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Abstract

Students' stress often impedes their advancement in programming, which demands logical reasoning,
an understanding of algorithms, and a firm grasp of basic concepts. This research intends to pinpoint
the elements that affect students' programming abilities, explore their connection to stress levels, and
assess the effectiveness of the Random Forest and C4.5 algorithms in classifying data. Information was
gathered through an online questionnaire involving 744 students in 2024 at various leading universities
in Islamabad, Pakistan. The dataset used in this study was sourced from Kaggle, which provides insights
into factors affecting students' programming performance and stress levels. The analysis utilized a
Confusion Matrix and evaluation metrics like accuracy, precision, recall, and F1-Score. The analysis
results indicate that the C4.5 algorithm has a higher accuracy of 68.04% compared to Random Forest,
which achieved 65.54%. Additionally, C4.5 outperforms Random Forest in terms of precision, scoring
71.7% versus 65.2%. However, in terms of recall, Random Forest performs better with a score of 66.3%,
while C4.5 only reaches 59.6%. This study confirms that interest in programming, debugging skills,
mathematical and analytical abilities, and perceptions of programming significantly impact students'
performance and stress levels. Students with strong logical abilities and adequate support demonstrate
better performance and lower stress levels, whereas those with weak technical skills and negative
perceptions are more vulnerable to stress, which adversely affects their performance. These findings
emphasize the importance of creating a positive learning environment through interactive methods,
structured problem-solving, and additional support.
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1. Introduction

In the digital era, programming skills have
emerged as a primary competency essential across
various industrial sectors, including data analysis,
process automation, and technology-based
application development [1], [2]. Programming is
becoming a fundamental skill akin to reading and
writing, with projections indicating a 90% increase
in demand for advanced programming skills
between 2016 and 2030 [3]. Universities and
institutions are crucial in bridging the gap between
academic education and industry needs by aligning
programming curricula with professional standards
[4]. This includes teaching algorithmic thinking
and computational skills, which form the
foundation of programming [5]. Despite the
growing urgency to master programming, learning
it poses unique student challenges. One of the
primary challenges is the psychological pressure
experienced during the learning process,
commonly known as coding stress [6]. Students
often struggle to understand programming
concepts, logical thinking, and syntax usage [7].
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Academic pressure can result in a decrease in
academic performance, as it influences students'
motivation. This situation arises from the excessive
expectations placed on students, which can impede
their academic success [8], [9]. Coding stress is
important because it affects students' learning
experiences and academic achievements. Studies
on brain activity indicate that students endure
considerable mental strain while engaging in
programming tasks, although this stress is not
always directly correlated with their grades or
outcomes [10]. Elements like learning styles,
mindsets, emotions, and task difficulty also shape
students' learning experiences and performance in
coding endeavors [11]. Emotions are vital in
mastering intricate tasks like programming.
Negative feelings, such as confusion, boredom, and
frustration, can adversely impact learning
outcomes in the short and long term [12].

On the other hand, positive feelings such as joy
and enthusiasm can significantly improve attitudes
towards programming and accelerate knowledge
acquisition [13]. The intensity of stress can
fluctuate considerably based on the cognitive
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demands of the task. In programming, tasks with
greater complexity can provoke higher stress
levels, influencing performance [14]. Programmers
frequently encounter high levels of job-related
stress, displaying symptoms such as fatigue,
tension, and a diminished capacity to handle
pressure [15].

Programming anxiety can be a considerable
challenge due to various factors, including
insufficient prior experience, heavy workloads, and
the intrinsic difficulties associated with coding
tasks [16]. Learning environments, socio-
psychological influences, physical conditions, and
cognitive capacities have been recognized as
significant factors contributing to stress in
educational settings [17]. To promote learning
effectiveness and alleviate stress, educational
institutions must consider these aspects when
developing learning environments. Furthermore, it
is essential to comprehend how anxiety impacts
programming education, as it can hinder students'
ability to tackle challenges and potentially result in
elevated failure rates in computer science programs
[16]. Consequently, recognizing and addressing
coding stress is critical to enhancing educational
success in programming.

In recent years, initiatives aimed at
understanding coding stress and its implications for
programming education have captured the interest
of researchers. Multiple strategies have been
employed to identify and assess the levels of stress
experienced by students; however, research
examining stress analysis during the programming
learning process remains limited. The most
prevalent methods used include psychological
surveys, interviews, and various qualitative
approaches to investigate individuals' subjective
experiences. Although these techniques are useful
for gaining insights into students' emotional states,
they exhibit notable drawbacks. Traditional pre-
and-post surveys might overlook fluctuations in
students' emotions over time, which could result in
an inaccurate depiction of anxiety levels [18]. The
Experience Sampling Method (ESM) provides a
more detailed approach by capturing real-time
emotional changes, offering improved predictive
potential for academic outcomes [18]. The
widespread reliance on student surveys raises
concerns about the reliability and validity of data
in decision-making processes [19]. To overcome
these shortcomings, researchers should consider
adopting diverse methods, including advanced
technologies, to obtain a more thorough
understanding of students' emotional and
psychological experiences [19], [20].

