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ABSTRACT @ OPEN ACCESS
Purpose - The rapid integration of artificial intelligence (AI) in education has

raised concerns about excessive student dependence, potentially undermining  ARTICLE HISTORY
critical thinking and learning autonomy. This study aims to identify the most ~ Received: 18-11-2025
effective machine learning algorithm for detecting Al dependency in learning Revised: 25-01-2026
activities and to examine the impact of training-testing data proportion on Accepted: 02-02-2026
predictive performance.

Methods - This study employs the CRISP-DM framework and applies tWo  grywoRDS
supervised classification algorithms, Random Forest and Support Vector  ajpependency;
Machine (SVM), to a synthetic dataset of 10,000 Al-assisted learning sessions.  Machine Learning;
The target variable, perceived Al assistance level, was discretised into three = Random Forest;
categories (low, medium, and high). Model performance was evaluated under ~ SupportVector Machine;
four dataset split scenarios (60:40, 70:30, 80:20, and 90:10) using accuracy, = Proportion Dataset
AUC, precision, recall, and F1-score.

Findings - The results show that Random Forest consistently outperforms SVM

across all dataset proportions and evaluation metrics. The highest performance

was achieved by Random Forest with a 60:40 split, yielding an accuracy of

67.6% and an AUC of 80.8%. Although SVM demonstrated stable performance,

it required larger training datasets and remained inferior to Random Forest.

Research limitations - The use of synthetic data and limited behavioural

features restricts the generalisability of the findings. The moderate accuracy

indicates that Al dependency is a complex construct not fully captured by the

current model.

Originality - This study provides empirical evidence on the combined influence

of algorithm selection and dataset proportion in detecting Al dependency,

offering practical guidance for developing early-warning systems to support

responsible Al use in education.
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INTRODUCTION

The use of artificial intelligence (Al) is becoming increasingly widespread and an integral part of
various sectors of life, including education. According to Chegg's 2025 Global Student Survey, 95% of
Indonesian students have used GenAl in their learning process, the highest figure globally (Chegg.org,
2025). This finding indicates that Al has become a commonly used tool in the learning process in
Indonesia. However, the high level of Al utilisation also raises concerns about the potential for
dependency, which could undermine students' learning efforts, critical thinking skills, and
independence in completing tasks (Baria, 2025; Cela et al., 2024). Therefore, in the context of an
evolving education system, particularly in developing countries such as Indonesia, the use of Al needs
to be balanced with pedagogical approaches that encourage independent learning and strengthen
students' thinking skills (Indriyani & Solihati, 2021).

Over-reliance on Al technology in education risks leading to a number of serious problems. One of
the impacts is lazy learning behaviour, where students prefer to search for instant answers from Al
rather than processing information deeply and independently (Ahmad et al., 2023). In addition, this
dependence also opens up the potential for academic misconduct, such as plagiarism, as students
tend to copy answers from Al systems without deep understanding (Uppal & Hajian, 2024). Not only
that, uncontrolled dependence on Al also risks weakening critical thinking skills and problem-solving
abilities that are very important for students' academic and professional development (Octaberlina
et al., 2024; Rahardyan et al., 2024). Therefore, it is important to identify effective methods for
detecting and preventing excessive dependence on Al in the learning process, so that the quality of
education is maintained and not affected by the convenience of technology.

Current research on detecting or preventing dependence on Al in education is generally still
exploratory and descriptive in nature. The main focus is on identifying the factors that cause
dependence and its impact on critical thinking and independent learning abilities. Excessive use of
Al dialogue systems can reduce critical thinking and decision-making abilities, especially when
students do not verify the answers provided (Zhai et al., 2024). Meanwhile, explored the variable of
user trust in Al and showed that excessive trust, even when it conflicts with personal judgement or
contextual information, can lead to erroneous decisions in collaborative interactions (Klingbeil et al,,
2024). Explanations from Al are only effective in reducing dependence if users feel that using Al is
less cognitively demanding than completing tasks independently (Vasconcelos et al., 2023). These
findings indicate that although an understanding of the causes and effects of dependence has begun
to take shape, the approaches used are still limited to behavioural analysis and have not led to the
development of systematic predictive models for detecting potential dependence early on.

