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Abstract: - The study of student decision-making behaviour holds immense importance in the realm of education
as it aids educators in comprehending students' learning patterns, preferences, and possible scholastic
achievements. Nevertheless, the majority of existing research on behavioural decision-making primarily examines
the influence of decision-making on students using questionnaires, disregarding the significance of technological
methods in forecasting decisions. This study presents a technique for forecasting student decision-making patterns
through the utilisation of machine learning techniques. This work utilises many machine learning techniques,
including k-nearest neighbour, decision trees, support vector machines, and linear regression, to develop
prediction models. These models are created by analysing students' historical data and attributes. The experimental
findings substantiate that the machine learning algorithms put forth have the capability to accurately forecast
student decision-making behaviour with a significant level of precision. The prediction outcomes can serve as
significant guidance for educators to design customised teaching approaches, thus enhancing students' academic
achievements and contentment.
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1. Introduction

With the continuous changes in society and the development of the educational environment, research on student
behaviour has gradually become an important issue of concern. Student decision-making behaviour encompasses
a wide range of factors, including learning habits, interests, and potential academic performance (Bresfelean,
2007). Analysis of these factors has a positive impact on understanding students' learning habits and improving
students' learning efficiency. Specifically, studying student behaviour can help us better understand their
motivations and preferences (Kénings et al., 2011). By delving into the reasons why students choose certain
behaviours over others, we can gain a better understanding of their needs and expectations, thus better meeting
their learning and developmental needs. Secondly, research on student behaviour can reveal various factors that
influence their decision-making (Moogan et al., 1999, Halabi & Hands, 2018). Understanding these factors, such
as personal values, social norms, peer influence, and family background, can assist educators and policymakers
in developing appropriate intervention measures to promote positive behaviour and provide support. Additionally,
studying student behaviour can help us identify the challenges and obstacles that students may face. By
understanding how students perceive and evaluate the risks associated with different behaviours, we can provide
them with the necessary support and guidance to make wise decisions (Wise & Jung, 2019). However, the majority
of studies simply takes into account how various behaviors affect students' academic achievement, without
considering the influence of students' different behavioural habits on their decision-making.
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Previously, researchers have mostly focused on predicting student performance by considering factors such as
their grades, personal attributes, and other assessments (Olivier et al., 2019). Various advanced technological
methods, such as recommendation algorithms, have been used in different learning platforms to anticipate
students' interest in courses and suggest relevant courses for them to learn (Luo et al., 2023). Nevertheless, there
is a lack of comprehensive analysis of student behavioural data, and it is equally imperative to understand the
fundamental elements associated with students' decision-making behaviour.

In this study, we propose a machine learning-based student behavior prediction method to address these issues.
To be more specific, (1) to addresses the limitations of traditional questionnaire-based methods by leveraging the
power of machine learning algorithms. By utilizing historical data and student features, various algorithms like
k-nearest neighbors, decision trees, support vector machines, and linear regression can be used to build predictive
models. These models can then anticipate student choices and inform educators about their learning habits,
interests, and potential academic performance. (2) To predict the impact of certain behavioral attributes of students
on learning outcomes in advance, we shift the research focus from the impact of behavioral attributes to outcome
prediction. Specifically, we go beyond simply studying the impact of student attributes on students, and instead
focus on developing tools to predict these decisions in advance. This proactive approach allows for targeted
interventions and personalized learning experiences to improve student learning outcomes. The purpose of this
study is to investigate how different machine learning techniques, including k-nearest neighbor, decision trees,
support vector machines, and linear regression, may be applied to predict students' decision-making behavior.
Through the use of these algorithms, teachers can create individualized lesson plans by learning more about the
preferences, habits, and possible difficulties of their pupils. Algorithms using machine learning have drawn a lot
of attention in the realm of education by evaluating pertinent aspects and historical data. Teachers can improve
student results and their teaching tactics by having a deeper understanding of and ability to predict student
behavior.

In conclusion, the purpose of this work is to contribute to the growing body of information concerning the
application of machine learning techniques to the prediction of the decision-making behaviour of students. By
utilising these algorithms, teachers will be able to improve their understanding of their students and their ability
to support them, which will ultimately lead to improved learning outcomes and experiences. Our main
contributions are summarized as follows:

« We first introduce different machine learning methods into the research of student behavior habit
prediction, and predict the results of student behavior habits through technical means.

