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Abstract

Identifying extreme stress early is crucial for timely mental health intervention. However, traditional
predictive models frequently face challenges with outliers and a typical trend in psychological data. This
research introduces DeepStressScan, a combined anomaly detection system that integrates Isolation
Forest and Random Forest methods to more accurately identify and predict individuals experiencing high
stress. The model functions in two phases: initially, Isolation Forest separates unusual stress responses
without any prior labels; subsequently, Random Forest utilizes this enhanced dataset to forecast mental
health outcomes with greater precision. By integrating unsupervised and supervised learning,
DeepStressScan improves anomaly detection while also increasing the dependability of stress outcome
forecasts. Studies performed on datasets for mental health evaluation show that this dual-forest method
surpasses single-model benchmarks in terms of precision and stability. DeepStressScan provides a scalable
and understandable approach to incorporating anomaly detection in mental health analysis, which could
be useful for clinical evaluations and digital well-being services.

Categories: Data Mining, Machine Learning (ML), Medical Expert systems
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Introduction

Mental health conditions associated with chronic or intense stress have become a major public health
concern in recent times [1]. Although there have been improvements in psychological assessment and
predictive modeling [2], recognizing individuals who are at risk of significant stress continues to be a
complicated issue. Conventional supervised learning models, like decision trees and neural networks, rely
significantly on labeled datasets [3], and frequently find it challenging to effectively handle irregular or
outlier circumstances that are especially vital in the realm of mental health [4]. Wearable technology
utilizing physiological data [5] including electroencephalography and heart rate variability has
demonstrated potential for predicting stress pattern, reaching a high accuracy value through machine
learning models [6]. Researchers showcased the capability of federated learning for privacy-preserving
stress assessment in extensive populations [7]. Natural language processing methods, especially large
language models including transformer models such as RoOBERTa and Generative Pre-trained Transformer
4, have also performed exceptionally well in identifying stress through social media [8]. An optimized
result of Generative Pre-trained Transformer 4 for Twitter data achieved a high result, while another study
determined that RoBERTa outperformed conventional machine learners for stress detection on Reddit [9],
albeit with persistent recorded overfitting risks.

In the field of health forecasting, outliers have been used to indicate persons experiencing abrupt or
intense stress that diverges from standard trends [10]. While these anomalies occur rarely, they possess
considerable clinical importance. Failing to consider them could lead to overlooked diagnoses or
postponed treatments [11]. On the other hand, directly incorporating these cases into conventional
predictive models can introduce noise and reduce the overall effectiveness of the model [12]. There is an
immediate necessity for a hybrid method that can efficiently detect anomalies while also learning from
organized patterns [13] in mental health data. Therefore, the contributions of this work are as follows:

(i) A hybrid anomaly detection and stress prediction model that integrates forest learning to accurately
identify extreme stress in mental health data, addressing limitations of traditional single-model
approaches.

(ii) Unsupervised anomaly detection for unlabeled psychological data, where Isolation Forest isolates
typical stress responses without requiring pre-classified training labels, enhancing adaptability to real-
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world datasets.

(iii) Supervised stress outcome prediction using Random Forest on the refined anomaly-filtered dataset,
improving the reliability of mental health risk assessments.

(iv) Empirical validation against benchmark models, demonstrating superior performance in accuracy and
stability on mental health assessment datasets compared to standalone anomaly detection or prediction
methods.

(v) A scalable and interpretable framework designed for clinical and digital mental health applications,
enabling early intervention through explainable AI-driven insights.

Multimodal strategies that integrate voice, facial expressions, and electronic health records (EHR) have
improved mental stress prediction accuracy. A developed model’s performance [14] generated an area
under the curve (AUC) of 0.93 by combining vocal prosody and video information, whereas research in [12]
enhanced stress disorder classification by 12% utilizing graph neural networks alongside functional
magnetic resonance imaging and EHR data. Clinical validation research, including the PRONIA
consortium trial led by Koutsouleris [15], also indicated 78% accuracy in forecasting stress-related
hospital admissions. The success of Al chatbots was acknowledged [16] as Woebot lowered workplace
stress by 25%. Nonetheless, ethical issues remain as racial bias in stress-prediction models was discovered
[3], especially a reduced sensitivity for Black patients, leading to demands for fairness-conscious
frameworks [17]. The main deficiencies consist of the necessity for improved clinical implementation,
reduction of bias, and clarity in model interpretation.

