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Abstract
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Revised May 18, 2026 binary classification model into a continuous regression model. The use
Accepted May 20, 2026 of categorical labels often fails to capture the complex spectrum of

addictive behaviors, so this study implemented the Random Forest
Regressor algorithm to predict addiction scores on a scale of 1.0 to 10.0.
The experimental results show that the regression model is able to
provide high prediction accuracy, as evidenced by the coefficient of
determination obtained R"2 of 0.8607 and a Mean Absolute Error (MAE)
of 0.2854. These findings confirm that the regression approach offers
better data resolution in mapping the degree of digital dependency than
classification methods. In practice, this model produces a continuous
score that provides a dynamic tool for mental health professionals. This
approach allows for objective monitoring of patient’s behavioral progress
during recovery. Furthermore, this model can facilitate multilevel
psychological interventions and tailored care, from early prevention to
therapy for high-risk addicts.
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1. INTRODUCTION

Mental health issues in adolescents have becomes a worldwide concern. Over the past several decades,
research on mental health issues in adolescents has been conducted (Jiwa Permana et al., 2025; Windarwati et
al., 2022). Smartphone addiction is academically represented as an individual's chronic inability to regulate
the intensity, duration, and frequency of their mobile device use, which at a certain equilibrium point leads to
negative consequences that impair psychosocial well-being and daily functional performance (Li et al., 2020;
Marciano & Camerini, 2022; Ndayambaje & Okereke, 2025). Some of the causes of smartphone addiction
include low self-control, loneliness and sensation seeking behavior (Ratuaki et al., 2023). This deep
dependency often manifests clinically in the form of nomophobia, a syndrome of anxiety, agitation, or
irrational fear that strikes individuals when they are disconnected from their smartphone, lose battery power,
or are out of range of internet connectivity (Agung et al., 2024; Srivastava et al., 2025). Its impact extends
beyond individual well-being and significantly impacts the daily functioning and effectiveness of healthcare
practitioners. Healthcare workers frequently encounter situations that require empathy, compassion, and
emotional support for patients and their families, even amidst personal stress, grief, and difficult
circumstances (Jim et al., 2024).

The widespread adoption of digital technology has raised significant concerns regarding problematic
screen device use. In Indonesia, the prevalence of smartphone usage expanded to 63.53% of the population in
2019, corresponding with a substantial rise in internet accessibility (Nurmala et al., 2022; Statistik-
Telekomunikasi-Indonesia-2019, n.d.). When left unmanaged, this high level of digital engagement presents
severe developmental and psychological risks. Research indicates that unsupervised device exposure among
children, particularly during routine activities such as mealtimes, contributes to the development of attention-
deficit disorders (Park & Park, 2021) Beyond early developmental impacts, excessive smartphone use
consistently diminishes individual well-being across broader demographics (Hanafi et al., 2019; Yosep Fredi
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et al., 2026) At the behavioral level, smartphone addiction is frequently associated with poor psychological
adjustment, occupational difficulties, heightened interpersonal conflict, and increased vulnerability to
cyberbullying (Stone, 2020). Furthermore, the persistent cognitive load generated by constant digital
notifications impairs the brain's algorithmic information processing capabilities. This neurological disruption
serves as the underlying mechanism for the linear degradation of academic performance, computational
focus, and overall quality of life (Upshaw et al., 2022)

Research subjects, especially demographic groups that are on the high end of the addiction spectrum,
often experience the phenomenon of denial or social desirability bias (Crowhurst & Hosseinzadeh, 2024;
Zhou & Feng, 2025). This leads to under-reporting, where users report application usage duration, unlock
frequency, or anxiety levels that are much lower than the actual data (Shiferaw et al., 2025). This is where the
discipline of Computer Science, particularly through the advanced paradigms of the sub-fields of Machine
Learning, Pattern Recognition, and Data Mining, offers high-level computational resolution (Likhith et al.,
2024; Joseph & Maheswari, 2025). Modern computing eliminates the subjective biases of human
neurocognitive behaviour through an objective approach to behavioural data extraction.