One rising concern is the insufficient
integration of stress assessment with direct analysis
of programming abilities. Current research often

differentiates stress evaluation from programming
performance measurement, creating obstacles in
identifying correlations between the two. Certain
studies have examined methods to assess cognitive
load and stress in software development employing
modern technologies. For example, EEG has
become a favored technique for observing
cognitive load during coding tasks [21]. Moreover,
wearable devices have been utilized to measure
stress in practical programming situations,
effectively differentiating between high-stress
instances and relaxed moments [22]. Nevertheless,
most research segregates stress evaluation from
programming skills assessment [23].
Consequently, the outcomes frequently vary
among individuals, complicating the effort to
develop universally applicable models. The
incorporation of data science and machine learning
methods in this area remains limited despite their
considerable potential to offer more objective and
precise insights [24]. Therefore, this study intends
to address this gap by employing advanced
analytical algorithms to comprehend the intricate
relationship  between coding stress and
programming performance.

This study suggests a machine learning-driven
methodology utilizing Random Forest and C4.5
algorithms to tackle the identified issues. These
algorithms were chosen for their exceptional
capabilities in analyzing complex datasets and
recognizing significant patterns quantitatively.
Random Forest is a well-known ensemble learning
method noted for its reliability in processing large
datasets with many variables. It demonstrates
improved predictive performance for first-year
computational science classes compared to
traditional Decision Tree algorithms [25]. This
algorithm performs thorough analysis by
aggregating outputs from several decision trees,
resulting in more accurate and less biased
predictions. Random Forest excels at managing
extensive datasets with numerous variables,
employing feature selection techniques such as
varlmp(), Boruta, and Recursive Feature
Elimination (RFE) [26]. Recent research has
examined Random Forest's effectiveness in
predicting students' stress levels. These models
incorporate various elements, such as sleep quality,
depression rates, academic achievement, and
involvement in extracurricular activities, to gauge
stress levels among students [27]. Random Forest
has shown remarkable accuracy, achieving 95%
[27] and 94.73% [28]. In this research, Random
Forest is used to identify crucial factors that affect
coding stress and students' programming
performance and evaluate the significance of the
relationships among these variables.

Conversely, the C4.5 algorithm was selected for
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its capacity to produce easily understandable
decision trees. This algorithm also offers a
substantial theoretical basis to ascertain the most
effective methods for practical applications [29].
The benefits of C4.5 include its capability to
manage categorical data, resolve overfitting
challenges, handle datasets with missing values,
and perform better than the ID3 algorithm, even
when dealing with an equal number of attributes
[30]. The algorithm furnishes analytical results and
straightforwardly presents models, easing the
interpretation of research conclusions. C4.5 has
been employed in various educational settings to
analyze and visualize trends in student data. It has
been utilized to illustrate patterns in student
admissions to engineering and computer science
programs by forming decision trees based on
factors like test scores and interviews [31]. The
algorithm has also been used to depict the
evolution of programming skills by evaluating
students' source code over time [32]. The C4.5
classification algorithm has shown its ability to
forecast student performance with an accuracy rate
of 71.9%, providing notable advantages for
students, educators, and academic institutions in
enhancing understanding and improving academic
outcomes [33]. By using C4.5, this study seeks to
visually represent the connection between coding
stress levels and programming skills in a more
transparent and more informative manner.

Both algorithms have effectively revealed
connections between complex variables and
academic results across different educational
settings. Utilizing these methods to analyze
educational data helps researchers identify patterns
that traditional techniques, such as descriptive
statistics or linear regression, may overlook due to
their inability to handle intricate variable
interactions. This research offers insights into the
impact of coding-related stress on students'
programming skills while proposing strategies to
enhance learning outcomes. It also addresses a gap
in the existing literature concerning the
quantitative assessment of stress, employing
machine learning algorithms like Random Forest
and C4.5 to analyze complex datasets objectively.
The results pave the way for future research,
including examining additional factors that affect
programming abilities or creating predictive tools
for early detection of academic risks, ultimately
enhancing the quality of programming education
across various educational levels and professional
training programs.

2. Research Method

This research was conducted through several
structured stages to achieve the main objective,

which is to analyze the relationship between coding
stress and students programming abilities using the
Random Forest and C4.5 algorithms. This
approach was designed to ensure that each research
step is carried out systematically and supported by
a valid scientific framework. The stages of this
research are explained as follows, as illustrated in
Figure 1.
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Figure 1. Research stage.

Identification of Problem

In the initial stage of problem identification,
this study focuses on the phenomenon of coding
stress experienced by students and its impact on
their programming abilities. Coding stress is
defined as a psychological condition characterized
by anxiety, confusion, and uncertainty when
dealing with programming tasks. This condition
can hinder logical thinking, reduce concentration,
and impair the ability to effectively comprehend
and solve complex programming problems.

This research explicitly explores how coding
stress relates to several key factors that shape
students’ programming skills. These factors
include proficiency in programming languages,
debugging capabilities, understanding fundamental
programming concepts, and psychological aspects
such as learning motivation and coding-related
anxiety. By examining the interrelationships
among these variables, the study aims to determine
how coding stress contributes to either the
deterioration or improvement of students’
programming performance.

As part of the problem identification process, a
literature review was conducted to identify gaps in
existing measurement approaches, particularly in
assessing stress levels and their effects on
programming performance. Many previous studies
have not measured the effects of coding stress
quantitatively while considering relevant variables.
Therefore, this research seeks to address that gap
through a data-driven approach.