Previous studies have demonstrated the effectiveness of machine learning approaches in predicting
digital dependency in various contexts, ranging from the internet and social media to smartphone
usage. One study showed that Neural Networks and XGBoost models were able to predict internet
addiction with the highest accuracy of 91% and 90%, respectively, using behavioural features such
as app usage duration, login frequency, and NLP-based emotional analysis (Abdel Wahed & Abdel
Wahed, 2025). Another study found that the XGBoost model was most effective in identifying social
media addiction triggered by academic frustration, with key features such as academic stress,
excessive usage time, and social comparisons between users (Bin Rofi et al., 2024). Similar findings
were also shown in the context of smartphone addiction, where Gradient Boosting produced the
highest accuracy of 91.2% in predicting its impact on academic performance, utilising features such
as daily screen time, sleep disturbance, impulsivity, and anxiety (Vimala & Sheela, 2025). Although
all three offer diverse technical approaches and utilise rich behavioural variables, these studies still
show a uniform pattern of approach: the use of binary classification (dependent or not), the
dominance of frequency variables as the main indicator, and a failure to consider the influence of
dataset ratio variation on model performance.

Therefore, this study aims to determine the most effective machine learning algorithm for detecting
excessive dependence on Al in the learning process, which has not yet been specifically studied in
the context of education. In addition, this study also aims to explore the influence of dataset ratio
differences on predictive model performance, given that this aspect has not been a major concern in
previous studies. Thus, this study will not only contribute to the selection of the most optimal
algorithm, but also produce strategic recommendations regarding the ideal proportion of training
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and testing data, in order to improve the accuracy and generalisation of the model in detecting Al
dependence. Furthermore, through this approach, it is hoped that early detection of dependence can
be carried out more precisely, enabling more targeted interventions in order to maintain the quality
of learning and the digital well-being of students.

METHOD

In this study, a systematic approach based on the CRISP-DM (Cross Industry Standard Process for
Data Mining) model was used to determine the best algorithm for detecting dependence on artificial
intelligence (Al) in the learning process and to identify the influence of dataset proportions on
predictive model testing.
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Machine 4 Skenario (50:40
70:30, 80:20, 90:10)
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Figure 1. Research Flowchart
Business Understanding
The first stage of this method is business understanding, where the main objective of this study is to
compare the performance of Random Forest and Support Vector Machine (SVM) algorithms in
analysing students' dependence on the use of Al in learning. It is essential to understand how Al is
integrated into the educational environment and how it affects the way students learn.

Data Understanding

At this stage, a synthetic dataset was used, taken from Kaggle (https://www.kaggle.com/), with a
design resembling the actual patterns and behaviour of students interacting with Al, amounting to
10,000 sessions. The use of this data can lead to more realistic analysis without having to access
personal data, making it safe to use and avoiding privacy and copyright violations.

Data Preparation

The data preparation stage is the phase in which previously obtained data is processed and cleaned
so that it can be used optimally by machine learning algorithms. Although the dataset used is
synthetic, the cleaning and transformation process is still carried out systematically using various
components available in Orange.

Removal of Irrelevant Attributes

Certain attributes that do not contribute directly to the classification process, such as unique
identifiers or time-based attributes, are removed from the dataset. The purpose of this step is to
reduce noise in the data and prevent the model from learning irrelevant or individualistic
information, which can reduce the accuracy of the model's predictions and generalisation
(Villuendas-Rey et al., 2024).