The rapid advancement of Artificial Intelligence (AI) has facilitated the automated inference of mental
states through multi-modal data using machine learning (Aditra Pradnyana et al., 2025). Early computational
frameworks attempted to quantify Problematic Smartphone Use (PSU) on a continuous spectrum; for
example, (Elhai et al., 2020) applied shrinkage-based linear algorithms—such as Lasso, Ridge, and Elastic
Net Regression identifying Fear of Missing Out (FOMO) as the dominant predictor of addiction severity.
While treating the output as a continuous score was a critical methodological step, this linear approach
inherently struggles to capture the complex, non-linear interactions characterizing psychological variables.
To accommodate these non-linear dynamics, subsequent studies transitioned toward advanced ensemble
methods, though they predominantly reverted to binary classification paradigms (Lee & Kim, 2021) analyzed
empirical smartphone usage logs from 29,712 respondents in South Korea, demonstrating that Random
Forest and XGBoost significantly outperformed baseline Decision Trees in categorizing individuals into
dichotomous "problematic" or "normal" cohorts.

Subsequent research developments increasingly emphasize model scalability and interpretation
capabilities (Hong et al., 2024) using a large sample of approximately 3,000 Chinese college students to build
a machine learning-based prediction model for the risk of smartphone addiction. The developed model
achieved an accuracy of 76.68% and revealed that perfectionism is a key preSdictor often overlooked in
previous studies. In the same year, a study (Kim et al., 2024) conducted a comprehensive test of eight
algorithms simultaneously: Logistic Regression, Random Forest, GBM, XGBoost, LightGBM, CatBoost,
MLP, and CNN using South Korean smartphone addiction survey data from 2017 to 2024. The results
showed that XGBoost achieved the highest precision, 87.60%, in identifying high-risk groups. This study
also successfully identified new, previously undiscovered risk factors, namely the consumption of game
content, webtoons, and web novels, as significant predictors.

Although previous studies have made significant contributions to the development of machine learning-
based smartphone addiction prediction models, a research gap consistently emerges. Nearly all previous
studies have used a binary classification approach that can only output categorical labels, namely "addicted"
or "not addicted." This approach, while useful for initial screening, has a fundamental limitation because it
cannot quantify the gradation or degree of addiction numerically. Smartphone addiction is not a dichotomous
condition, but rather a spectrum that moves continuously from normal use to highly problematic use. The
only study that comes close to a continuous score-prediction approach is (Elhai et al., 2020) However, this
study only utilised a shrinkage-based linear regression algorithm, which has limitations in modelling complex
nonlinear relationships between behavioural and psychological variables. Thus, there is a significant research
gap in the application of decision tree-based ensemble algorithms, particularly Random Forest Regressors,
for continuous prediction of addiction scores.

2. RESEARCH METHOD

The Cross-Industry Standard Process for Data Mining (CRISP-DM) is a structured approach to data
mining project development and predictive model creation (Blasi & Alsuwaiket, 2020). CRISP-DM was
chosen because it is able to provide a systematic, structured, and replicable research process, starting from
understanding the problem and ending with model evaluation (Ardyaputra et al., 2026). Athis method
consists of six main phases as shown in Figure 1. The phases are (1) Business understanding, (2) Data
understanding, (3) Data preparation, (4) Modelling, (5) Evaluation, and (6) Deployment. In this research, five
phases of the Deployment phase have been completed.

2.1. Business Understanding

With the aim of identifying people with smartphone addiction characteristics, a social literature review
was conducted on the social context to analyze the characteristics of people with smartphone addiction.
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2.2. Data Understanding

The dataset used in this study is a secondary dataset sourced from the Kaggle repository, synthetically
designed to simulate real-world smartphone usage behavior among adolescents. This dataset includes 3000
individual data entries of adolescents aged 13 to 19. This data provides a comprehensive overview of the
interaction between digital habits and indicators of mental health, academic achievement, and daily lifestyle
patterns, which is highly relevant for measuring the level of technology addiction in vulnerable age groups.