The dataset employed in this study comprises
various variables directly related to students’
programming capabilities. These include the
programming languages they have mastered, levels
of debugging skills, understanding of basic
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programming principles, and their learning
motivation. In addition, variables such as coding
anxiety, frequency of practice, task difficulty,
perceptions of teaching quality, and the availability
of additional support are also considered. These
elements are interrelated and will be
comprehensively analyzed to demonstrate the
significant impact of coding stress on students’
programming performance. By gaining deeper
insight into these relationships, the findings of this
study are expected to contribute to the development
of more effective and psychologically responsive
programming education strategies.

Literature Review

The literature review in this study is structured
to deepen the understanding of the phenomenon of
coding stress experienced by students and its
relationship with their programming abilities.
Coding stress often arises from the pressure to
complete assignments within tight deadlines,
difficulties understanding abstract programming
concepts, and the fear of failure in writing or
executing programs. These situations can trigger
feelings of anxiety, frustration, and a loss of
motivation to learn, particularly among novice
students.

Several previous studies have shown that high
levels of anxiety can disrupt students’ logical
thinking, problem-solving skills, and accuracy in
writing and debugging code. This condition
directly affects academic performance, learning
quality, and the achievement of learning outcomes
in programming courses. However, despite the
growing body of research highlighting stress in
educational settings, quantitative approaches
remain lacking that specifically connect stress
levels to students’ programming performance
comprehensively.

In this study, the literature review also
highlights the importance of applying machine
learning algorithms as a novel approach to
analyzing the relationship between stress and
programming abilities. Two algorithms
emphasized in this study are Random Forest and
C4.5, which fall under decision tree-based
classification methods.

The Random Forest algorithm is an ensemble
learning technique that generates multiple decision
trees from different subsets of the data. Then, it
combines their outputs to obtain more accurate and
stable predictions. This algorithm is well-suited for
handling datasets with numerous interrelated
variables, such as students’ psychological and
academic factors. With its ability to reduce
overfitting, Random Forest is a reliable tool for

evaluating complex patterns between stress and
programming performance.

On the other hand, the C4.5 algorithm is one of
the most widely used decision tree algorithms in
predictive model development. C4.5 divides the
data based on the most informative attribute values
using the gain ratio and constructs a tree structure
capable of mapping stress-related variables into
specific performance categories. Through this
model, researchers can gain more precise insights
into which factors most significantly influence
students’ programming performance.

Data Collection

This study utilizes a dataset from the open-
source Kaggle repository titled "Behavioral
Analysis of Programming Students" [34]. The
dataset was developed through a survey distributed
to various leading universities in Islamabad,
Pakistan, to identify factors contributing to weak
programming skills among computing students.
Additionally, this study explores psychological and
social aspects that influence learning outcomes,
such as social comparison, jealousy, anxiety, and
stress.

The survey involved 744 students from various
undergraduate and postgraduate programs in
computing, providing a diverse overview of
academic  backgrounds and  programming
proficiency levels. The respondents in this dataset
come from 12 identified universities, namely Air
University, FAST University, Bahria University,
Fatima Jinnah Women University, FUUAST
(Federal Urdu University of Arts, Science &
Technology) Islamabad, Hamdard University
Islamabad, Quaid-i-Azam University (QAU),
COMSATS University, Islamic International
University  Islamabad  (IIUI),  Foundation
University, NUST (National University of
Sciences and Technology), and NUML (National
University of Modern Languages).

Additionally, the respondents are enrolled in
various undergraduate and master's programs,
particularly in technology, data, and engineering
fields, such as BS Al (Artificial Intelligence), BS
DS (Data Science), BS CS (Computer Science), BS
IT (Information Technology), BS SE (Software
Engineering), BS CYS (Cybersecurity), BS CGD
(Computer Game Development), BS CE
(Computer Engineering), BS EE (Electrical
Engineering), and the master's program MS DS
(Master of Science in Data Science). Regarding
the semester distribution recorded in the dataset,
most students are in the third semester, followed by
the fifth and first semesters with significant
numbers. Meanwhile, students in the seventh
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Table 1. Behavioral analysis of programming students dataset.

Variable Name Description Type
Proficient Language Primary programming language mastered. Object
Extra Challenges Participation in additional coding challenges. Object
Learning New Concepts Methods for learning new programming Object

concepts.
Memorize Solutions Tendency to memorize solutions. Object
Debugging Skill Ability to fix coding errors. Float
Problem Identification Capability to identify programming issues. Float
Logic Building Skill in constructing programming logic. Float
Syntax Memory Ability to recall programming syntax. Float
Coding Interest Interest in programming. Float
Career Importance Relevance of coding to career goals. Int
Dry Running Skills Manual code execution to identify bugs. Float
Hard Coding Skills Advanced coding abilities. Float
Math and Analytical Skills Proﬁciency in math and analytical problem- Float

solving.
Logical Puzzles Skill in solving logical puzzles. Float
Programming Fundamentals Understanding basic programming concepts. Float
OOP Proficiency Competence in Object-Oriented Programming Float