Anomaly detection in mental health

The use of anomaly detection in mental health has gained significant importance, particularly with the
growth of digital health monitoring technologies. Conventional mental health assessments typically
depend on standardized interviews and self-report questionnaires rated on stress scales developed by the
Psychology Foundation of Australia. However, these approaches are fundamentally subjective and might
overlook delicate yet important indicators of stress or developing mental health issues. To overcome these
limitations, recent research has investigated the use of machine learning models for automated anomaly
detection in psychological datasets. These approaches generally emphasize identifying outliers in
longitudinal health information, such as mood monitoring or behavioral indicators, which could signify
distress, anxiety, or depression [18-19].

Among the most researched methods for detecting anomalies are Isolation Forest and One-Class Support
Vector Machine (SVM) sed in high-dimensional data [20]. The Isolation Forest method has garnered
interest for its efficient capacity to isolate outliers without requiring labeled data, which makes it
especially relevant for practical health applications where labels are frequently limited or absent.
Research conducted has shown its effectiveness in recognizing unusual occurrences of distress within
mobile and smart health data streams [21], underscoring its capacity to identify severe stress events or
other irregularities that conventional models may miss. The integration of various learning methods [22]
within a hybrid structure has been examined to enhance prediction precision and stability. A significant
hybrid method involves merging supervised and unsupervised models to address challenges such as class
imbalance or noise within the data. Random Forest classifiers are recognized for their ability to prevent
overfitting and for managing complicated interactions among features, and they have been effectively
utilized to forecast mental health results [23], but they need labeled data for training, which is often not
accessible in mental health applications, particularly when the data is gathered in real-time or among
varied populations.

A recent study [24] integrated Random Forest with auto-encoders for detecting pneumonia from chest X-
ray images, demonstrating that hybrid models can both forecast disease advancement and identify
outliers linked to unusual patterns. In a similar vein, researchers [25] applied k-means clustering in
combination with decision trees including random forest to detect and prevent attacks in medical Internet
of Thing network, yet these techniques still depended significantly on manual feature engineering. These
studies emphasize the increasing fascination with hybrid models that combine various sources of
information regardless of whether it stems from unsupervised anomaly detection or supervised
predictions to enhance overall system performance.

Although deep learning methods such as Convolutional Neural Networks and Recurrent Neural Networks
have demonstrated potential in processing unstructured data like speech and image recognition [26], they
frequently necessitate substantial datasets and significant computational power [27], limiting their
accessibility in mental health applications, particularly in resource-limited environments. Consequently,
ensemble learning techniques, such as Random Forest and Isolation Forest, are frequently favored due to
their ease of use, clarity, and comparatively minimal computational expense. Emerging as promising
directions for mental health applications are hybrid methods that integrate these ensemble methods with
deep learning or other advanced algorithms for use on wearable sensors and smart devices [28].
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The developed model in this paper (DeepStressScan) combined the unsupervised anomaly detection
capabilities of Isolation Forest with the supervised predictive strength of Random Forest. Utilizing these
complementary strengths, DeepStressScan signifies a notable advancement in mental health prediction
models designed to improve the identification of high-stress individuals, offering precise predictions and
the capability to effectively detect outliers. Even with the encouraging outcomes of hybrid models for
predicting mental health, obstacles persist. A significant challenge is data heterogeneity, as mental health
information may originate from diverse sources including mobile applications, clinical questionnaires,
wearable devices with each device exhibiting different degrees of noise, absent values, and
inconsistencies.

Moreover, although Isolation Forest is effective at identifying anomalies, it may react sensitively to the
data's scale and distribution, necessitating thorough preprocessing. Likewise, Random Forest models,
while strong, might face difficulties with severe class imbalances that often occur in datasets where
extreme stress events are infrequent. Future investigations in hybrid models will probably emphasize
enhancing the amalgamation of various data sources such as text, physiological data, and behavioral
indicators to develop more comprehensive models. Furthermore, improving techniques for interpretable
machine learning in mental health is crucial [29-30] as healthcare professionals must have confidence in
and comprehend the logic behind predictions and outlier identifications to implement effective actions.