Checking for Missing or Duplicate Data

The data is checked to identify missing values, duplicate data, or format inconsistencies. This step is
important to ensure that the data is clean and ready for use before the model training process begins.
In addition, this check is performed to avoid errors or bias during modelling, as well as to ensure that
each feature used has a valid contribution to the classification results (Boros & Kmetty, 2024; Malnad
College of Engineering,Hassan & Balgotra, 2025).
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Data Transformation

Data transformation is an important part of the preparation stage, as it ensures that all attributes are
in a numerical format that can be processed by machine learning algorithms. In Orange, this
transformation is performed using widgets such as Continuize and Discretize, and is divided into
three parts:

One-hot encoding

One-hot encoding is used to convert nominal categorical attributes into binary numerical
representations. In this process, each category of a feature is converted into a separate column that
indicates the presence (1) or absence (0) of that category. The purpose of this technique is to avoid
incorrect assumptions about the order or numerical weight of attributes that do not actually have an
ordinal relationship, and to enable machine learning algorithms to process categorical data
accurately (Hancock & Khoshgoftaar, 2020).

Normalisation of Binary/Ordinal Data

Binary or ordinal data normalisation is performed to convert attributes that are binary categorical
or have a logical order into numerical form. This process is carried out using the Continuize widget,
which converts values such as TRUE and FALSE into the numbers 1 and 0. The aim is to provide a
numerical representation that is acceptable to algorithms, while retaining the logical order or binary
status of the original data.

Discretisation of Target Variables

Target variable discretisation is performed when the target attribute is in the form of a numerical
scale and needs to be converted into categories. The method used is Equal Width Interval, which
divides the range of values into several intervals of equal width. After that, the category labels are
adjusted or clarified using the Edit Domain widget. The purpose of this process is to simplify the
target into categories that are easier to interpret and to facilitate the application of category-based
classification models, rather than numerical regression.

Modeling

At this stage, modelling was carried out by applying two classification algorithms, namely Random
Forest (RF) and Support Vector Machine (SVM), to build a predictive model that could estimate the
level of student dependence on Al

Random Forest

Random Forest is an ensemble algorithm that combines the prediction results of a number of decision
trees to improve model accuracy and minimise the risk of overfitting. Each tree is constructed using
random samples from the data and random subsets of available features, resulting in variation
between trees. The final prediction result is obtained through a voting process or by averaging all
trees. This approach is very effective in handling high-dimensional data and tends to be more stable
because it reduces the variance of each individual model (Zhu, 2020).

Support Vector Machine

SVM or Support Vector Machine works by mapping data to a high-dimensional space in order to find
the optimal hyperplane that separates classes in the data. This algorithm attempts to maximise the
margin, which is the distance between the hyperplane and the nearest data point from each class
(support vectors). For data that cannot be separated linearly, SVM uses a kernel function to transform
the data into a higher-dimensional space. Although SVM is effective in handling high-dimensional
data, its optimal performance requires a sufficient amount of training data (Ghosh & Cabrera, 2022).
Model training and testing were conducted using Orange software. The dataset was divided into four
different training and testing ratio scenarios, namely 60:40, 70:30, 80:20, and 90:10. The data
division process was carried out using the Data Sampler component. The built model was then
trained and evaluated using Test and Score, while the prediction results could be observed through
the Prediction component.
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Evaluation

After the model was built, an evaluation was conducted to measure how effective the model was in
detecting over-reliance on Al. The results of each algorithm were compared to determine which
method was most effective and how the proportion of the dataset affected the model's results. The
evaluation method used is Test and Score, which provides information on the number of correct and
incorrect predictions in each class to provide evaluation results such as area under curve (AUC),
accuracy, F1-score, precision, and recall.

AUC is calculated from the ROC (Receiver Operating Characteristic) curve, which plots the True
Positive Rate (Recall) against the False Positive Rate. AUC values range from 0 to 1, where 1 indicates
perfect classification and 0.5 indicates that the model is no better than random guessing. Although
there is no direct mathematical formula in the reference, the understanding of AUC comes from the
basic concept of ROC curve analysis.

1. Accuracy

Accuracy measures how many predictions are correct compared to the total number of predictions

made. The accuracy formula can be expressed as follows:
TP+ TN

TP+TN +FP+FN

Accuracy =

where (TP) is true positive, (TN) is true negative, (FP) is false positive, and (FN) is false negative.

2. Precision
Precision is the proportion of correct positive results among all predicted positive results. The

formula for precision is as follows:
TP

Precision = ——
TP+ FP

Precision provides an indication of the accuracy of results classified as positive.

