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Abstract—Matching educational programs with students’ 

interests is important because it provides the opportunity for 

each student to attend the university most conducive to success. 

However, it is a difficult challenge to identify the factors that 

affect the relationship between universities and students. Thus, 

this paper aimed to identify the factors that were significant and 

interrelated to both, consisting of four key processes including 

conducting a survey, extracting data, identifying critical factors, 

and measuring performance. At the core of the process analysis is 

the employment of a decision tree method and feature selection 

approach to classify and test performance, including accuracy, 

precision and recall. The dataset was collected from 256 students 

at the University of Phayao and Rajabhat Maha Sarakham 

University. The results showed that the performance of the model 

utilizing five critical factors and a decision tree model with two 

depth levels was most appropriate with 81.46% accuracy. 

Keywords— Recommended System; Educational Programs; 

Student Interests; Decision Tree 

I.  INTRODUCTION 

A current problem in education is that all undergraduate 
courses qualify as being alike. However, the critical factors 
that are used to select institutions for students are not the 
same. At the same time, a number of recommended systems 
(RS) have been shown to lack appropriate tools for resolution 
of this issue. There have been several researches conducted in 
education engineering, such as Technology Enhanced 
Learning (TEL) [1], context aware computing [2], and 
learning object recommendations [3], but none have been 
effective in addressing or supporting the root problem.  

An example of such interesting research is university 
admission prediction [4]. The research presented a model 
utilized for predicting the probability of success at a university 
where a student may be enrolled by analyzing academic 
background and university criteria from historical records. 
Another example is the system for early admission candidates 
[5], which applied an intelligent system for accessing 
academic data to ascertain the qualifications of candidates.  
The weakness of this system is that it focuses on only one side 
of the equation, which results in imbalance. Thus, the logical 
conclusion is that an improved balance between the university 
and the student will likely bring success and assist students to 
enroll at the universities most suitable for them and 

advantageous for both parties. The statement of the problem 
discussed in this paper is shown in Fig. 1. 

 

Fig. 1. The Statement of the Problem 

From Fig. 1, the problem addressed in this research is 
illustrated. There are two sides to the problem, which consists 
of a student dimension and university dimension. The first 
dimension is students who want to graduate and have 
expectations for the right university as well as the desire for 
support to achieve in the future. The key components for 
students consist of two factors, including learner qualities and 
learner attitudes. Conversely, the second dimension is the 
university, which must provide the correct information 
necessary for the selection of students, a factor that is unique 
for every university.  

The research areas of interest are shown in the middle of 
the figure, where both dimensions intersect. Accordingly, a 
matching method between the students and the university is 
required to study the variables that are essential for both sides. 
In this paper, the belief is that it is possible to match the right 
students with the most appropriate universities. The concept of 
the two-dimensional model is shown as Equation (1): 

Lq.wAF = Uq.wCF (1) 

Where Lq is the quality of the learners, wAF is the weight 
of attitude to critical factors, Uq is the qualifications and 
regulations of the university, and wCF is the weight of critical 
factors for the university.    

The International Conference on Digital Arts, Media and Technology (ICDAMT 2016)

382



This paper believes that these factors are important to both 
sides. However, the initial part of the research areas will only 
address the critical factors from the dimension of students. 
This work is structured as follows: Section II provides a brief 
review of the literature. The details of the research 
methodology are imparted in Section III. Section IV presents 
the experimental results, with Section V offering the 
conclusion. 

II. LITERATURE REVIEWS 

Education is the knowledge foundation and a fundamental 
element of the course for improving quality of life. Therefore, 
the constructive development of the quality of the education 
system is particularly important. One of the algorithms that 
has been appreciated and recognized for its development of 
quality education is the Recommended System (RS), a fact 
that is evident from the many researchers who have given it 
attention [1, 3].  

Factors associated with educational institutions have 
received widespread consideration. Examples related to this 
research include the qualitative and quantitative study of 
Kocaeli University [6]. The event aims to study the deciding 
factors for students when choosing a university. A weakness is 
that the questionnaire and summary of research results only 
presented general statistics. This is similar to Dumitraşcu’s [7] 
work, which proposed the state, trends and focus of research 
regarding the factors that influence the decision-making 
process in choosing the university where a potential student 
would eventually study. Although these examples are 
interesting, more emphasis should be given to the employment 
of information technology and education engineering. The 
factors that are considered should include a reasonable balance 
between the students and the institution, which requires the 
use of specific tools to address weaknesses, as mentioned 
above. 