Although the dataset utilized is synthetically designed for computational benchmarking, its construct
validity is strongly anchored in established empirical literature. The variable architecture within the
datasetencompassing psychosocial indicators such as anxiety, depression, and specific digital consumption
metrics accurately mirrors the validated real-world parameters of problematic smartphone use identified in
prior clinical. By utilizing a dataset structurally mapped to theoretically sound variables, this study ensures
high construct validity for model training, while simultaneously circumventing the ethical and privacy
constraints associated with collecting large-scale, sensitive psychological data from real adolescents

Structurally, this dataset consists of 25 features that can be categorized into four main domains. First is
the demographic profile, which includes variables such as age, gender, location, and education level. Second
are technology usage metrics, which include daily usage duration, phone check frequency, screen time before
bed, and specific usage durations within the categories of social media, gaming, and education. Third are
psychosocial indicators such as anxiety levels, depression levels, self-esteem, and quality of family
communication. Finally, there are performance and lifestyle variables such as academic grades, sleep
duration, and exercise hours.

The target variable, Addiction Level, is represented on a numerical scale from 1.0 to 10.0, indicating
the intensity of the subject's addiction. The data show the distribution of daily mobile phone usage, with an
average of 5 hours and some extreme cases exceeding 11 hours. Furthermore, there is a categorical feature,
Phone Usage Purpose, that summarizes the primary purpose of device use, ranging from simple browsing to
educational activities, providing a qualitative dimension to the quantitative analysis.

Pearson correlation analysis in Figure 2 was conducted to identify the linear relationship between the
numerical features and the target variable Addiction_Level, where it was found that the duration of daily use
(Daily Usage Hours) had the strongest positive correlation of 0.60, followed by the number of applications
used (0.31) and time on social media 0.30. In contrast, a significant negative correlation was found in the
duration of sleep (Sleep Hours) of -0.21, which indicates that higher levels of addiction tend to be followed
by a decrease in the quality of adolescents' rest.

2.3. Data Preparation

Data preprocessing is a crucial step because raw data often contains errors, inconsistencies, missing
values, or irrelevant information. This stage processes the raw data through several steps, which can then be
used as input for data visualization, machine learning, deep learning, and other applications (Indrawan et al.,
2022; Ketut et al., 2026). The data preparation process begins with the elimination of features or columns
deemed statistically irrelevant to the prediction target. Data preprocessing was conducted systematically to
ensure model objectivity and computational efficiency. First, three non-predictive identifiers ID, Name, and
Location were removed, reducing the dataset's dimensionality from 25 to 22 features. Next, a programmatic
data integrity check identified 210 records, 7.00% of the total 3,000 instances containing missing or Null
(NaN) values. To maintain data fidelity and prevent potential bias from artificial imputation techniques, a
strict listwise deletion strategy was applied. This cleaning step successfully removed all incomplete rows,
resulting in a final data shape of 2,790 valid observations across 22 variables. This rigorous procedure
ensured that the subsequent modeling was trained exclusively on complete and robust behavioral records.
This aims to optimize model parameters, especially if the missing data is random, and to avoid potential bias
caused by inappropriate imputation techniques (Little & Rubin, 2019; Emmanuel et al., 2021).

After the dataset has been cleaned, the next step is to define the research variables. The dataset is
separated into feature variables X, which encompass various behavioural and psychological indicators, and
the target variable Y, Addiction Level. Next, the data is divided (data splitting) using a ratio of 80% as the
training set and 20% as the testing set. This splitting is performed before further transformation to ensure that
information from the testing data does not leak into the model training process (data leakage).

Stage of data preparation involves transforming features to enable optimal processing by machine
learning algorithms (Ahsan et al., 2021). Categorical variables were converted into numeric representations
using the Label Encoding technique. This process was applied to the Gender, School Grade, and
Phone Usage Purpose features. Given that the variables in the dataset have a wide range of values, feature
scaling was performed using the StandardScaler. This technique transforms the data to have a mean of zero
and a standard deviation of one, which is crucial for aligning the contribution of each feature in the predictive
modelling process.

