Indonesian Journal of Artificial Intelligence and Data Mining (IJAIDM)
Vol. 9, No. 1, March 2026, pp. 62 — 71
p-1SSN: 2614-3372 | e-ISSN: 2614-6150 a 62

Identification of Mental Health for Generation Z Using

Machine Learning Algorithm
1Sri Retnowati, 2"Siti Aisyah

L2Data Science Program Study, Universitas Insan Cita Indonesia
Email: Isriretnowati919@gmail.com, 2aisyah26sukses@gmail.com

Article Info ABSTRACT

Article history: Mental health issues such as stress, anxiety, and trauma have become
Received Nov 26th, 2025 significant challenges, particularly among Generation Z. The lack of
Revised Feb 25th, 2026 effective early detection tools has hindered efforts to address these
Accepted Mar 01st, 2026 problems promptly and accurately. This study aims to develop a

machine learning-based classification model to detect potential

mental health conditions using standardized psychological

gzmgt(ijc;n 7 instruments: DASS-21, STAI, and ACE. [_)a_ta were collegted from
Mental 733 ){ouths aged 17—24,. of whom 212 exhlblted-5|gns of risk. -A_ft.er
Random Forest cleaning and preprocessing, 58 features were retalnec_j f_rom the |n!t|al
SUM 92. Several machine learning models such as Logistic Regression,

Support Vector Machine (SVM), and Random Forest were evaluated
using class balancing techniques including SMOTE and class
weighting. Evaluation metrics include accuracy, recall, precision, F1-
score, and ROC AUC. Logistic regression achieved the highest
performance, with 94% accuracy, 100% recall, 82% precision, and an
F1-score of 0.90. The ROC AUC reached 99.5%, indicating excellent
discriminative ability. This research highlights the effectiveness of
machine learning for early detection of mental health conditions and
supports its integration into scalable, technology-based mental health
screening tools, particularly for at-risk youth populations.

Copyright © 2026 Puzzle Research Data Technology

Corresponding Author:
Siti Aisyah,
Data Science Program Study, Universitas Insan Cita Indonesia
Jin. H. R. Rasuna Said, Jakarta, 12940, Indonesia
Email: aisyah26sukses@gmail.com
DOI: http://dx.doi.org/10.24014/ijaidm.v9i1.38528

1. INTRODUCTION

Mental illness is one of the most pressing global health issues in the modern era. More than 300
million people, or about 4.4% of the world's population, struggle with depression [1]. A recent survey from
the Indonesia National Adolescent Mental Health Survey (I-NAMHS) found that around 5.5% of adolescents
aged 10-17 years were diagnosed with a mental disorder in the past 12 months, while around one-third had at
least one mental health problem [2]. Indonesia's population at the end of 2022 reached 277.75 million, with a
dominant adolescent age group. This group falls into the category of adolescents and the productive age [3].
In the Indonesian context, the population is dominated by Generation Z, which is at high risk of experiencing
mental health problems due to increasingly complex academic, social, and digital environmental pressures

[4].

However, despite the growing recognition of the importance of addressing the mental health of this
generation, traditional approaches to handling mental health issues are often ineffective and insufficiently
responsive to contemporary developments. One of the main obstacles is the lack of objective and efficient
detection tools to identify mental health disorders in Generation Z at an early stage. Therefore, innovative
solutions are needed that can provide more accurate and faster results. The big data-based approach with a
machine learning classification model is a solution for detecting mental health problems in the younger
generation in real time. Methods such as Random Forest, Support Vector Machine (SVM), and Logistic
Regression are used in this study, which aims to develop a model that can analyze mental health data that is
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more accurate and faster regarding a person's mental health condition. Based on the research results, in the
initial stage, 523 respondent data were collected, but only 2 (0.38%) were at risk, resulting in a very
unbalanced class distribution. The data was then increased to 733 with 212 respondents at risk (=30%),
making it more representative. Of the 92 variables, after cleaning and feature selection, 58 variables
remained.

Three algorithms were used: Logistic Regression, SVM, and Random Forest with SMOTE and
class_weight techniques to overcome the imbalance. The test results showed an accuracy of 93-94%, recall
of 100%, and an F1 Score of 0.90. Logistic Regression was chosen as the best model because it balanced
accuracy, stability, and complexity.