3. Recall
Recall, or sensitivity, indicates how well the model captures all existing positives. The recall formula

can be written as follows:
TP

Recall = —
TP+ FN

Recall assesses the model's ability to identify all actual positive examples.

4. F1-score
The F1-score is a measure that combines precision and recall into a single number. It is particularly
useful when there is class imbalance in the dataset. The formula for the F1-score is as follows:

2 X Precision X Recall
F1 — Score =

Precision + Recall

The F1-score provides a better picture of model performance on imbalanced datasets than a simple
separation between precision and recall (Duci¢ et al., 2020; He et al., 2022).

RESULTS AND DISCUSSION

This study aims to compare the effectiveness of Random Forest and SVM algorithms in detecting
student dependence on the use of artificial intelligence (Al) in learning. In addition, this study also
aims to identify the effect of dataset division on the accuracy of predictive models used to detect
excessive dependence on Al
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Data Understanding

The dataset used in this study was obtained from the Kaggle platform, an open repository that
provides various datasets for research and development purposes. This dataset is titled "Al Assistant
Usage in Student Life (Synthetic)", compiled by Ayesha Saleem and first published in 2023. This
dataset is the result of simulated interactions between students and artificial intelligence assistants
(such as ChatGPT) in an academic context. Overall, this dataset consists of 10,000 unique interaction
sessions, where each row represents one student session covering various variables that describe
Al-assisted learning activities. The information recorded includes the student's education level, field
of study, date of interaction, and the type of task performed while using Al. This research utilises the
data to analyse patterns of Al use in academic activities and to compare the effectiveness of
classification algorithms, namely Random Forest and Support Vector Machine (SVM), in predicting
student dependence on Al.

Overall, there are 11 main attributes in this dataset. The types of data used consist of categorical
(such as StudentLevel, Discipline, and TaskType), ordinal (such as Al_AssistanceLevel and
SatisfactionRating), numerical (such as SessionLengthMin and TotalPrompts), and date types
(SessionDate). In this study, the main focus is on predicting the level of assistance students feel from
Al, which is represented by the Al_AssistanceLevel attribute as the target variable. This attribute has
an ordinal scale from 1 to 5, which reflects the extent to which students feel assisted by Al in
completing tasks. More specifically, the raw data structure before preprocessing can be seen in the

following table:
Table 1. Initial Data

. Student Discipli Session Session . Total TaskTy Al_Assista FinalOutco UsedAg Satisfacti
SessionID Level Dat Length Promp Level . on
eve ne ate Min ts pe nce Leve me ain Rating
SESSIONO Busine  1/17/2 Codin Idea
0001 Graduate s 025 7.54 1 g 5 Drafted TRUE 5
Assignme
SESSIONO High Biolog  9/7/20 Writin nt
0002 School y 24 14.6 3 g 3 Complete FALSE 19
d
Assignme
SESSIONO  Undergrad Busine 1/12/2 Codin nt
0003 uate ss 025 19.22 > g 3 Complete TRUE 33
d
Compu Assignme
SESSIONO  Undergrad ter 5/6/20 Codin nt
0004 uate Scienc 25 37 1 g 3 Complete TRUE 35
e d
Assignme
SESSION1  Undergrad 4/16/2 Writin nt
0000 uate Math 025 10.85 3 : 4 Complete TRUE 49
d

Data Preparation Results

Before forming a classification model with the Random Forest and Support Vector Machine (SVM)
algorithms, several preprocessing stages were carried out to ensure that the data used was suitable
for the algorithm's requirements, particularly as the algorithm to be used required input in
numerical form. The preprocessing stages were carried out as follows:

Removal of Irrelevant Attributes

The SessionID and SessionDate attributes were removed from the dataset because they had no
direct relevance to the classification process and were unique/date-based, which did not contribute
meaningfully to the predictive model.

Transformation of Categorical Data to Numerical Data

1. The StudentLevel, Discipline, and TaskType attributes are transformed using One-Hot Encoding
with the help of the Continuize widget in Orange. Each category will be broken down into binary
features that represent the existence of a class.
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2. The UsedAgain attribute, which was originally a categorical binary type (TRUE/FALSE), was
converted to ordinal numerical data using the following conversion: FALSE = 0, TRUE = 1, using the
Continuize widget.