(OOP).
Database Proficiency Expertise in databases. Float
Data Structures Proficiency Knowledge of data structures. Float
Algorithm Proficiency Skill in designing and using algorithms. Float
Coding Challenges Experience in solving coding challenges. Object
Problem-Solving Approach Approach to solving programming problems. Object
Coding Anxiety Anxiety experienced during coding. Object
Practice Frequency Frequency of coding practice. Object
Extra Learning Learning outside academic materials. Object
Assignment Difficulty Perceived difficulty of coding assignments. Object
Assignment Solutions Approach to completing coding assignments. Object
Copy-Paste Shame Embarrassment about copying solutions. Object
Coding Perception Perception of coding activities. Object
Extra Help Frequency of seeking additional help. Object
More Practice Requests Need for additional coding practice. Object
Mood Impact Impact of coding on mood. Object
Learning Style Preferred style of learning programming. Object
Motivation Motivation for learning programming. Object
Instructor Delivery Assessment of instructors' delivery of material. ~ Object
Exam Preparation Methods for preparing for coding exams. Object
Procrastination Habit of delaying coding tasks. Object
Difficult Problem Action Strategies for tackling difficult problems. Object
Problem Approach Strategies for initiating problem-solving. Object
External Factors External factors influencing coding. Object
Skill Improvement Belief Belief in the ability to improve coding skills. Object
Extra Projects Involvement in additional projects. Object
Coding Stress Level of stress experienced during coding. Object
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semester appear in smaller numbers, and those in
the second, fourth, sixth, and eighth semesters have
relatively lower distributions than others. An
overview of significant dataset variables is
provided in Table 1.

The dataset used in this study consists of 59
initial features covering various aspects related to
students' programming abilities and psychological
factors. After the feature selection process, 43
features were selected for further analysis, while
the remaining 16 were excluded. The feature
selection was conducted carefully, considering
their relevance to the research objective, which is
to analyze the impact of stress on students'
programming abilities.

Data Preprocessing

In the data preprocessing phase, the initial step
is data cleaning to ensure the dataset is high quality
and prepared for analysis. Data cleaning involves

identifying and managing irrelevant or duplicate
data, which can interfere with the analysis process
and diminish model accuracy. The effectiveness of
machine learning models is significantly
influenced by data cleaning, with various impacts
on classification tasks based on the cleaning
technique and the data inaccuracies present.
Moreover, missing data is a prevalent challenge in
datasets that must be meticulously addressed.
There are several methods to tackle missing data,
such as imputing values using the mean, median,
or mode for numerical variables or employing
other strategies suited to the nature of the missing
data, such as deleting particular rows or columns if
the absence of data is substantial.

The subsequent step is normalization once the
missing data has been dealt with. Normalization
aims to standardize the scale of variables with
varying value ranges. This process enhances the
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accuracy of classification and the quality of
clustering outcomes [35]. It is vital to ensure that
machine learning algorithms, such as Random
Forest and C4.5, function effectively without being
impacted by variations in feature scales. After
completing these preprocessing tasks, the dataset
that has been cleaned, normalized, and encoded
will be prepared for analysis using the Random
Forest and C4.5 algorithms. The dataset used in this
research initially experienced class imbalance,
particularly in the distribution of student stress
levels, where there was a significant difference in
the amount of data between the low, moderate, and
high-stress categories. This imbalance can cause
machine learning models to learn biased patterns,
tending to predict the majority class more
accurately than the minority class. To address this
issue, this study applies to the Synthetic Minority
Over-sampling Technique (SMOTE). This creates
a new sample through linear interpolation between
minority class examples and their K nearest
neighbors [36]. This method balances the class
distribution and improves the model's ability to
recognize patterns from previously
underrepresented groups.

Implementation

In the implementation phase, once the data has
been adequately prepared and preprocessed, the
next stage is to apply machine learning algorithms
to examine the connection between coding stress
levels and students' programming  skills.
RapidMiner is a powerful and trustworthy tool for
machine learning analysis, presenting several
benefits over other platforms like Python. Research
indicates that RapidMiner excels in accuracy and
efficiency in execution time for supervised
learning algorithms, such as Decision Trees,
Support Vector Machines, and Neural Networks
[37]. Additionally, RapidMiner has shown itself to
be optimal for various classification tasks, with
algorithms like Random Forest and ID3 achieving
high accuracy rates, even in scenarios such as
airplane-type classification [38]. Another notable
benefit is RapidMiner's automated modeling
capability, which is advantageous for various
business intelligence applications, especially in
price prediction [39].

For the analysis in this study, two algorithms
are utilized: Random Forest and C4.5. Random
Forest is a collective algorithm combining multiple
decision trees to improve prediction accuracy. Each
decision tree is created by selecting random subsets
of features and training data, resulting in a more
robust model and reducing the risk of overfitting.
Predictions are generated by taking a majority vote
from all the trees in the forest to determine the final
result. The foundational formula for forming a

decision tree in Random Forest is demonstrated in
Formula 1.

[si [si]

Entropy (S) = —Zfzi = log, (E @)

In this formula, § denotes the entire dataset
being analyzed, and k represents the number of
classes or categories within S. Each S; is a subset
of § that belongs to a specific class, and %
indicates the proportion of data in that class. This
entropy measure evaluates the level of disorder or
uncertainty in the dataset before it is split by the
decision tree.

The C4.5 algorithm, another decision tree
method, constructs trees by selecting attributes that
yield the highest information gain ratio at each
step. C4.5 can effectively handle both categorical
and numerical data. Like Random Forest, the
process begins by calculating entropy to assess the
diversity in the dataset. The entropy formula used
in C4.5 maintains the same structure as that
employed in Random Forest, shown in Formula 2.