« To verify the impact of different attributes on student behavioral habits, we can utilize various machine
learning algorithms for prediction and compare the predictive accuracy of different algorithms.

The following section of the paper is organised as follows: The second section of the study focuses on the analysis
of previous research on behaviour prediction. Section 3 will propose the methodology. Section 4 provides an
analysis of the conducted experiments and presents the corresponding findings. The conclusion is located in the
final section which is Section 5.

2. Relative Work
2.1 Student Behavior Analysis

Traditionally, understanding student behavior relied on questionnaires, observations, and performance data. While
valuable, these methods often lacked depth or relied on subjective interpretations. The rise of educational data
mining (EDM) (Dutt et al., 2017) and learning analytics has revolutionized the field by leveraging data from
learning platforms and student interactions (Romero & Ventura, 2020). Techniques like clustering and association
rule mining uncover hidden patterns, allowing educators to personalize learning, predict student struggles, and
provide timely support (Dol & Jawandhiya, 2023). Affective computing is further pushing boundaries by
analyzing emotions like boredom or engagement, promising even more targeted interventions and personalized
learning pathways (Wu et al., 2016). However, challenges like data privacy and algorithmic bias remain, calling
for ethical considerations and careful model development (Alani et al., 2018).
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2.2. Machine Learning Approach

Currently, a prominent field of study focuses on forecasting student achievement and involvement in digital
educational settings. Researchers (Viberg et al., 2020), (Xu et al., 2019), and (Sekeroglu et al., 2019) have started
investigating the application of machine learning algorithms, such as decision trees, support vector machines, and
Naive Bayes classifiers, to analyse patterns in student interaction data. Their aim is to identify the crucial factors
that influence academic success and offer timely interventions for students who are at risk (Aissaoui et al., 2019).
An instance of a supervised learning algorithm is the decision trees method described by Charbuty (Charbuty &
Abdulazeez, 2021). Decision tree classifiers are user-friendly and comprehensible. Decision trees are commonly
employed in data mining to examine and predict data. This model is beneficial for pupils' categorization. Song &
Liu (2015) conducted a study demonstrating the extensive utilisation of decision tree approaches in classification
and prediction. Utilising decision tree models offers numerous advantages in explaining research findings and
evaluating various decision tree methods, including CART, C4.5, CHAID, and QUEST.

Furthermore, Osisanwo presented a machine learning model based on learning strategies, motivation, views of
social support, socioeconomic variables, health issues, and academic performance aspects (F.Y etal., 2017). Using
this method, the study project predicted academic attainment and dropout rates. According to the study,
background information was most important in detecting dropouts, but learning tactics were the predictive factor
that had the most influence on predicting GPA.

These datasets will be used to build decision trees that predict students' learning behaviors. In 2009, a model
proposed by Petre that predicts students' academic achievement using machine learning classification methods
like k-nearest neighbour, logistic regression, logistic forests, nearest neighbor, support vector machines, and naive
bayes (Petre, 2009). It obtained a 70-75% accuracy rate. In order to predict students' overall performance, Ahmad
(Ahmad et al., 2015) used machine learning algorithms such as decision trees, logistic regression, support vector
machines (SVMs), artificial neural networks (ANNSs), and Naive Bayes classifiers. In order to forecast the
challenges that each student will encounter while studying, the writers conducted experiments.

3. Research Methodlogy

There are four primary stages in the process of building a model to anticipate how students will make decisions:
pre-processing, attribute extraction, the suggested approach, and evaluation. The overview of the research
methodology framework is represented as in Figure 1.
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Figure. 1. The research methodology framework.
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3.1 Pre-Processing and Attribute Extraction

The procedure of gathering data is the most crucial part of creating the model. Accurate predictions are ensured
by a full and thorough data collection. We used a Google form to administer a survey to University Putra Malaysia
undergraduate, graduate, and PhD students as part of our data collection phase. Ten factors and 421 samples from
kids with various educational backgrounds make up the data. The appropriate student behaviors were carefully
selected and constructed in Table 1 in order to provide reliable forecasts.