Target Transformation (AI_AssistanceLevel)

The Al_AssistanceLevel attribute was originally ordinal numerical data (scale 1-5) and was used as
the target variable in this study. For classification purposes, this attribute was discretised using the
Discretise widget with the Equal Width Interval method into three categories. Next, the category
labels were updated using the Edit Domain widget to better represent the level of student
dependence on Al The categorisation details are presented in the following table:

Table 2. Target Variable Discretisation Results

Value Range Description Label
<233 Low
2.33-3.67 Medium
>3.67 High

The above preprocessing steps aim to ensure that all input features are in a numerical format that is
compatible with the Random Forest and SVM algorithms. In addition, the target variable is also
discretised to produce a more balanced and interpretable class structure in the classification
analysis. The results of the preprocessed data can be seen in the following table:

Table 3. Pre-Processing Results Data

SessionLe TotalPr StudentLevel U Discipline. ~  TaskTyp ~  Used Satisfacti Al Assista
ngthMin  ompts ndergraduate Business e_Coding Again  gnRating nceLevel
(Kategori)
7.54 1 0 1 1 1 5.0 High
14.6 3 0 0 0 0 19 Medium
19.22 5 1 1 1 1 33 Medium
3.7 1 1 0 1 1 35 Medium
10.85 3 1 0 0 1 49 High
Modelling Result

At the modelling stage, this study used two classification algorithms, namely Random Forest and
Support Vector Machine (SVM). Both were applied to classify the level of assistance perceived by
students towards Al assistants, which had been discretised into three categories: Low, Medium, and
High.

The modelling process begins by entering the preprocessed data into the system. All input attributes
have been converted to numerical format and the classification targets have been categorised to suit
the requirements of the algorithm used.

The classification model is then built using the Random Forest algorithm, which is a decision tree-
based ensemble algorithm, and the SVM algorithm, which works by maximising the separating
margin between classes. The performance of these two models was tested against four different
training and testing data division scenarios, with the aim of observing the effect of data proportion
on the accuracy and stability of the classification model.

The data division scenarios applied were as follows:

Scenario 1: 60% training data and 40% test data (60:40)
Scenario 2: 70% training data and 30% test data (70:30)
Scenario 3: 80% training data and 20% test data (80:20)
Scenario 4: 90% training data and 10% test data (90:10)

To see the modelling process in more detail, including the structure and stages of the components
used, please refer to the following image:
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Figure 2. Model Flow |

Evaluation Result

The model evaluation was conducted to measure the effectiveness of two classification algorithms,
Random Forest and Support Vector Machine (SVM), in predicting the level of student dependence on
Al assistance. The evaluation process covered four training and testing data ratio scenarios, namely
60:40, 70:30, 80:20, and 90:10. The performance of each model was assessed using a number of
metrics, including accuracy (CA), AUC, F1-score, precision, and recall.

Evaluation of the Random Forest Model on the Proportion of the Dataset

The Random Forest model shows fairly consistent accuracy performance across various data split
scenarios. The highest accuracy was achieved in the 60:40 scenario with a value of 67.6%, followed
by 70:30 (66.7%), 90:10 (66.5%), and the lowest in 80:20 (63.5%). The insignificant differences in
accuracy between scenarios indicate that Random Forest is relatively stable and resilient to
variations in the proportion of training and testing data.

- Accuracy Results Comparing Random Forest Scenarios

. ACOARACY

on 67.6%

Accuracy (%)

50 . v kg g
Split €0:40 Sgiit 7030 Spdit 8020 Spit 30:10

Dataset Split Ratio

Figure 3. Random Forest Accuracy Results Line Diagram
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Evaluation of the Support Vector Machine (SVM) Model on the Proportion of the
Dataset

Unlike Random Forest, the SVM model shows slightly lower accuracy in most data division scenarios.
The highest accuracy was achieved in the 90:10 scenario at 64.5%, followed by 80:20 (62.5%), 60:40
(62.4%), and the lowest in 70:30 (62.0%). Although the differences between scenarios are relatively
small, these results indicate that SVM accuracy tends to be stable but not as good as Random Forest.