Isil Isil
Entropy (5) = — Xj-; S+ log, ) (@)

Here, n denotes the number of partitions or
subsets formed based on a specific attribute. Each

fraction % represents the proportion of instances

in the i — th partition. This measure is essential for
understanding the variation within data segments.
Once entropy is calculated, the gain value for each
attribute is determined using formula 3.

Gain (S, A) = Entropy(S) — % B, Entropy (S) (3)

n
=1 |s|

In this equation, 4 refers to the attribute being
evaluated, Si represents the subset of S resulting

from splitting based on attribute A, and %

indicates the proportion of instances in that subset.
The gain value reflects the reduction in entropy
achieved by partitioning the data using a particular
attribute. The attribute with the highest gain is
selected as the root node, and the process is
repeated recursively to construct an optimal
decision tree for classification.

Evaluation

During the evaluation phase, the models
produced from applying the Random Forest and
C4.5 algorithms will be assessed to evaluate their
effectiveness in predicting the correlation between
coding stress and students' programming skills.
Implementing sound model evaluation practices,
model selection, and algorithm selection methods
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is essential to guarantee the accuracy and
dependability of machine learning models [40].
Several performance metrics, including accuracy,
precision, recall, and Fl-score, will be key
indicators to evaluate the effectiveness of the
classification model. Accuracy measures how
frequently the model produces correct predictions
compared to the total number of predictions made,
as illustrated in Formula 4.

TP+TN

accuracy = ——————
y TP+FP+FN+TN

“

Precision assesses the proportion of correct
optimistic predictions the model makes against the
total positive predictions it generates. This metric
is significant for evaluating the model's capacity to
minimize errors Wwhen generating positive
outcomes, as defined in Formula 5.

TP
TP+FP (5)

precision =

Recall gauges the model's capability to identify
all positive cases within the dataset. This is vital to
ensure that no positive cases that need to be
recognized are overlooked, as stated in Formula 6.

TP
TP+FN (©)
The F1-score represents the harmonic mean of

precision and recall, balancing the two. This metric
is particularly valuable in scenarios where there is
an imbalance between the quantity of positive and
negative data points, as defined by Formula 7.
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True Positive (TP), True Negative (TN), False
Positive (FP), and False Negative (FN) are
essential metrics in evaluating the performance of
predictive models. A True Positive occurs when the
model correctly predicts a positive outcome, while
a True Negative refers to a correct prediction of a
negative outcome. In contrast, a False Positive
happens when the model incorrectly predicts a
positive result for a negative case, and a False
Negative occurs when the model predicts a
negative result for a case that is positive. These
metrics are crucial for assessing the accuracy and
overall effectiveness of a classification model.

3. Result and Analysis

In this investigation, data analysis was
performed utilizing the Random Forest and C4.5
algorithms, executed through RapidMiner
software. The analytical procedure commenced
with a data preprocessing phase involving
cleaning, normalization, and transformation to
meet the analysis standards. Subsequently, the
prepared data was divided into two primary
subsets: training data (80%) and testing data (20%)
[41]. This ratio was selected to ensure that the
model had ample data for training while retaining
enough for a fair assessment of its performance.
During the execution phase, a systematic workflow
was developed in RapidMiner to delineate each
stage of the analysis process. Figure 2 shows the
process from preprocessing to model evaluation.

cas
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v
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v s }
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Figure 2. Design process for calculation in RapidMiner using Random Forest and C4.5 algorithms.

The approach taken with the Random Forest
algorithm offers a thorough understanding of the
patterns within the analyzed data. This algorithm
employs a combination of multiple decision trees
to uncover the relationships between coding stress

levels and various factors impacting students'
programming competencies. The visual depiction
of the results from this analysis is shown in Figure
3.
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Figure 3. Decision tree model generated using the Random Forest algorithm.

According to Figure 3, the results of the
analysis using the Random Forest algorithm in this
study indicate that stress during coding activities
significantly affects students' programming skills.
The stress experienced during the learning process
of programming not only impacts students'
psychological aspects but also influences their
problem-solving patterns, debugging abilities, and
confidence in completing programming tasks.
Based on the decision tree generated, it was found
that interest in coding (Coding Interest) serves as
the initial factor that differentiates students with
high and low programming skills. Students
interested in coding are more likely to develop their
programming skills. In contrast, those with low
interest tend to experience stress more easily when
facing challenges in the coding process.

The second factor identified in this analysis is
debugging skills. Students with debugging skills
higher than 1.5 tend to cope better with stress than
those with lower debugging skills. This finding
suggests that debugging skills are essential for
identifying and fixing errors in code but also play
a role in reducing anxiety caused by uncertainties
during programming. Adequate debugging skills
give students greater confidence  when
encountering errors or bugs, thus reducing mental
pressure compared to students with lower
debugging abilities. Additionally, mathematical
and analytical skills (Math and Analytical Skills)
are crucial in determining students' stress levels.
Students with mathematical and analytical skills
above 1.5 tend to have better problem-solving
abilities. In this context, analytical skills help
students break down problems into smaller, more
manageable parts, thereby reducing stress arising
from the complexity of programming tasks.
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Conversely, students with lower mathematical
skills are more prone to stress due to difficulties in
understanding logical patterns and code structures.