Table 1: Attribute Description and Possible Values

Variables Description Possible values
Gender Student Gender Male, Female
Age Students age From 17 to 41
AD Academic degree Bachelor, Master, PhD
ES Economic status Good, Medium
CS Courses status Online courses, )
Course cancellation
SMA Social media activities High, Medium
SL Stress Level Good, average, bad
IE Internship Experience Yes, no
. Optimistic, Pessimistic,
SB Students” behaviour Trpustworthy, Untrustworthy
DML Decision-Making Level Easy, average, hard

(Target Variable)

After that, the data pre-processing was done as it contained null and missing values which were then filled by the
most repetitive values in a CSV file dataset. In the pre-processing phase, Mean imputation, Z-score normalization,
and variable selection play crucial roles in optimizing the quality and relevance of the dataset for machine learning
applications (Kang & Tian, 2018). To address missing values, mean imputation tackles missing data by simply
plugging the average value of the existing data into the empty slots. Subsequently, Z-score normalization
standardizes numerical features, promoting uniformity and robustness to varying scales (Patro & sahu, 2015). The
incorporation of variable selection involves identifying and retaining the most influential variables through
techniques such as correlation analysis, feature importance assessment, and dimensionality reduction
(Chandrashekar & Sahin, 2014). This sequential approach enhances the dataset's predictive power by addressing
missing data, normalizing numerical features, and emphasizing the significance of relevant variables, culminating
in a refined dataset conducive to more accurate and efficient machine learning model training.

The resulting pre-processed student dataset is divided into a training and a test dataset using a 70:30 ratio, and
saved in CSV format afterwards. Of the total data, 70% is the training dataset and 30% is the test dataset.

3.2. The Proposed Method

Selecting algorithms that are accurate and efficient is necessary in order to forecast the best outcomes. These are
the algorithms that we have selected for this use:

A. Decision Tree (DT)

A decision tree is organized in a tree structure, with the uppermost level referred to as the root node. Each internal
node signifies a test on a specific attribute, while each branch denotes the output associated with that attribute.
Finally, each leaf node conveys information about the class or distribution of classes (K et al., 2010).
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Decision trees can deal with classification and regression problems (Loh, 2011). Classification problems mainly
refer to the target marked as category data, while regression problems mainly refer to the target marked as
continuity value. They use the recursive construction of prediction models to classify datasets and fit simple
models together.

Various well-known decision tree algorithms exist, including ID3, C4.5, LMT, and others. The ID3 algorithm,
pioneered by J. R. Quinlan in 1986, selects attributes based on the smallest entropy or the largest information gain
(Quinlan, 1986). To determine the root node, the algorithm iterates through all unused attributes, dividing the
chosen attribute into data subsets. This recursive process persists, with the algorithm continuing to recurse on each
subset until it reaches a point where further recursion is not possible.

The information entropy of the current sample set D is defined as the proportion PK of class K samplesin D :

Ent(D) = — X!, pk log, pk - @)

The discrete attribute "a" has V possible values {a', a?, ..., a’}, and the sample set with a value of a”on attribute
"a" is denoted as DV.

The "information gain" resulting from dividing the sample set D by attribute "a" is expressed as follows (2):

Gain(D,a) = Ent(D) — sz 2"l gt (DY) - @)

L ID]

The C4.5 algorithm, developed by J. R. Quinlan in 1992, enhances the accuracy of the ID3 algorithm by
introducing the information gain ratio (J.Ross Quinlan, 1993).

Information Gain Ratio is calculated from information gain and entropy. “C4.5, the most popular algorithm, is
used in the machine learning methods,” said by Hormann (Hormann, 1964). In the WEKA tool, the C4.5 algorithm
is implemented for constructing decision trees under the classifier name J48.

The C4.5 algorithm utilizes the information gain rate, as expressed in (3):

Gain(D,a)

Gain ratio (D, a) = @ 3)

The intrinsic value of attribute "a," denoted as IV(a), is represented as shown in (4):

Vv DY
wv@=-) Tl 7 (4)
LMT, which is a combination of logistic regression and decision tree learning, is a classification model.
LMT(Landwehr et al., 2003) is an associated supervised training algorithm. Because the leaves include linear
regression functions, it uses logistic regression instead of linear regression to build logistic regression models.
Reptree (Mohamed et al., 2012) is a rapid decision tree learner that constructs decision trees using information
gain as a partition criterion and applies error reduction pruning algorithms for tree pruning.