Mental illnesses such as stress, trauma, and anxiety are the highest factors that damage mental
health. Stress measurements and heart rate variability (HRV) metrics were used to evaluate changes in
psychological stress [5]. A meta-analysis and literature review were conducted to determine the relationship
between stress and heart rate variability (HRV) as an indicator of psychological stress [6]. Mental health
disorders such as stress, trauma, and anxiety are also serious and growing problems, especially among
Generation Z. Various factors such as academic pressure, economic uncertainty, and high exposure to social
media cause high levels of stress and anxiety among adolescents and young adults [7]. This situation is
exacerbated by limited access to mental health services, a shortage of professionals, and the persistent stigma
surrounding those with psychological disorders. Data from the Sample Registration System compiled by the
National Institute of Health Research and Development in 2016 revealed that approximately 1,800 people
commit suicide each year, highlighting the urgency for a more systematic approach to addressing this issue.
Various approaches have been developed, one of which uses Artificial Intelligence (Al) such as chatbots and
machine learning algorithms to predict mental disorders [8], [9], [10], and [11].

However, the main problem faced in identifying mental health conditions in Generation Z is the
limitation in early detection. Conventional methods such as standard questionnaires are often not accurate
enough, besides that the factors that affect the mental health of this generation are very diverse and difficult
to measure using traditional approaches. In this era of digitalization, data technology can provide a more
effective solution. One approach that can be used is machine learning, which can analyze large data sets to
identify patterns that may not be easily visible to humans. Herefore, the Random Forest, Support Vector
Machine (SVM), and Logistic Regression approaches were chosen for their ability to handle complex data
and provide more accurate diagnoses. Therefore, approaches based on Random Forest, Support Vector
Machine (SVM), and Logistic Regression were chosen for their ability to handle complex data and provide
more accurate diagnoses.

This study aims to develop a machine learning model that can classify mental illnesses such as
stress, trauma, and anxiety. One of the main issues to be addressed in this research is how machine learning
models can effectively classify these mental conditions. In this regard, the research will explore the use of
data that can help the model distinguish the symptoms of each mental illness. However, collecting accurate
and representative data for model training also poses significant challenges, including limitations in obtaining
valid personal data, as well as variations in how individuals express or show their symptoms. Furthermore,
this research will also evaluate how accurately machine learning models can identify these mental conditions,
taking into account various factors that can affect the level of accuracy, such as the quality and diversity of
the data used.

Artificial intelligence has been used more and more in recent research to forecast mental illnesses.
However, traditional surveys are often lack the accuracy to capture varied stressors, making it difficult to
identify mental health disorders in Generation Z. Three particular algorithms Logistic Regression (LR),
Support Vector Machine (SVM), and Random Forest (RF) are used in this work to close the gap. Because of
its minimal clinical categorization complexity and stability, LR was chosen. Then SVM is better at locating
ideal hyperplanes in high-dimensional psychological feature spaces. In the meantime, RF was selected due to
its strong ensemble method for managing complicated datasets' non-linear patterns. In contrast to earlier
studies that concentrate on broader demographics, this study focuses on the particular academic and digital
challenges that Indonesian Generation Z faces.

This research is important for identifying mental health issues, particularly among Generation Z, by
leveraging the sophistication of current technology, namely Machine Learning. Therefore, various Machine
Learning algorithms were tested to predict students’ mental well-being by exploring the use of health
behavior data [12]. Furthermore, Machine Learning also helps improve healthcare services by focusing more
on patient care rather than searching for or inputting information [13]. Patient mental health can be measured
validly using several psychological measurement approaches with the Depression, Anxiety, and Stress Scale
(DASS 21) questionnaire. The results of this measurement can describe an individual's mental health
condition validly [14].
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2. RESEARCH METHOD

This study was conducted in three main steps to ensure the results are clear and reliable. First, we
measured stress, anxiety, and trauma using three psychological questionnaires such as the DASS-21, STAI,
and ACE. It is commonly acknowledged that these instruments are trustworthy for evaluating mental health
issues. The second step involved cleaning and preparing the gathered data for analysis. Third, a machine
learning approach was used to identify patterns and learn from the data that is already available. The system
can assess a person's risk of mental health issues based on their responses. The stages of the study are shown
in the Flowchart in Figure 1.
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Figure 1. Research method diagram