Perception of coding (Coding Perception)
emerges as a direct indicator of students' stress
levels. Students who perceive coding as enjoyable
tend to have better programming abilities than
those with a neutral perception or those who find
coding stressful. Students who enjoy coding are
more inclined to use logic-based problem-solving
strategies and engage in peer discussions.
Meanwhile, students who view coding as stressful
are likelier to adopt less effective problem-solving
strategies, such as copying code from Al or peers
without understanding the underlying concepts.
Stress during coding is also reflected in the
problem-solving strategies chosen by students.
Stressed students tend to adopt a "Start coding
immediately and adjust as you go" approach, where
they begin writing code without proper planning.
This pattern indicates time pressure or anxiety that
drives students to produce output quickly without
considering the structure and conceptual
understanding of the program. In the long run, this
strategy exacerbates stress by increasing the
likelihood of coding errors and prolonging the
debugging process.

Beyond internal student factors, this analysis
also highlights the importance of instructional
delivery (Instructor Delivery). Students who
perceive the instructional delivery as ineffective
are more susceptible to stress, as evidenced by an
increased tendency to copy assignments from peers
or external sources without a deep understanding.
On the other hand, students who are satisfied with
the instructional delivery exhibit greater
confidence in completing programming tasks
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independently. This finding underscores the
importance of interactive, clear, and contextually
relevant teaching approaches to help reduce
students' stress levels. Additional support (Extra
Help) in learning programming is also found to be
closely related to stress levels. Students who
receive supplementary assistance are generally
better at overcoming challenges encountered
during coding. This support may include additional
explanations from lecturers or teaching assistants,
peer discussions, or the use of relevant learning
resources. In contrast, students without additional
support tend to experience higher stress levels,
particularly when facing complex problems that
require in-depth understanding.

Problem-solving abilities related to proficiency
in data structures also reduce students' stress levels.
Students with good data structure knowledge find
navigating and comprehending their code easier.
The study revealed that students with data structure
skills above 2.5 are less likely to experience stress
than those with lower skills. Complex data
structures often become a source of stress,
especially when students encounter algorithmic
and code efficiency issues.

Lastly, the analysis indicates that students with

low coding interests (Coding Interest < 1.5) tend to

Logical Puzzles

>1.500

Logic Building

>1.500

Syntax Memory
>2.500

I become anxious.
and avoid coding
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experience higher stress levels and demonstrate
lower  programming performance. This
phenomenon can be attributed to low interest and
factors such as reduced learning motivation,
difficulties grasping fundamental concepts, and
unpreparedness to face programming challenges.
Therefore, increasing students' interest in
programming through engaging and practical
learning approaches is crucial in mitigating stress
and enhancing programming skills. Overall, the
findings of this study illustrate that stress in
programming education is not merely a
psychological issue but is closely related to
technical factors such as debugging skills,
problem-solving strategies, and data structure
proficiency. Learning approaches that emphasize a
strong conceptual foundation, provide adequate
support, and foster a conducive learning
environment can significantly help reduce students'
stress levels and improve their programming skills.

The results from the analysis utilizing the C4.5
algorithm provide detailed insights into the
patterns found in the examined data. This
algorithm produces a decision tree demonstrating
the relationships among independent variables,
including coding stress levels and other aspects, as
depicted in Figure 4.

<1.500

£1.500

Coding Anxiety

yes

It motivates
me to try harder

Mood Impact
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Figure 4. Decision tree model generated using the C4.5 algorithm, which illustrates the decision-making process by splitting the

dataset into branches based on the most relevant attributes.

Figure 4 showcases the Decision Tree C4.5
modeling results in this analysis reveal various
factors influencing programming-related stress,
particularly concerning logic, syntax memory, and
coding anxiety. The generated decision tree
structure maps the relationships between variables

with specific rules that provide in-depth insights
into the patterns formed. At the first level, the
factor "Logical Puzzles," with a threshold of 1.500,
serves as the initial determinant. If the score in this
aspect exceeds 1.500, programmers have a lower
potential for stress, especially when accompanied
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by a high score in "Logic Building." Well-
developed logical skills lay the foundation for
addressing programming challenges. If "Logic
Building" exceeds 1.500 and is not accompanied
by coding anxiety (Coding Anxiety = No), "Syntax
Memory" becomes the next critical factor.

Syntax memory, with a threshold of 2.500,
assesses how well a programmer can recall and
apply programming syntax rules. When this score
is high, combined with a firm grasp of
programming fundamentals, the next determining
factor is "Instructor Delivery." Suppose the
instructor's delivery is perceived as unhelpful. In
that case, programmers become more prone to
stress unless they participate in additional projects
(Extra Projects) and actively engage in logic- and
algorithm-related coding challenges. However, if
programmers exhibit "Coding Anxiety" with a
"Yes" response, the "Mood Impact" factor becomes
the next indicator. Mood influences programming
stress by avoiding programming, feeling frustrated,
staying calm, and trying again to feel motivated to
persist. Programmers who avoid programming
often experience poor "Instructor Delivery" and
rely more on peer-based learning. Conversely,
those who remain calm or motivated tend to have
higher "Problem Identification" skills, supported
by sufficient mathematical and analytical abilities.