To minimize noise from irrelevant variables and improve predictive performance, feature selection was
conducted based on the Pearson correlation matrix in Figure 2. Specifically, only features demonstrating a
meaningful linear relationship with the target variable defined by an absolute correlation coefficient of 0.19
or higher were retained for the second experiment. This process resulted in a subset of six primary features
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Daily Usage Hours, Apps_Used Daily, Time on_Social Media, Time on_Gaming,
Phone Checks Per Day, and Sleep Hours. The selection of these variables is theoretically sound, as they
capture key behavioral indicators of digital dependency. For example, extended time spent on social media
and gaming reflects intensive screen engagement, while reduced sleep duration often serves as a recognized
physiological consequence of addiction severity.

The integration of these establishes a multidimensional framework essential for mapping the addiction
spectrum. Within this architecture, technology usage metrics function as direct behavioral predictors.
Concurrently, psychosocial and lifestyle variables contextualize these behaviors by accounting for underlying
emotional vulnerabilities and physiological impacts. Incorporating this diverse feature space enables the
Random Forest algorithm to effectively capture the complex, non-linear interactions between digital
consumption patterns and adolescent psychosocial functioning during the initial model training.

2.4. Modeling

At this stage, a predictive model was built using the Random Forest Regressor algorithm to estimate the
smartphone addiction score (Addiction Level). Random Forest was chosen for its superiority as an ensemble
learning method that combines many decision trees to improve prediction accuracy and stability. This
algorithm is very effective in handling datasets with complex feature interactions, such as the relationship
between application usage duration, sleep patterns, and mental health indicators (Yu et al., 2025) and has
good resistance to overfitting through the bagging mechanism (Namli et al., 2025), (Lee & Kim, 2021).

The modelling process was implemented using training data, representing 80% of the total dataset, that
had undergone preprocessing and standardization. During training, the Random Forest Regressor builds
multiple decision trees and averages their outputs to produce the final prediction. The use of default
parameters and certain optimizations was carried out to ensure the model could capture non-linear patterns in
features such as Daily Usage Hours and Social Interactions. The trained model was then ready to be tested
on 20% of the testing data to measure the extent of its generalization ability in predicting addiction levels in
new data.

2.5. Evaluation

The evaluation phase aims to measure the predictive performance of the Random Forest Regressor
model in objectively estimating smartphone addiction levels. Model effectiveness is assessed using R-
Squared (R"2), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE). R*2 plays a role in
measuring the extent to which the variance in the target variable Addiction Level is explained by the model's
features. Meanwhile, MAE provides an overview of the average absolute error on the same scale as the target
variable, facilitating interpretation of prediction deviations, while RMSE imposes a greater penalty on large
prediction errors, highlighting the model's sensitivity to outliers. Through the integration of these three
metrics, the accuracy, stability, and reliability of the model in predicting smartphone addiction behavior can
be comprehensively validated.

Business Data
Understanding Understanding
Data
Preparation
Modeling

Figure 1. CRISP-DM
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KORELASI VARIABEL TERHADAP ADDICTION_LEVEL
(Top 14 Variabel dengan Korelasi Tertinggi)

Addiction_Level 0.27 | 0.27 (0.22 | 0.19 | 0.03 | 0.03 | 0.01  0.01 | 0.00 | 0.00 | 0.00 |-0.00|-0.01

Daily_Usage_Hours -0.07|-0.07|-0.05-0.01 0.04 | 0.01 0.00 0.01|0.01 0.02 0.03 (-0.00 10

Apps_Used_Daily -0.03|-0.04| 0.01 |-0.01| 0.03  0.01 | 0.00 |-0.01-0.02 -0.03|0.00

-0.01/0.01|-0.01| 0.00 | 0.00 |-0.01|-0.02| 0.03 |-0.01-0.02

Time_on_Social_Media | 0.27 -0.07 | 0. 08

Time_on_Gaming |0.22 |-0.07|-0.03 0.01|-0.01/-0.01| 0.01 | 0.00 | 0.03 |-0.04| 0.03 | 0.01

0.01

Phone_Checks_Per Day | 0.19 -0.05|-0.04|-0.01 -0.01|-0.00| 0.01 | 0.03 | 0.00 |-0.01|-0.02|-0.01

0.6

0.00

Anxiety_Level | 0.03 |-0.01/ 0.01 | 0.01|0.01 0.02 |-0.00-0.01| 0.01 |-0.00 -0.00(0.00

Age | 0.03 0.04 |-0.01-0.01/-0.01|-0.01| 0. 0.05 | 0.02

Korelasi

- 04

Depression_Level | 0.01 |0.01 | 0.03 | 0.00 |-0.01|-0.00 0.02

Screen_Time_Before Bed | 0.01 | 0.00 | 0.01  0.00|0.01 |0.01 |-0.00| 0.