2.1 Materials

Conducting an extensive literature review to understand the latest research in mental health
detection using machine learning. The questionnaire measurement method using a valid instrument approach
is described as follows:

1. The Depression, Anxiety, and Stress Scale - DASS-21 aims to assess and distinguish symptoms of
anxiety and depression, based on the Tripartite Model [15],[16]. It consists of 21 items, with
participants responding using a 4-point Likert scale. Regarding psychometric studies, the DASS 21
has been tested and confirmed, with adequate levels of internal consistency found for each factor
[16].

2. Psychological Modeling to detect anxiety levels. The Spielberger State-Trait Anxiety Inventory
(STAI) is a 40-item self-report measure of anxiety using a 4-point Likert-type scale for each item
[18]. The total score for each scale ranges from 20 to 80, with higher scores indicating more severe
anxiety levels. The 4-point scale for T anxiety is: 1) almost never, 2) sometimes, 3) often, 4) almost
always [17].

3. Psychological Modeling to detect trauma levels through the Adverse Childhood Experiences (ACE)
Model to evaluate negative experiences during childhood and their impact on physical and mental
health in adulthood. The ACE questionnaire consists of 10 questions. The total score can range from
0 (no traumatic experiences) to 10 [18].

2.2 Participants

In collecting data, the author faced a major challenge, namely limitations in obtaining valid personal
data and variations in the way individuals expressed or showed their symptoms. However, to overcome this
problem, we conducted a direct survey of 500 young people aged 17-24. Each participant was then given
three questionnaires to measure stress, anxiety, and trauma levels as tools to assess their symptoms. The
collected data was structured in Excel format.

2.3 Tasks and Methods
A sub-section Methods should describe how materials are manipulated, how data are analyzed,
which metrics are used, how measures and calculations are done, etc. When participants are involved in the
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experiments, the Methods section may include two sub-sections: Tasks and Design and Analysis. The Tasks
section would include a description of what the participants did during the experiment. Design and Analysis
would detail all that done by researchers.

2.3.1 Data Preparation
At this stage, the collected data is cleaned, then the text data will be transformed into numerical data
(encoding). For empty data, data filling (imputation) will be carried out before the data is used by the model.

2.3.2 Machine Learning Model Development

The collected data will be analyzed using a machine learning model. Several machine learning
models, such as Logistic Regression, Random Forest, and Support Vector Machine (SVM), will be used to
classify stress, anxiety, and trauma levels in this study. The following is an explanation of machine learning
models: (1) Random Forest is a type of ensemble model consisting of several independent Decision Trees.
Each Decision Tree is built using a random subset of the training data and a random subset of features. (2)
Logistic Regression is a model that uses a logistic function to find a linear relationship between input
variables and the probability that the target variable takes a certain value. (3) SVM is a model that will find a
hyperplane in a feature space that separates as many target classes as possible with a maximum margin.

2.3.3 Model Results

One of the main aspects of machine learning model results is prediction accuracy [19]. High
accuracy indicates that the model has a good ability to learn patterns from training data and apply them
accurately to new data. Accuracy is calculated in equation (1).

Number of correct predictions

Acuitas = X 100% (D)

Total number of samples

2.3.4 Model Evaluation

In addition to accuracy, machine learning models are also evaluated using performance evaluation
metrics such as precision, sensitivity (recall), specificity, F1 score, and area under the ROC curve AUC
Curve and Confusion Matrix. In the confusion matrix above, four main cells are shown in Figure 2.

Actual Values

Positive (1) Negative (0)

Positive (1) TP EP

Negative (0) FN TN

Predicted Values

Figure 2. Confusion Matrix

Here is an explanation of the confusion matrix (evaluation matrix) above. True Positive (TP): The
number of samples that are correctly predicted as positive by the model. False Negative (FN): The number of
samples that are incorrectly predicted as negative by the model when they should be positive. False Positive
(FP): The number of samples that are incorrectly predicted as positive by the model when they should be
negative. True Negative (TN): The number of samples correctly predicted as negative by the model [20].
From the confusion matrix, you can calculate various performance metrics, such as accuracy (equation 2),
precision (equation 3), recall (equation 4), and F1-score (equation 5). Here are the formulas for these metrics,
which are shown in equations 2-5.