Furthermore, basic programming skills (Hard
Coding Skills) and object-oriented programming
proficiency (OOP Proficiency) become decisive
elements for programmers who remain motivated
despite stress. If OOP skills are high and coding
interest is strong, they are more likely to endure
complex programming tasks. Conversely, if
interest is low, they are more likely to give up
easily. Overall, this analysis indicates that
programming stress is influenced not only by
cognitive factors such as logic and memory but
also by affective factors like Anxiety, mood impact,
and support from instructors and the learning
environment.

Understanding the relationship between stress
and student performance in programming requires
a deeper exploration of relevant educational
theories, particularly those related to motivation
and learning. Motivation is crucial in students'
ability to master programming skills, as it
influences their engagement, perseverance, and
cognitive strategies. In this context, several
psychological and educational theories provide a
framework for understanding how students
respond to stress and build resilience in the
programming learning process.

One relevant concept is self-efficacy, which
refers to an individual's belief in their ability to
succeed in a specific task, as proposed by Schunk
[42]. Students with high self-efficacy tend to

engage in problem-solving activities, persist in
difficulties, and develop effective learning
strategies. This belief fosters their confidence when
facing programming challenges, reduces anxiety,
and promotes a growth mindset. Self-efficacy in
programming can be enhanced through various
factors. Previous programming experience has
been shown to positively impact self-efficacy,
which increases as students progress through
introductory ~ programming  courses  [43].
Additionally, programming mental models play a
crucial role in shaping students' self-efficacy and
academic performance [43]. Students with low
self-efficacy can sometimes improve their
confidence through guided mentoring [44].
Furthermore, inquiry-based learning (IBL) has
been proven to boost students' self-efficacy,
particularly those from non-IT backgrounds in
interdisciplinary learning environments [45]. IBL
helps students see programming as a practical
problem-solving tool, increasing their
achievement, motivation, and learning satisfaction.
Based on the analysis in this study, it was found
that self-efficacy, programming experience, and
student mindset significantly correlate with
programming performance. The Random Forest
algorithm revealed that students with high self-
efficacy had higher success rates in completing
programming tasks. This indicates that self-
efficacy influences students' intrinsic motivation,
consistent with Schunk's [42] view that strong self-
efficacy drives academic achievement.

Meanwhile, the analysis using the C4.5
algorithm identified patterns supporting the
importance of feedback and learning experiences
in enhancing students' self-efficacy. The resulting
decision tree showed that students who received
constructive feedback and experienced small,
gradual successes demonstrated significant
improvements in their programming skills. This
finding aligns with the theory proposed by Rhahne
and Wijnia [46] regarding the importance of
interactions among situational, self, goal, and
action factors in building learning motivation. In a
broader context, Rhahne and Wijnia [46]
introduced an integrative framework of educational
motivation theory comprising six key stages:
situation, self, goal, action, outcome, and
consequence. This framework explains how stress,
self-efficacy, and motivation influence students'
programming  performance. The learning
environment, including curriculum, teaching
methods, and academic pressures, significantly
affects students' learning experiences. When
complex tasks and tight schedules become sources
of stress, individual factors such as self-efficacy
determine how students respond to these
challenges.



Azkiya and Ifriza, Analysis of Coding Stress Impact on Students Programming Skills 177

Furthermore, students' academic goals and
intrinsic motivation influence how they face
programming challenges. Students with a mastery-
oriented mindset tend to perceive difficulties as
opportunities to grow rather than threats that
increase stress. Their learning strategies, such as
independent exploration and problem-solving
approaches, contribute to developing critical and
algorithmic thinking skills. The results they
achieve, whether in grades or project success,
reflect the effectiveness of their learning strategies
and motivation levels. Success in programming
tasks reinforces self-efficacy and resilience to
stress, while failure, if not accompanied by
constructive feedback, can increase anxiety and
lower learning motivation. The findings of this
study reinforce previous research emphasizing that
self-efficacy, programming experience, and
students' mindsets are critical factors in the
successful learning of programming.

A study was carried out utilizing the Confusion
Matrix to analyze the efficacy of the Random
Forest and C4.5 algorithms in classifying the
factors influencing students' programming
abilities. The results for the Random Forest
algorithm's Confusion Matrix are detailed in Table
2, while the outcomes for the C4.5 algorithm can
be referenced in Table 3.

The confusion matrix results from the C4.5
algorithm illustrate the model's performance in
predicting data through four main components.
First, there are 274 True Positive (TP), indicating
the number of "Yes" labeled data points correctly
predicted. This figure reflects the model's ability to
recognize positive data accurately. Next are 352
True Negative (TN), indicating that the model
successfully predicted "No" labeled data with a
relatively high count. However, the model also
produced prediction errors, namely 108 False
Positive (FP), which occur when the model
predicts "Yes" for data that is labeled "No." This
FP count is lower than the results of the Random
Forest algorithm, suggesting that C4.5 has a lower
tendency to misclassify harmful data as positive.
Additionally, there are 186 False Negative (FN),
representing the number of "Yes" mislabeled data
points predicted as "No." This relatively high FN,
value indicates that the model still struggles to
recognize some positive data accurately.

The accuracy comparison between the Random
Forest and C4.5 algorithms was analyzed to
evaluate their performance in identifying the
factors influencing students' programming skills.
The accuracy results of both algorithms are
detailed in Table 4.