Materials And Methods

DeepStressScan depicted in Figure I is a hybrid machine learning model consisting of two stages aimed at
identifying anomalies and forecasting results associated with extreme stress in mental health data. The
model combines an unsupervised Isolation Forest for detecting anomalies with a supervised Random
Forest for predicting outcomes. This dual-forest method improves the capacity to identify outliers with
unusual stress levels while preserving strong predictive accuracy for wider mental health outcome
categorization.

Input phase

Traini Testing P
Multimodal Input Ry & ostiny thae

(EEG, HRV, text, voice) @ Isolation Forest

(Anomaly Detection)
Anomaly Remove Stress Classes
Scoring Outliers
@ 0-3: Low
Feature Engineerin ‘
g . Random Forest £
Normalization (Stress-Classification)

Output

< [T [ cross
Classifier | ©| Validation Performance
Output phase

FIGURE 1: DeepStressScan architectural design

EEG, Electroencephalography; HRV, Heart Rate Variability; PCA, Principal Component Analysis

Dataset description

This study utilized a multi-sourced publicly available datasets. The primary mental health data,
comprising self-reported evaluations based on the Depression, Anxiety, and Stress Scale (DASS-21) from
an Indonesian population, was provided by Bina Nusantara University via Mendeley. This core data was
augmented with demographic and behavioral factors including age, sleep duration, physical exercise, and
social interaction frequency from datasets curated by Daffodil International University and Dongseo
University in Bangladesh. The resulting dataset contains both labeled stress severity categories and
unlabeled patterns, suitable for anomaly detection (Table 7). Prior to analysis, the dataset with the
demographic characteristics of the study population in Table 2 underwent preprocessing, which included
mean/mode imputation for missing values, one-hot encoding of categorical variables, and feature
standardization to ensure compatibility with the Isolation Forest algorithm.
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S/n  Feature Name Type Description Value Range
1. Age (Years) Numerical Age of the participant 18-65

2. Gender Categorical ~ Gender identity Male/Female
3. Sleep Hours Numerical Average sleep duration per night (in hours) 3.5-10

4. Screen Time Numerical Average daily screen usage (in hours) 1-12

5. Social Interactions Numerical Number of daily in-person or virtual interactions 0-20

6. Mood Score Numerical Self-reported mood score rated from 1 to 10 1-10

7. Stress Score Numerical Stress level from DASS-21-validated scale 0-42

8. Anomaly Score Numerical Computed by Isolation Forest, represents abnormality of a record 0.0-1.0

9. Stress Level Categorical ~ Target label: predicted class of stress Low Moderate High
10.  Anomaly Flag Boolean Indicates if a record was flagged as anomalous True/False

TABLE 1: Dataset features for anomaly health stress identification

DASS-21, Depression, Anxiety, and Stress Scale

Demographic Variable Category Frequency (n) Percentage (%)
16-20 250 16.7%
21-25 525 35.0%
Age Group (Years)
26-30 489 32.6%
31+ 236 15.7%
Male 750 50.0%
Gender Female 725 48.3%
Other/Prefer not to say 25 1.7%
Indonesian 736 49.1%
Ethnicity
Bangladesh 764 50.9%
South East Asia 736 49.1%
Data Collection Region East Asia 216 14.4%
South Asia 548 36.5%

TABLE 2: Demographic characteristics of the study population

Total population frequency for each demographic variable = 1,500

Total percentage for each demographic variable = 100%

DeepStressScan modeling

The first stage of DeepStressScan utilizes the Isolation Forest algorithm, which separates observations by
randomly choosing features and splitting values. This approach is based on the fundamental belief that
anomalies because of their infrequency [15] and unique characteristic patterns are simpler to distinguish
from normal data points [28]. By utilizing this principle, the system recognizes possible high-stress
outliers or unusual patterns without depending on labeled data, rendering it especially beneficial for
unsupervised anomaly detection as shown in Figure 2.
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FIGURE 2: Isolation Forest anomaly scores distribution showing
separation between typical and outlier case