This paper is particularly interested in the Recommended 
System (RS) called Text Mining. Text mining can be defined 
broadly as a cognitive process in which users interact with a 
document [8-9]. Text mining attempts to extract useful 
information from data sources through the identification and 
exploration of patterns of interest [10]. However, the data 
sources are stored documents, in which interesting patterns are 
not found among the formalized database records, but instead 
represented as unstructured textual data. Employing the 
advantages of text mining, this paper uses the process to 
identify the factors that are interrelated and offer ways to 
discover such factors.  

III. RESEARCH METHODOLOGY 

There are four main processes of the research methodology 
in this paper, as shown in Fig. 2 which includes conducting a 
survey, extracting data, identifying critical factors, and 
measuring performance. The details of each process are 
explained in this section. 

 

Fig. 2. Research Methodology 

A. Conducting a Survey 

This phase involved the collection and compilation of data 
from a survey that employed questionnaires designed to gather 
opinions about the choice of institution. Examples of the 
questions asked in the survey included which factors were 
used to make a choice and instill confidence in an institution, 
as well as how to choose a university that met particular 
requirements. 

The dataset is comprised of information gathered from 256 
students at 2 universities, including the University of Phayao 
and Rajabhat Maha Sarakham University. The respondents 
were selected at random to complement the designed 
validation tools. The data obtained in this process was used for 
subsequent classification. 

B. Extracting Data 

In most cases, the data collected from a survey is 
unstructured. To be able to analyze what is happening on 
student attitudes, there must be a method for how to deal with 
the unstructured data. This paper examines and follows up on 
comments made on concerning the attitudes of students 
towards educational institutions. After gathering information 
from the questionnaires, the data was analyzed by means of 
text mining, including data preparation, transformation of 
data, and extraction of data [9, 11]. The details of each step are 
conveyed as follows: 

1) Data Preparation 
The process of text mining can be tracked from Miner’s 

[9] work, which can be adapted and applied to the process 
with CRISP-DM [11]. This procedure is also known as data 
preparation, which consists of five sub-processes including 1) 
select data with a rationale for inclusion or exclusion, 2) clean 
data, 3) construct data with derived attributes and generated 
records, 4) integrate data to combine and generate  new 
values, and 5) format data. After this progression is 
completed, the resultant information will be forwarded for 
entry into the modeling process. 

2) Transformation of Data 
Subsequent to the preparation of data, the result of 

formatting transformations, which means modifying the 
structure to provide meaningful and accurate information, a 
tool is needed for the modeling of data. Therefore, this process 
initiates modeling and accesses the patterns for evaluation of 
efficiency and effectiveness. This procedure is comprised of 
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four sub-processes, including 1) select modeling technique, 
which explains identification of critical factors, 2) generate 
test design, which describes measuring performance topics, 3) 
build the model, which administers  modeling tools to prepare 
and create the models, and 4) assess the model, which 
summarizes the results and tests the quality of generated 
models. 

3) Extraction of Data 
After the preparation and study tools, extraction is used as 

a method to find the critical factors that are important to 
students in choosing a university. This research was conducted 
to model and test that the results were satisfactory, which are 
presented in the results and discussion sections. 

C. Identifying Critical Factors  

This procedure consists of two stages, which contain two 
primary methods including a decision tree to determine which 
factors are important and feature selection to achieve the best 
possible performance.  

1) Decision Tree 
This practice is utilized to identify the factors that are 

interrelated and significant to the study by using decision tree 
methods, which is a popular classification tool in data mining 
techniques. A decision tree classifies instances by sorting them 
out from root node to leaf node and providing classifications 
[12]. Key components to the creation process [13] are Entropy 
to purity measure and Information Gain (IG), which are used 
to predict the target and ranking set of attributes. The formulae 
for entropy and information gain (IG) are shown as Equations 
(2) and (3), respectively. 

 

Entropy = –p1log2(p1) – p2log2(p2) … – pnlog2 (pn)          (2) 

Where pi is the probability of property i within the set, 
varying from pi = 0 when no members of the set to pi = 1 when 
all members of the set have property i.  