Parental_Control | 0.00 | 0.01 | 0.00 -0.01|0.00 |0.03 |-0.01| 0. -02

Family_Communication | 0.00  0.01 -0.01/-0.02|0.03 | 0.00 | 0.01

Academic_Performance |0.00 |0.02 |-0.02| 0.03 (-0.04|-0.01|-0.00| 0.

- 0.0

Weekend_Usage_Hours |-0.00|0.03 |-0.03|-0.01| 0.03 |-0.02|-0.00 | 0.

Exercise_Hours |-0.01|-0.00  0.00 |-0.02| 0.01 |-0.01| 0.00
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Figure 2. Heatmap Correlation of Top 14 Variables to Addiction Level Variable

3. RESULTS AND DISCUSSION

After the training, the evaluation results, including the algorithm's RMSE and MAE, are shown in Table
1. Based on the testing conducted on the testing set, the Random Forest Regressor model shows solid
generalization ability in estimating the level of smartphone addiction. The coefficient of determination value
R™2 A value of 0.8067 indicates that the model is able to explain 80.67% of the variability in the target
variable through the features used. This figure indicates a high level of goodness-of-fit, considering that
human behavior and addiction often involve dynamic psychological variables. Analysis of the prediction
error magnitude shows an MAE of 0.3532 and an RMSE of 0.5090. The low MAE indicates that the average
deviation of the model's predictions from the actual scores is only about 0.35 points on the addiction scale.
Meanwhile, the RMSE value is slightly higher than the MAE, indicating the presence of some error variance
with a larger magnitude, but remains within tolerable limits without disrupting the overall stability of the

model.
Table 1. Prediction Results
Model Evaluation Score
R? 0.8067
RMSE 0.5090
MAE 0.3532

The plot in Figure 3 shows that on the training data, the model achieves very good performance, with a
coefficient of determination R2 of 0.969, indicating that 96.9% of the variation in the training data is
explained by the model. The training data plot shows a distribution of points that closely follow the ideal
regression line, indicating high prediction accuracy and minimal prediction error. In contrast, on the test data,
the model obtained an R2 value of 0.8067, indicating the model's generalization ability is still good but has
decreased in performance compared to the training data. The test data plot shows a more dispersed
distribution of points around the regression line, especially in the actual value range of 8.5-10.0, indicating
higher prediction variability. A slight overfitting phenomenon is evident from the performance difference
between the training and test data, but the model still shows strong overall predictive ability with an R"2
value above 0.80 on previously unseen data.
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RANDOM FOREST REGRESSOR - DIAGNOSTIC PLOTS
Train: Actual vs Predicted (R?=0.969) Test: Actual vs Predicted (R*=0.807)

predicted
.

predicted
\

Figure 3. Plot Comparison of Train vs Test

In the second experiment, which used six features with the highest correlation: Daily Usage Hours,
Time on_Social Media, Time on Gaming, Apps_Used Daily, Phone Checks Per Day, and Sleep Hours.
The results of the second experiment showed that implementing the feature selection technique provided a
significant performance improvement for the Random Forest Regression model. By focusing the input
variables on the main features, the model was able to produce a coefficient of determination R*2 of 0.8607
on the test data. These results show an improvement compared to the initial experiment which only obtained
an R"2 of 0.8067. In addition to the increase in the R"2 value, the prediction error rate also decreased
markedly: the RMSE decreased from 0.5090 to 0.4321, and the MAE decreased from 0.3532 to 0.2854.
Although there is a difference between the performance on the training and test data, these results show that
selecting features that specifically represent daily gadget usage behaviour can increase the model's precision
in predicting the level of smartphone addiction. The comparison results are shown in Table 2.