B. Support Vector Machines (SVM)

A supervised machine learning technique used for regression and classification problems is called Support Vector
Machines (SVM) (Kecman, 2005). It involves analysing data to construct a predictive model, enabling the
classification of new data points into distinct categories. Within SVM, the algorithm identifies an optimal
hyperplane to effectively separate data points belonging to different classes, striving to maximize the margin
between them (Brereton & Lloyd, 2010). This hyperplane acts as a decision boundary, partitioning the feature
space into regions corresponding to various classes. The objective is to locate the hyperplane that maximizes the
distance between itself and the nearest data points of each class, commonly referred to as support vectors.

SVM possesses the capability to address both linearly separable and non-linearly separable data through the
application of the kernel trick (Cossalter et al., 2011). By employing a kernel function, the input data is
transformed into a higher-dimensional feature space, simplifying the identification of a linear separation.
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Commonly used kernel functions encompass linear, polynomial, radial basis function (RBF), and sigmoid, as
outlined in the work by Girosi (Girosi et al., 1995).

SVM finds extensive application across diverse domains, including image recognition, text classification, and
behavior prediction (Salman & Kecman, 2012). However, it is crucial to emphasize that the efficacy of employing
SVM to predict student decision-making behavior hinges on the quality and relevance of the collected data,
coupled with the meticulous selection and optimization of the SVM model.

C. Linear Regression (LR)

Linear regression (Hsu, n.d.) is a statistical modeling technique employed to examine the connection between a
dependent variable and one or more independent variables. It presupposes a linear relationship among the
variables, positing that the dependent variable can be predicted based on the values of the independent variables
(Maulud & Abdulazeez, 2020).

In the context of linear regression, the objective is to identify the optimal-fitting line that minimizes the disparity
between the anticipated and actual values of the dependent variable (Uyanik & Giiler, 2013). This line is expressed
through the linear equation y = mx + b, where y denotes the dependent variable, x is the independent variable, m
represents the slope of the line, and b is the y-intercept (Twomey & Kroll, 2008).

In the process of linear regression, the estimation of slope and y-intercept values is carried out based on the
provided data (Green et al., 1994). Commonly employed in this procedure is a technique known as least squares,
which aims to minimize the sum of squared differences between the predicted and actual values.

Linear regression finds utility in a multitude of applications, including predicting forthcoming values of the
dependent variable, unravelling the relationships between variables, and discerning the influence of independent
variables on the dependent variable (Baroni, 2014). Its extensive applicability spans across diverse fields,
encompassing economics, finance, social sciences, and machine learning.

D. K-nearest Neighbour (KNN)

The K-nearest Neighbour (KNN) algorithm stands as a fundamental approach in both classification and regression
tasks (Cunningham & Delany, 2021). It is based on a simple idea: if the majority of a sample's k nearest neighbours
belong to a certain category, then it is likely that the sample belongs to that category (Kataria & Singh, 2013).

In the K-nearest Neighbour algorithm, the first step is to choose a suitable value for k, which determines how
many nearest neighbours to consider (Batista & Monard, 2002). Subsequently, to classify a sample, the distances
between it and all samples in the training set are computed. Common distance metrics, such as Euclidean distance
and Manhattan distance, are often utilized for this purpose (Hidayati & Hermawan, 2021). Following the distance
calculations, the k nearest samples to the sample being classified are selected based on their proximity. Finally,
by counting the number of samples in each category among the k nearest neighbours, the category of the sample
being classified is determined (Lubis et al., 2020).

The advantages of the K-nearest Neighbour algorithm are its simplicity, ease of implementation, and good
adaptability to nonlinear data (Sutton, 2012). However, it also has some drawbacks, such as lower efficiency in
handling high-dimensional data and large-scale datasets. The K-nearest Neighbour algorithm finds broad
applications in pattern recognition, data mining, machine learning, and especially in solving classification
problems.

