupation), and students'
gender were all taken into classifying the decisions
made relating to education stream. The findings of
this research will be beneficial in giving effective
counsel to students, as well as educationalists and
those in government agencies creating suitable
policies. In terms of performances, DT is superior to
LR, NB, and ANN. Further, DT is simply,
transparency, and friendly user model.
The Bayesian network (BN) model which is a
powerful tool to represent stochastic events in a
simple and graphically readable representation.
Furthermore, the BN model is capable of visualizing
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and interpreting variable interactions, as well as
calculating complex multivariable probability
distributions of heterogeneous variables as
interpretable local probabilities. Furthermore, the BN
is used in both linear and non-linear relationships, as
well as interactions. In the future study, it is
interesting to purpose the BN model to predict the
students’ decision-making on education streams, and
moreover, the performance of the proposed BN
model is compared to the other machine learning
methods.
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