Table 2. Model Performance Comparison for Before and After Feature Selection

Experiment Scenario R? RMSE MAE
Random Forest Regresion (all feature) 0.8067 0,5090 0,3532
Random Forest Regresion (Feature Selection) 0,8607 0,4321 0,2854

Visualization of model performance in Figure 4 through a scatter plot between actual and predicted
values shows a significant difference between the two experiments. In the plot of the model's results after
feature selection, the distribution of data points shows a denser, more consistent pattern along the diagonal.
The density of the data distribution in the blue plot indicates that the second model has a lower error variance
than the first model. This visually demonstrates that using dominant features improves prediction linearity
and reduces noise introduced by less relevant features, enabling the model to map the level of smartphone
addiction more accurately.

From a practical standpoint across both clinical and educational settings, the high predictive accuracy
R”™2 = 0.8607 and minimized error rates MAE = 0.2854 achieved post-feature selection carry significant
operational value. In educational environments, this continuous regression model provides school counselors
with an objective instrument to identify early cognitive and behavioral degradation, allowing for intervention
before a student fall into severe addiction. The superior performance of the model in the second experiment is
directly attributed to the elimination of demographic variables such as age and gender which demonstrated
negligible correlation with addiction levels. In the initial model, these demographic attributes essentially
acted as computational noise, obscuring the underlying patterns. Conversely, the accuracy improved
significantly when the algorithm was focused exclusively on active behavioral features. As empirically
validated by the correlation matrix, daily usage duration (Daily Usage Hours) exhibited the strongest
mathematical relationship with the target variable r = 0.53, serving as the most dominant contributor
representing the sheer volume of screen exposure. This primary predictor was further strengthened by other
highly correlated variables, specifically the number of apps used daily r = 0.27 and time spent on social
media r = 0.27 and gaming r = 0.22, which act as specific psychological triggers for compulsive screen
attachment. Furthermore, the inclusion of sleep duration (Sleep Hours), which exhibited a significant
negative correlation r = -0.21, provided the algorithm with a crucial physiological parameter to measure the
real-world impact of digital dependency. With a margin of error of merely 0.28 points on a 1.0 to 10.0 scale,
clinicians and educational practitioners can effectively mitigate the risk of false positives or misdiagnoses
commonly caused by the social desirability biases of self-reported questionnaires. Ultimately, the resulting
continuous scores enable both schools and clinics to dynamically track an adolescent's recovery progress over
time. This facilitates the design of proportionately tailored, tiered interventions—ranging from preventive
counseling for moderate dependency to intensive clinical therapy for high-risk individuals.
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Figure 4. Plot Comparison of Train vs Test model with Selection Feature

4. CONCLUSION

This study successfully implemented the Random Forest Regressor algorithm to predict the level of
smartphone addiction in adolescents using a continuous score approach, which has been shown to provide
more granular computational resolution than conventional binary classification models. Based on the
experimental results, this research establishes three specific key findings. First, the integration of feature
selection techniques—based on the heatmap correlation matrix significantly improved model performance.
By isolating six main digital behavior variables Daily Usage Hours, Time on_Social Media,
Time on_Gaming, Apps_Used Daily, Phone Checks Per Day, and Sleep Hours), the model achieved a
high determination coefficient of 0.8607 and a decreased Mean Absolute Error (MAE) of 0.2854. Thus,
reducing the dimensionality of the data not only improved computational efficiency but also strengthened the
model's validity. Second, these findings confirm that daily smartphone usage patterns are much more
deterministic predictors in mapping the addiction spectrum than demographic factors. Demographic attributes
essentially acted as computational noise, whereas active behavioral metrics provided direct predictive signals.
Third, with its minimized error margin, the model demonstrates strong and stable generalization capabilities.
This makes it an effective objective diagnostic tool for clinicians and educational practitioners to conduct
early, targeted interventions on technology use behavior. As a future development step, this study
recommends further exploration of ensemble boosting algorithms, such as XGBoost and LightGBM, to
compare their computational efficiency with Random Forest Reggresor, especially on high-dimensional
datasets with higher noise levels. Furthermore, the application of automated hyperparameter optimization
techniques, such as Bayesian Optimization, is recommended to mitigate potential overfitting more precisely
and to improve the model's generalizability.
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