IG (parent, child) = entropy(parent) –  
[ p(c1) x entropy (c1) +  
  p(c2) x entropy (c2) +…    
  p(cn) x entropy (c2)] 



Where IG (parent, child) is a criteria that uses the entropy 
measure to consider the coherence of the attribute, which is 
significant, entropy (parent) is the entropy that all of the class, 
with entropy for each child (ci) being weighted by the 
proportion of instances belonging to that child, p(ci). 

2) Feature Selection with Wrapper Approach 
This step is exercised to validate and offer ways of how to 

identify the factors that are important. The goal of feature 
selection algorithms is to attain a minimum set of attributes. 
There are three types, including forward selection, backward 
elimination, and evolutionary selection. The concept of feature 
selection with wrapper approach is shown in Fig. 3. 

 

Fig. 3. The Wrapper Approach for Feature Selection [14]  

In supervised learning, feature selection algorithms are 
typically offered with a set of training instances, where each 
instance is described by the feature values and a class label. 
Meanwhile, testing instance is used to search for good 
accuracy. 

a) Forward Selection 

This is a sub-step of feature selection. Forward Selection 
(FS) is one of the more popular feature selection techniques 
for classification as the best accuracy. Concurrently, it can be 
used to reduce the risk of overfitting because of the extent of 
the search and the extensive use of internal cross-validation 
[15]. The Forward Selection (FS) step begins with an empty 
set of attributes. The best of the original attributes is 
determined and added to the set. At each subsequent iteration 
or step, the best of the remaining original attributes is added to 
the set. 

b) Backward Elimination 

The objective and results of Backward Elimination (BE) 
are similar to Forward Selection (FS), but in reverse. The 
Backward Elimination (BE) step begins with a full set of 
attributes. At each step, it removes the worst attribute 
remaining in the set. The advantages of the Backward 
Elimination (BE) process include faster and more accurate 
operation than Forward Selection (FS) [14]. 

c) Evolutionary Selection 

Backward Elimination (BE) and Forward Selection (FS) 
work with the qualifications and procedures for greedy 
algorithms. A greedy algorithm is a type of algorithm that will 
decide the outcome and accuracy that is best for it. In many 
issues, greedy algorithms are not the best solution. For this 
reason, Evolution Selection (ES) provides a viable alternative. 
The principle of Evolution Selection (ES) begins with a 
random feature, then works through the process for training 
and testing performance. The main objective is to recruit a 
powerful feature and a random selection of other features.  

D. Measuring Performance 

After constructing the model by Decision Tree and Feature 
Selection, the procedure of measuring performance is started. 
This process offers a way to measure the performance of the 
model and consists of three measurements, including 
accuracy, precision and recall. However, this process 
necessitates the partition of data into two parts, including a 
training dataset and testing dataset. Additionally, the data was 
tested with two validation techniques, including 10-fold and 
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leave-one-out cross validation. All three performance 
measurements were tested to identify the most suitable model 
for this paper.  

1) Accuracy Measurement  
Accuracy measurement is quantified to determine true and 

false predictions. The formula for accuracy measurement can 
be defined as Equation (4), as shown in Table I.  

TABLE I.  A CONFUSION MATRIX 

Predicted / Actual 
Predicted Class 

Yes No 

Yes True Positive (TP) False Positive  (FP) 

No False Negative (FN) True Negative (TN) 

Let TP be a number for True Positive and TN a number for 
True Negative. FP is a number of False Positive and FN is a 
number of False Negative. Table V shows the confusion 
matrix and provides the definitions for TP, TN, FP and FN.   

Accuracy = 
TP+TN 

TP+FP+FN+TN 
(4) 

2) Precision Measurement  
Precision measurement is a part of the forecast and the 

total numbers for prediction. The formula for precision 
measurement is shown as Equation (5).  

Precision  = 
True Positive 

True Positive + False Positive 
(5) 

3) Recall Measurement  
Recall measurement is the proportion of actual matches 

that have been classified correctly. It is also known as 
sensitivity, which is an assessment of how well the classifier 
can recognize positive samples. The formula for recall 
measurement is shown as Equation (6). 

Recall  = 
True Positive 

True Positive + False Negative 
(6) 

IV. RESULTS AND DISCUSSION 

Subsequent to the completion of the research methodology 
sections, this paper is prepared to present the results and 
discussion, which consists of three topics including 1) the 
results of the critical factors, 2) the results of model 
evaluation, and 3) the discussion of model evaluation. 