TP+TN

Acuitas = ———— )
TP+FN+FP+TN
Precision = — 3)
TP+FP
Recall (sensitivity) = —— )
ecall (sensitivity) = ——
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F1 — Score = 2 X PreCL:SL:oanecall (5)
Precision+Recall
The following is an explanation of the ROC AUC evaluation matrix that evaluates the performance
of the classification model along with an image depicting the ROC curve. True Positive Rate (TPR) and False
Positive Rate (FPR). TPR, also known as sensitivity, is the proportion of positive cases correctly predicted as
positive by the model. It is calculated in equation (6).

TP
TP+FN

TPR = (6)

FPR is the proportion of negative classes that are incorrectly predicted as positive by the model. It is
calculated as in equation (7).

FP
FP+TN

FPR =

()

3. RESULTS AND ANALYSIS
3.1 Materials

Conducting an extensive literature review to understand the latest research in mental health
detection using machine learning. The questionnaire measurement method using a valid instrument approach
is described as follows: The Depression, Anxiety, and Stress Scale - DASS-21 aims to assess and distinguish
symptoms of anxiety and depression, based on the Tripartite Model [15]. It consists of 21 items, with
participants responding using a 4-point Likert scale. Regarding psychometric studies, the DASS-21 has been
tested and confirmed, with adequate levels of internal consistency found for each factor [16]. Psychological
Modeling to detect anxiety levels. The Spielberger State-Trait Anxiety Inventory (STAI) is a 40-item self-
report measure of anxiety using a 4-point Likert-type scale for each item [17]. The total score for each scale
ranges from 20 to 80, with higher scores indicating more severe anxiety levels. The 4-point scale for T
anxiety is: 1) almost never, 2) sometimes, 3) often, 4) almost always. Psychological Modeling to detect
trauma levels through the Adverse Childhood Experiences (ACE) Model to evaluate negative experiences
during childhood and their impact on physical and mental health in adulthood. The ACE questionnaire
consists of 10 questions. The total score can range from 0 (no traumatic experiences) to 10 [18]. The articles
included in this study were selected based on three primary criteria: (1) Peer-reviewed journals published
within the last five years to ensure contemporary relevance; (2) Research focusing specifically on machine
learning applications in mental health classification; and (3) Studies utilize standardized psychological
instruments such as DASS-21, STAI, or ACE.

3.2 Participants

In collecting data, the author faced a major challenge, namely limitations in obtaining valid personal
data and variations in the way individuals expressed or showed their symptoms. However, to overcome this
problem, we conducted a direct survey of 523 young people aged 17-24. Each participant was then given
three questionnaires to measure stress, anxiety, and trauma levels as tools to assess their symptoms. The
collected data was structured in Excel format.

3.3 Methods
3.3.1 Data Collection

This study adopted a quantitative computational approach to develop a supervised machine learning
classification model for mental health detection. Data were collected through standardized online
questionnaires distributed to a sample of 733 individuals aged 17-24. The participants were recruited via
Google Forms and partnered psychological clinics, including Bunda Lucy Adolescent Counseling Center and
the UICI Counseling Center. Three validated psychological instruments were administered: the Depression
Anxiety Stress Scale (DASS-21), State-Trait Anxiety Inventory (STAI), and Adverse Childhood Experiences
(ACE) questionnaire. The dataset included 92 variables spanning psychological scores and demographic data
such as age, gender, education, employment status, and province of residence.

3.3.2 Data Preparation (Understanding and Cleaning the Data)

Initial analysis revealed an imbalanced dataset: only 2 of 523 respondents (0.38%) were identified
as at risk. To address this, additional data were collected to achieve a more balanced class distribution,
resulting in 733 respondents, with 212 (29%) categorized as at-risk. The dataset included mixed data types:
float, integer, and categorical string variables. After removing irrelevant and duplicate columns, 58 features
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were retained. Missing values were handled using mean imputation for numeric variables. Variables with
consistent values across a single class or high multicollinearity were reviewed for potential removal.