SVM Accuracy Results Across Dataset Ratio Scenari

5VM Accuracy |

4.5%

Accuracy (%)

08 4
o6 4

!
5

|

644
62.5% 62.4% \

62.0%
'-‘Jﬂjﬂ Ratio I.'y' 20 Rabo vl.’t L [ Pato ’-'_'1 »

Dataset Ratio

Figure 4. SVM Accuracy Results Line Diagram

Accuracy Comparison and Comprehensive Evaluation

Based on the results of evaluating both models using the Test and Score widget, a comprehensive
comparative analysis can be performed on the performance of the Random Forest and Support
Vector Machine (SVM) algorithms in predicting the level of student dependence on the use of Al in
learning. The evaluation was conducted using five main metrics, namely AUC, accuracy (CA), F1-
score, precision, and recall, in four scenarios of training and testing data division. The complete
results of this evaluation can be seen in the table below.

Table 4. Results of Accuracy Comparison & Evaluation
CA F1 Precision

. . o o

Dataset Ratio  Algorithm AUC (%) (%) (%) (%) Recall (%)
Random Forest 80.7 67.6 67.3 67.3 67.6

60-40 ?Su\ll)l\p/)lﬁ)rt Vector Machine 76.7 62.4 60.5 60.3 62.4
Random Forest 80.8 66.7 66.4 66.3 66.7

70-30 Support Vector Machine
(SVM) 76.8 62.0 59.2 59.3 62.0
Random Forest 79.2 63.5 63.2 62.9 39.7

80-20 Support Vector Machine
(SVM) 78.7 62.5 60.9 60.5 62.5
Random Forest 79.2 66.5 65.6 65.3 66.5

90-10 ?él‘%%)rt Vector Machine 79.6.4 64.5 63.6 63.7 64.5

Based on the evaluation results table presented, the evaluation results show that Random Forest
consistently performs better than SVM in almost all scenarios and evaluation metrics. Specifically, in
the 60:40 scenario, Random Forest recorded the highest accuracy of 67.6%, demonstrating its ability
to classify students' level of dependence on Al quite accurately. Meanwhile, SVM recorded the highest
accuracy of 64.5% in the 90:10 scenario, but SVM's performance remained lower than Random
Forest in all other scenarios. In terms of AUC, which measures the model's ability to distinguish
between dependency classes (low, medium, high), Random Forest again excelled with a range of
values between 79.2% and 80.8%, reflecting its consistency in recognising patterns of student
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dependence on Al. On the other hand, the AUC value of SVM is slightly lower, ranging from 76.7% to
79.6%, which, although considered good, still does not exceed the performance of Random Forest.
When viewed from the Fl-score and precision metrics, Random Forest shows higher values,
reflecting its ability to provide balanced predictions with minimal errors, particularly in identifying
students who truly fall into the high dependency category. On the other hand, SVM tends to produce
lower F1-score and precision values, despite showing stability in the recall metric, which is its ability
to capture all high dependency cases. However, this stability is not sufficient to compensate for the
model's weakness in providing more precise and balanced predictions.

The effect of dataset distribution proportions on the performance of both algorithms is clear. In the
60:40 scenario, with a fairly balanced proportion of training and test data, Random Forest
demonstrated better ability to generalise and predict student dependence on Al. Conversely, SVM
showed better results in the 90:10 scenario, with larger training data, but its performance remained
lower than Random Forest in all other data divisions. Overall, Random Forest is more robust and
reliable, providing more stable and accurate results in almost all data division scenarios. Based on
these evaluation results, Random Forest is recommended as a more effective model for predicting
the level of student dependence on the use of Al in learning, mainly due to this model's ability to
provide more consistent and reliable results in various data division scenarios.