A. The Results of the Critical Factors 

This section presents the critical factors resulting from the 
text mining process. The results are composed of five factors, 
which are considered the most frequently mentioned from the 
survey. These factors include interest in studying, career path, 

institution, knowledge, and education system. The statistics 
referring to frequency are shown in Table II. 

TABLE II.  THE RESULTS OF CRITICAL FACTORS 

Critical Factors Number of records 

1. Interest in Studying 80 Records 

2. Career Path 64 Records 

3. Institution 54 Records 

4. Knowledge 33 Records 

5. Education System 21 Records 

 

B. The Results of Model Evaluation 

The model evaluation is used for cross validation of 
methods with 10-fold and leave-one-out tools. Moreover, this 
paper also tested the model for accuracy, precision, and recall 
measurements. The results showed that the second level of the 
decision tree is the most appropriate, which will be mentioned 
further in the next section. 

1) Performance for 10-fold cross validation 
Table III presents the results of testing performance with 

10-fold cross validation. It can be seen from the table that the 
accuracy displayed high performance. It can be concluded that 
the model with two depth levels is the most appropriate. 

TABLE III.  PERFORMANCE FOR 10-FOLD CROSS VALIDATION 

Accuracy Prediction 
True Positive 

(TP) 

False Positive  

(FP) 
Class 

Precision 

Accuracy: 

81.46% 

False Negative 

(FN) 
1 3 25.00% 

True Negative 

(TN) 
25 122 82.99% 

Class Recall 3.85% 97.60%  

 

2) Performance for leave-one-out cross validation  
The performance measurements of testing for leave-one-

out cross validation are shown in Table IV. As seen from the 
table, testing was highly accurate, which was similar to 
previous performance. 

TABLE IV.  PERFORMANCE FOR LEAVE-ONE-OUT CROSS VALIDATION 

Accuracy Prediction 
True Positive 

(TP) 

False Positive  

(FP) 

Class 

Precision 

Accuracy: 

80.79% 

False Negative 

(FN) 
0 3 0.00% 

True Negative 

(TN) 
26 122 82.43% 

Class Recall 0.00% 97.60%  

 

C. The Discussion of Model Evaluation 

From the overall procedure, it can be concluded that the 
model with two depth levels is the most appropriate for this 
paper, as shown in Fig. 4. The association rule of the model is 
shown in Table V.   

1) The model of Decision Tree 
Figure 4 illustrates the decision tree obtained from the 

appropriate model. The two basic factors that determine 
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whether or not students are interested in studying in university 
are based on the weight factor. 

 

Fig. 4. The Model of Decision Tree  

2) Association rules of the model 
From Figure 4, the association rules for students 

classifying the attitude to study in university can be 
constructed as the rules shown in Table V. 

TABLE V.  ASSOCIATION RULE OF THE MODEL 

Rule Association Rule 

Rule 1 
If the weight of attitude to the education system is equal or greater 

than 71.50% that students decide to study in the university. 

Rule 2 

If the weight of attitude to the education system is less than 71.50%, 

but the weight of interested to study is equal or greater than 59.40% 

that students decide to study in the university. 

Rule 3 

If the weight of attitude to the education system is less than 71.50%, 

and the weight of interested to study is less than 59.40% that students 

do not study in the university. 

V. CONCLUSION 

The objective of this paper was to identify the relationship 
between educational programs and students’ interests as well 
as the relevant factors that are significant to the relationship. 
Data collection was achieved by assembling information from 
256 students at the University of Phayao and Rajabhat Maha 
Sarakham University.  The results of analysis for the critical 
factors demonstrated that five factors were the most 
significant, including interest in studying, career path, 
institution, knowledge, and education system. Further, the 
results of the model evaluation showed that the second level of 
the decision tree is the most appropriate. 

The recommendations of this research are comprised of 
two main aspects. The first aspect is comprised of the factors 
that relate to the decision tree model. Only two factors lack 
sufficient strength. However, the results of this work could be 
beneficial for future research because this paper determined 
the factors that are important to students. The second aspect 
deals with the issue of text mining in the Thai language. There 
is also difficulty in separating words, which sometimes 
prevents clarity during extraction and is a separate significant 
factor. However, any future work should be focused on 
increasing the number of features to improve model accuracy 
and provide the most ideal methods for text mining with the 
Thai language. 
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