3.3.3 Data Transformation

Categorical variables (e.g., gender, occupation, residence type) were transformed using one-hot
encoding. Employment status was encoded into four categories: Unemployed (0), Employed (1), Student (2),
and University Student (3). Gender was encoded as Male (0) and Female (1), and residence was categorized
as Living Alone (0), With Friends (1), or With Family (2).

3.3.4 Data Visualization (Bar Chart Analysis)
1. Gender Distribution
As shown in the first chart, female respondents had a higher total count (n=465) than male
respondents (n=268). Among females, 117 individuals (25.2%) were categorized as at risk, while 95
males (35.4%) were identified as at risk. This suggests a relatively higher proportion of mental
health risk among male respondents despite a smaller total number.

2. Occupation Distribution
The second chart highlights a significant difference among occupation groups. Employed
individuals exhibited the highest proportion of at-risk respondents (186 out of 255; ~73%),
indicating substantial mental health vulnerability in this group. In contrast, high school students had
almost no representation in the at-risk category, suggesting potential resilience or underreporting
among this subgroup.

3. Major Category Distribution
The third chart compares technical and non-technical majors. Respondents from non-technical
majors dominate the dataset (459 not at risk, 157 at risk), but the technical group showed a relatively
high risk ratio, with 55 of 117 (47%) classified as at risk. This implies that mental health concerns
are prevalent across academic disciplines but are more proportionately distributed among technical
majors.

4. Current Residence Distribution
In the fourth chart, those living alone (59 out of 97; ~60.8%) and sharing a room with a friend
(almost equally distributed across classes) showed higher vulnerability than those living with family,
where the majority (465) were not at risk. This trend underscores the potential protective effect of
familial support on mental well-being.

5. Province Distribution
The final chart shows mental health risk across three provinces. Central Java had the highest total
number of respondents (395), with 98 (24.8%) at risk. West Java, despite a smaller sample,
exhibited the highest at-risk ratio (61 out of 146; ~41.8%), highlighting potential regional variation
in mental health dynamics.

Data distribution is shown in Figure 3.

3.4 Machine Learning Model Building
3.4.1 Modeling Approach

To address the classification task of identifying mental health risk, three supervised machine
learning algorithms were utilized: Logistic Regression, Support Vector Machine (SVM), and Random Forest.
These models were selected based on their proven robustness and interpretability in psychological and
behavioral classification tasks. Given the highly imbalanced nature of the dataset, the Synthetic Minority
Oversampling Technique (SMOTE) was applied to augment the minority class and prevent model bias.
Additionally, class weighting was employed as a complementary strategy. This mechanism assigns greater
weight to the minority (at-risk) class, so that misclassifications in this class are penalized more heavily than
those in the majority class.

3.4.2 Building Model

The model works is as follows.
Step 1 : Prepare the feature matrix X dan target Y. Use data that is free from leakage.
Step 2 : Split the dataset into 70% for training and 30% for testing.
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Step 3 : Perform cross-validation on the training set.

Step 4 : Impute missing values, apply scaling, and use SMOTE because the data are imbalanced.

Step 5 : Perform hyperparameter tuning with GridSearchCV and set class_weight = “balanced” to handle
class imbalance. The parameters are searched over the following ranges. After tuning, the best
model uses a regularization value C = 0.0008

Step 6 : Train the model by fitting Xtrain, Ytrain using the best parameters.
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Figure 3. Data Distribution

3.4.3 Model Results
Table 1. Comparation of Model Results

Model Akurasi  Taining Tes Training Tes

Akurasi Akurasi Akurasi Akurasi Akurasi ROC_AUC
Logistic Regression 0.936 0.954 0.936 0.936 0.954 0.936 0.995
SVM 0.936 0.970 0.936 0.936 0.970 0.936 0.994
Random Forest 0.932 0.953 0.932 0.932 0.953 0.932 0.995

Table 1 compares the performance of three machine learning models: Logistic Regression, Support
Vector Machine (SVM), and Random Forest. All models exhibit high performance across multiple evaluation
metrics, including Accuracy, Precision, Recall, F1 Score, and ROC AUC. Accuracy: Logistic Regression and
SVM both achieve the highest overall accuracy of 0.936, while Random Forest is slightly lower at 0.932.