4. Experiments and Results

For conducting experiments, the evaluation of decision-making predictions for student behavior relies on widely
used metrics, including Accuracy, Precision, Recall, and F1-Measure (Powers, 2020), which are based on
equations (5), (6), (7), and (8). These metrics help assess the effectiveness of the decision-making predictions.
The experiments also employ K-fold and percentage split methods (Rodriguez et al., 2010). Accuracy represents
the proportion of correctly calculated predictions out of the total predictions. Precision is the ratio of correctly
classified cases to the total number of misclassified and correctly classified cases. Recall is the ratio of correctly
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classified samples to the total number of unclassified instances and correctly classified cases. Additionally, the
F1-measure is utilized, combining both recall and precision.

TP+TN
Accu raCy=——————=— (5)
TP+FN+FP+TN
- TP
Precision = (6)
TP+FP
TP
Recall = ———— (7
TP+FN
Preci Recall
F1-Measure = 2 *M (8)
Precision+Recall

The accuracy, precision, recall and F1 measure of all the algorithms are summarized in Table 2.

Table 2: Performance Metrics

Model Accuracy Precision Recall F1-Measure
DT 0.836 0.835 0.843 0.841
SVM 0.808 0.783 0.833 0.831
LR 0.734 0.769 0.817 0.811
KNN 0.817 0.832 0.749 0.825

As shown in Table 2, it is clearly shown that Decision Tree (DT) gave the highest result, 83.6%, and Linear
Regression (LR) has the lowest accuracy, 73.4%. Compare the performance metrics with Precision, Recall and
F1-Measure, we also find the Decision Tree has the best results.

In this study, C4.5 algorithm has been used to build a decision tree model. C4.5 algorithm improves the
disadvantages of the ID3 algorithm. This algorithm selects and splits nodes based on measuring the maximum
information gain rate of attributes. During the measurement of the maximum information gain rate, we should
know the information entropy and information gain. Gain (D, Gender) =0.007 as the maximum information gain
can be obtained by calculation, so we can use gender as the root node. Figure 2 shows the decision tree construction
and also shows that the attributer of academic degree is the main impact effect on their decision-making
behaviours.
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Figure. 2. Decision tree construction.

Because decision trees have the best performance, typical decision tree algorithms such as J48, Reptree, LMT
were chosen to find the best DT algorithm to predict the student decision-making behaviour. The tool
WEKA(Neville, 1999) was used for data analysis and building of a predictive model. This is because WEKA is a
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free software, it has high portability by using the Java programming language and running on most of the
platforms. The data was created and loaded into WEKA explorer. In this study, we chose 10-fold cross-validation
and percentage split methods to evaluate the classification model. The algorithms of J48, Reptree and LMT are
used for classification. We have compared these three algorithms and the results are shown in Table 3 by using
the cross-validation method and Table 4. by using the percentage split method. The J48 algorithm has the best
results in these three different decision tree algorithms by using the 10-fold cross-validation method and the
percentage split method. Reptree and LMT have less accuracy in predicting the students’ behaviours.

Table 3: Different decision tree algorithms results using 10-fold cross validation

. Accuracy Time Correctly Incorrectly
Decision Tree . .
(%) (Sec) Instances instances
J48 83.61 0.05 352 69
Reptree 79.81 0.02 336 85
LMT 82.18 0.35 346 75

Table 4: Different decision tree algorithms results using percentage split method

Decision Tree AC((:;:;Cy ISISS ﬁ}i;;ifg Incorrectly instances
J48 86.01 0.05 123 20
Reptree 84.63 0.02 121 22
LMT 82.52 0.40 118 25

5. Conclusions

The research delves into students' decision-making behavior and analyzes the impact of extracted behaviors on
their decision-making processes. Four classification algorithms DT, SVM, LR, and KNN were comparatively
analyzed using the WEKA tool. The study aimed to gain insights into student behavior, categorizing decision-
making levels into Easy, Average, and Hard. Extensive experiments on the collected datasets affirmed the
superiority of the Decision Tree method in prediction, outperforming various machine learning methods. Among
the algorithms tested, J48 demonstrated the highest classification accuracy compared to Reptree and LMT. The
academic degree attribute was identified as a significant factor influencing decision-making behaviors. Future
work intends to extend the study by comparing deep learning methods with machine learning methods to predict
students' decision-making behaviors.
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