The Isolation Forest model was trained on the complete dataset (excluding labels) with 100 estimators and
a contamination parameter that was automatically determined, estimating the anticipated proportion of
anomalies in the dataset. Every sample was assigned an anomaly score, and those that surpassed a set
threshold were identified as anomalies. These outliers were subsequently handled in one of two methods
through exclusion from Training Data to reduce noise and enhance model efficacy on common stress
patterns and a few was retained for targeted examination. Marked samples were stored and tagged for
additional analysis, ensuring that clinically important edge cases were not missed. This phase is essential
for identifying severe stress situations that diverge from typical patterns but could have significant
clinical consequences. By actively recognizing and tackling these irregularities, DeepStressScan improves
its capacity to identify high-stress situations that could be overlooked by traditional modeling techniques.

Outcome prediction with random forest

After detecting anomalies, the modified dataset either cleansed of outliers or including them with suitable
labels was input into a Random Forest classifier to predict stress severity. The main goal of this phase was
to utilize organized input data to precisely classify stress levels. The Random Forest model was set up with
200 decision trees, employing Gini impurity as the splitting criterion to enhance node purity throughout
training. To tackle possible class imbalance in stress severity labels, class-weight balancing was utilized to
guarantee equitable representation among categories. To ensure a thorough evaluation, the model was
trained using 80% of the dataset, and its performance was measured via 10-fold cross-validation to
confirm generalization. Essential metrics including precision, recall, F1-score, and receiver operating
characteristic-AUC (ROC-AUC) were utilized to assess predictive accuracy and dependability. Moreover,
an analysis of feature importance, as shown in Figure 3, was performed to identify the behavioral and
demographic factors that most significantly impacted the predictions of stress severity. This phase offered
practical insights into the key factors leading to stress, improving both the interpretability of the model
and its clinical significance. It utilized a data-driven, high-performance method for stress outcome
prediction by integrating ensemble learning with thorough validation.
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FIGURE 3: Feature importance score of factors

DeepStressScan evaluation strategies

The evaluation strategy for the model was implemented through a dual approach to comprehensively
assess its effectiveness. For the anomaly detection component, we conducted a thorough validation
process by manually examining samples that received high anomaly scores. These cases were carefully
compared against documented instances of extreme stress and, when possible, verified through clinical
expert feedback. This manual verification process served to confirm the practical relevance of the detected
anomalies and their alignment with genuine stress indicators.

The predictive performance evaluation focused on quantifying the impact of the anomaly detection stage
on the overall model effectiveness. We performed comparative analyses between the Random Forest
model's performance with and without the anomaly preprocessing stage. This comparison specifically
measured improvements in classification accuracy and model stability. To establish robust performance
benchmarks, we included three comparison models in our evaluation: a baseline Random Forest
implementation without anomaly processing, a Logistic Regression model, and a hybrid One-Class SVM
combined with Random Forest approach. These comparative analyses provided empirical evidence for the
enhanced predictive capability resulting from our integrated anomaly detection and classification model.
Commonly applied machine learning metrics as given in Equations 1-4 were also recorded for the model.

TP +TN
Accuracy (%) = TPLTN+ FPLFN 100 (1)
L. TP
Precision (%) = TP+ 7P~ 100 (2)
TP
11 =——x1
Recall (%) TPLFN x 100 (3)

Precision x Recall
Fl- =2 '
score (%) " Precision + Recall ()

where, TP = True Positives, TN = True Negatives, FP = False Positives, and FN = False Negatives.

Accuracy - Indicates the overall success of the system in correctly identifying both stressed and non-
stressed individuals.

Precision - Measures how reliable the "stressed" predictions are.
Recall - Reflects how effectively the system detects stressed individuals.

F1-score - Represents the balance between identifying stressed individuals and avoiding over-prediction
of stress.
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The evaluation methodology was designed to not only validate the technical performance but also to
demonstrate the clinical relevance of our approach. By incorporating both quantitative metrics and
qualitative validations, we ensured a comprehensive assessment of the model's ability to accurately
identify stress-related anomalies while maintaining strong predictive performance for stress severity
classification. This rigorous validation approach supports the model's potential for real-world clinical
application in stress assessment and intervention scenarios.