Table 4. Accuracy results of Random Forest and C4.5.

Table 2. Confusion matrix results for the Random Forest. Evaluation Metrics Random Forest C4.5
True Yes True No Accuracy 65.54% 68.04%
Pred. Yes 305 162 Precision 65.2% 71.7%
Pred. No 155 298 Recall 66.3% 59.6%
F1-Score 65.7% 65.0%

The confusion matrix results from the Random
Forest algorithm demonstrate the model's
performance in predicting data through four key
components. First, 305 True Positive (T P) indicate
the number of "Yes" labeled data points correctly
predicted. This figure reflects the model's ability to
recognize positive data effectively. Next, 298 True
Negative (TN) represent the model's success in
accurately identifying "No" labeled data. On the
other hand, the model also produces False Positive
(FP), which are prediction errors where the model
classifies negative data as positive (Type I Error).
This number indicates the model's tendency to
misclassify harmful data as positive. Additionally,
there are 155 False Negative (FN) occurring when
the model predicts "No" for data that is labeled
"Yes" (Type II Error). The FN count highlights
positive data that the model failed to detect.

Table 3. Confusion matrix results for the C4.5 algorithm.

True Yes True No
Pred. Yes 274 108
Pred. No 186 352

Based on the performance evaluation of the
Random Forest and C4.5 algorithms, it can be
concluded that the C4.5 algorithm performs
slightly better overall. This is evidenced by the
accuracy of C4.5, which reaches 68.04%, higher
than Random Forest's accuracy of 65.54%. This
accuracy indicates that the C4.5 algorithm can
classify data correctly in a more significant
proportion. In terms of precision, C4.5 also
outperforms Random Forest with a precision of
71.7%, compared to 65.2% for Random Forest.
This suggests that the "Yes" predictions in the C4.5
algorithm are more reliable, producing fewer false
positives. However, when viewed from the recall
perspective, Random Forest has the advantage with
a recall of 66.3%, compared to 59.6% for C4.5.
This indicates that Random Forest is better at
identifying positive data overall, although it makes
more mistakes when predicting harmful data.
Meanwhile, in terms of the F1-Score, both
algorithms show nearly balanced performance,
with Random Forest achieving an F1-Score of
65.7% and C4.5 scoring 65.0%. The F1-Score
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reflects the balance between precision and recall,
indicating that both models have relatively
comparable capabilities in accurately predicting
the data.

Based on the results of the McNemar test
conducted to evaluate the significance of the
performance difference between the Random
Forest and C4.5 algorithms, the test statistic was
found to be 1.655 with a p-value of 0.198. Using a
significance level of 0.05, these results indicate that
the p-value is more significant than 0.05.
Therefore, there is insufficient evidence to reject
the null hypothesis (Ho), which states that no
significant  difference exists between the
performance of the Random Forest and C4.5
algorithms in classifying the dataset used. Thus, the
observed accuracy differences between the two
algorithms can be considered statistically
insignificant, indicating that both algorithms have
comparable performance in the context of this
study.

4. Conclusion

Based on the analysis conducted using the
Random Forest and C4.5 algorithms in
RapidMiner, it was found that various factors
influence students' programming performance,
particularly stress levels during coding activities.
The study identified key factors such as coding
interest, debugging skills, mathematical and
analytical skills, instructional delivery, and
additional support in learning programming. The
results indicate that students with higher self-
efficacy, debugging skills, and logical abilities tend
to cope better with stress and demonstrate higher
programming proficiency. Additionally, perception
of coding plays a crucial role in students' problem-
solving strategies and overall performance. The
study also highlights the importance of effective
instructional delivery and additional learning
support to reduce students' stress levels and
enhance their programming skills.

The performance evaluation of the Random
Forest and C4.5 algorithms revealed that C4.5
achieved a higher accuracy of 68.04% compared to
65.54% for Random Forest. C4.5 also exhibited
superior precision (71.7%) compared to Random
Forest (65.2%), indicating a lower tendency to
misclassify harmful data. However, Random
Forest outperformed C4.5 in the recall, achieving
66.3% versus 59.6%, signifying its ability to detect
positive data more effectively. The FI1-Score
results were comparable for both models, with
Random Forest scoring at 65.7% and C4.5 at
65.0%, demonstrating balanced precision and
recall trade-offs. The McNemar test indicated no
statistically significant difference between the two

algorithms, suggesting that both models have
similar classification performance in this context.
These findings emphasize the need for

educational strategies integrating stress
management and skill development to enhance
students' programming capabilities.  Future

research should explore alternative machine
learning models, such as deep learning and
ensemble techniques, to improve predictive
accuracy and gain deeper insights into student
learning behaviors. Additionally, incorporating
real-time stress monitoring through physiological
and behavioral indicators could provide a more
comprehensive understanding of stress dynamics
during programming tasks.

Further studies could also investigate the
impact of personalized learning approaches, such
as adaptive learning systems and Al-based tutors,
to mitigate stress and enhance students'
engagement in  programming  education.
Expanding the dataset with diverse student
populations from various educational backgrounds
would improve the generalizability of the findings.
By implementing these future research directions,
educators and researchers can develop more
effective strategies to support students in
overcoming programming challenges and fostering
a more positive learning experience.
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