Training vs. Test Accuracy: SVM has the highest training accuracy at 0.970, which may suggest a
slight overfitting compared to its test accuracy (0.936). Logistic Regression shows a smaller gap between
training (0.954) and test accuracy (0.936), indicating better generalization. Random Forest has a training
accuracy of 0.953 and test accuracy of 0.932, also reflecting good generalization.

Precision and Recall: All models reach a perfect recall score of 1.0, which means they are highly
effective in identifying all relevant positive cases. However, the precision varies slightly: Logistic Regression
and SVM have a precision of 0.821, Random Forest has a slightly lower precision at 0.810.

F1 Score: Logistic Regression and SVM again perform equally well with an F1 score of 0.901,
while Random Forest is marginally lower at 0.895.
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ROC AUC: All models perform excellently in terms of ROC AUC, with values very close to 1.0.
Logistic Regression and Random Forest share the highest ROC AUC of 0.995, while SVM is just slightly
behind at 0.994.

3.4.4 Model Evaluation

In Figure 4 is a three models demonstrate excellent classification capabilities, particularly in
detecting "At-Risk" (Beresiko) cases, with a perfect recall score of 1.0 and no false negatives. This is
especially crucial in medical contexts or early warning systems, where failing to detect at-risk cases can have
severe consequences. However, a notable difference lies in the number of false positives, where "Healthy"
(Sehat) cases are incorrectly classified as "At-Risk." Both Logistic Regression and SVM produce 14 false
positives, whereas Random Forest produces 15. This difference affects precision and F1-score, with Logistic
Regression and SVM slightly outperforming Random Forest. Considering the overall confusion matrix
results, it can be concluded that Logistic Regression and SVM are more optimal in balancing accurate risk
detection while minimizing false alarms. Random Forest remains competitive but tends to produce slightly
more misclassifications for the "Healthy" class.

The performance of three classification models Logistic Regression, Support Vector Machine
(SVM), and Random Forest was evaluated using standard metrics. Table 1 summarizes the evaluation results.
All models achieved high accuracy, with Logistic Regression and SVM showing the highest test accuracy
(0.936), and Random Forest slightly lower (0.932). All models recorded a recall of 1.0, indicating no "At-
Risk" cases were misclassified.

However, differences were observed in precision and Fl-score. Logistic Regression and SVM
achieved a precision of 0.821 and F1-score of 0.901, while Random Forest showed slightly lower values
(precision = 0.810, F1 = 0.895). ROC AUC values were high across all models (>0.99), suggesting excellent
classification performance. Confusion matrix analysis confirmed these results. Logistic Regression and SVM
produced 14 false positives, while Random Forest produced 15. No false negatives occurred in any model.
No unexpected results were observed, but the consistently perfect recall across all models highlights their
reliability in identifying at-risk cases, a key consideration in risk-sensitive domains.
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Figure 4. Confusion Matrix of All Models

4. CONCLUSION

Among the three models evaluated, Logistic Regression demonstrated the best overall performance
by achieving high accuracy, perfect recall, and the lowest number of false positives alongside SVM. While
SVM showed similar results, Logistic Regression offered a better balance between training and testing
performance, indicating stronger generalization. Therefore, Logistic Regression is the most optimal model
for accurately detecting at-risk individuals while minimizing false alarms. The implication of these findings
is significant for early mental health detection systems. Achieving perfect recall indicates that the model
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successfully identifies all at-risk individuals, thereby minimizing the likelihood of missing vulnerable cases.
At the same time, maintaining a low false-positive rate helps reduce unnecessary psychological labeling,
stigma, and inefficient allocation of clinical resources. In practical settings such as schools, workplaces, or
primary healthcare facilities, a well-generalized Logistic Regression model can serve as a reliable first-line
screening tool due to its interpretability and transparency, which are essential for clinical acceptance and
ethical accountability. Furthermore, the interpretability of Logistic Regression allows practitioners and
researchers to understand the contribution of each psychological variable to the prediction outcome. This can
support evidence-based decision-making and facilitate communication between data scientists and mental
health professionals. Future research should focus on validating this model using larger and more diverse
datasets to enhance external validity and demographic generalizability. Additional studies may also explore
hybrid or ensemble approaches to further improve robustness while maintaining interpretability, as well as
assess real-world deployment considerations such as fairness, bias mitigation, and clinical integration.
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