Discussion

The two classification algorithms used in this study, Support Vector Machine (SVM) and Random
Forest, showed consistent comparative results, with Random Forest performing better in predicting
student dependence on Al. This advantage was evident in almost all dataset division scenarios, with
accuracy, AUC, precision, recall, and F1-score values that were generally higher than those of SVM.
The superiority of Random Forest is in line with the findings of Zhu (2020) and Ghos (2022), who
stated that this algorithm is resistant to overfitting and works well on high-dimensional and
heterogeneous data (Al-Areef & Saputra, 2023; Firmansyach et al., 2023). On the other hand,
although SVM is known to be effective in handling non-linear data, its performance in this study was
unable to match the stability and flexibility of Random Forest.

However, even though Random Forest excels, the highest accuracy achieved is still around 67.6%,
which is considered moderate in predictive classification. Several factors may contribute to this
limitation. First, the data used is a synthetic dataset, which, although close to real conditions, still has
limitations in representing the complexity of actual user behaviour (Holmes & Theodorakopoulos,
2020; Rankin et al.,, 2020). Second, the distribution of target classes (low, medium, high dependency
levels), which may be unbalanced, can affect the model's ability to learn from minority data (Thabtah
et al, 2020; Tholke & others, 2023). Third, the available features may not fully represent the
determinants of dependency, such as students' intrinsic motivation, social factors, or institutional
policies that influence Al usage behaviour.

The second objective of this study was to evaluate the effect of dataset proportion on classification
model performance. Four data division scenarios were used, namely 60:40, 70:30, 80:20, and 90:10,
to assess how variations in the training and testing data ratios affected the accuracy and stability of
prediction results. The results show that the 60:40 scenario, with a training data proportion of 60%,
provides the best performance for the Random Forest model, both in terms of accuracy and AUC. This
indicates that Random Forest is capable of producing reliable predictive models even though the
amount of training data is not as large as in other scenarios. This is in line with previous studies
showing that the bagging mechanism and random feature selection in Random Forest make it more
resistant to data variation and the risk of overfitting (Chai et al., 2022; Salman et al.,, 2024). In
contrast, the SVM model showed the best performance in the 90:10 scenario, where the training data
comprised 90% of the dataset. These findings indicate that SVM requires more training data to form
an optimal separating hyperplane, and its performance improves as more information from the
training data is added (Gu & Congalton, 2025). Both results show that although data division with an
80:20 ratio is a common practice widely used in model evaluation (Joseph, 2022), the effectiveness
of this ratio is not always uniform and is highly dependent on the characteristics of the algorithm
used and the structure and size of the dataset (Hatamian et al.,, 2025; Sabah et al., 2023).

Overall, this study confirms that the selection of algorithms and dataset partitioning strategies are
two crucial factors in the development of predictive models in the field of education. Random Forest
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is recommended as a more reliable algorithm in the context of detecting dependence on Al due to its
ability to manage data variation and provide more stable results in various scenarios. Meanwhile, the
proportion of the dataset used must be adjusted to the specific objectives of the modelling, taking
into account the actual performance and generalisation capabilities of the model. With this approach,
it is hoped that the developed model can be used as an early detection tool to prevent the negative
impacts of excessive Al use in the learning process.

CONCLUSION

This study shows that the Random Forest algorithm consistently outperforms Support Vector
Machine (SVM) in predicting the level of student dependence on Al use in learning activities.
Evaluations conducted on various data ratio scenarios show that Random Forest is more stable and
reliable, with higher accuracy, AUC, F1-score, precision, and recall metrics. However, the highest
accuracy of only 67.6% indicates limitations, mainly because the dataset used is synthetic and does
not fully cover various important factors that influence student dependence as a whole.

For future research, the use of actual data from real learning environments is recommended so that
the prediction results are more valid and representative. In addition, the addition of more relevant
variables, such as learning motivation, the intensity of Al use in the long term, and psychological
factors, can improve the quality of the model. Subsequent research should also consider other
algorithms such as XGBoost or deep learning-based models to obtain more optimal classification
results. The findings from this study can serve as a starting point in the development of adaptive
learning systems that are capable of detecting and managing students' dependence on Al technology
more wisely in the modern era of education.
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