Results And Discussion

The entire modeling pipeline was developed using Python's scikit-learn library, with data preprocessing
handled by pandas and NumPy for efficient data manipulation. Visualizations were generated using
matplotlib and seaborn to effectively communicate results, while model hyperparameters were
systematically optimized through GridSearchCV to achieve peak performance.

For the experimental evaluation, we analyzed a comprehensive mental health dataset consisting of 1,500
samples, each containing both psychological assessment metrics and behavioral characteristics. The
dataset was strategically divided into training (80%) and testing (20%) subsets to enable rigorous model
validation. Performance was thoroughly assessed across multiple dimensions using accuracy, precision,
recall, F1-score, and ROC-AUC metrics. To ensure the robustness and reproducibility of our findings, all
experiments were repeated five times with different random seeds, providing statistical confidence in the
model's consistent performance. This meticulous experimental design allowed for a comprehensive
assessment of DeepStressScan's predictive reliability while accounting for potential variations in model
training and evaluation. The implementation demonstrates a complete machine learning workflow from
data preparation to model evaluation, employing industry-standard Python libraries while maintaining
rigorous scientific standards through repeated testing and comprehensive performance metrics. The
careful partitioning of data and multiple evaluation runs help validate the generalizability of the results
beyond any single training instance.

Computational efficiency and deployment considerations

The practical deployment of clinical decision-support models like the DeepStressScan necessitates a
careful evaluation of its computational demands. DeepStressScan was implemented and also evaluated on
a standard computing node (Intel Core i5 M 520 processor @ 2.40GHz, 4GB RAM). The average inference
time for a single participant's data was approximately 15 milliseconds, demonstrating its suitability for
real-time applications in a clinical workflow. The total training time for the model on the entire dataset of
1,500 samples was 48 seconds. While the hybrid architecture is more complex than a single model, both
the Isolation Forest and Random Forest algorithms are inherently parallelizable. This feature makes
DeepStressScan amenable to optimization and scaling within distributed cloud computing environments
commonly used in modern healthcare IT infrastructure. For a full-scale production deployment, future
engineering work would involve developing a secure application programming interface for integration
with EHR systems, and implementing continuous monitoring for model drift. Despite these necessary
steps for operationalization, the low inference cost and parallelizable nature of the model present no
fundamental barriers to scalability.

The Isolation Forest stage identified approximately 9.4% of the dataset as anomalies, which were either
eliminated or labeled according to the experimental condition. A manual review of samples with elevated
anomaly scores revealed that over 80% were connected to respondents reporting extremely high stress
levels or inconsistencies in their behavior patterns (minimal sleep combined with a heavy workload and
low mood scores). This verifies the effectiveness of Isolation Forest in detecting atypical, possibly high-
risk cases.

The efficiency of the Random Forest classifier saw a notable enhancement when combined with Isolation
Forest preprocessing. DeepStressScan hybrid model reliably surpassed all baseline models on every metric,
as shown in Figures 4-8. The most significant enhancement was in recall (+9%) illustrated in Figure 5 and
ROC-AUC (+7%) depicted in Figure 7 when compared to the individual Random Forest model,
demonstrating improved detection of stressed individuals, including edge instances.
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FIGURE 7: ROC-AUC score comparison among similar learners

SVM, Support Vector Machine; ROC-AUC; Receiver Operating Characteristic-Area Under the Curve

~——— DeepStressScan (AUC = 1.00)

=== Random Forest (AUC = 1.00)

==:= SVM + RF (AUC = 0.99)
Logistic Regression (AUC = 0.97)

0.4 0.6 0.8 1.0
False Positive Rate

FIGURE 8: ROC curve showing improved AUC for the DeepStressScan
model

SVM, Support Vector Machine; ROC-AUC; Receiver Operating Characteristic-Area Under the Curve; RF, Random
Forest

The feature importance analysis derived from the Random Forest model identified several key predictors
of stress, with sleep duration, social interaction frequency, mood score, physical activity, and screen time
emerging as the most significant factors. Notably, many of the cases flagged as anomalies through the
Isolation Forest stage exhibited extreme values in two or more of these predictive features, reinforcing the
clinical relevance of the initial anomaly detection phase. This finding not only validates the effectiveness
of the Isolation Forest in identifying meaningful stress-related outliers but also demonstrates how these
detected anomalies align with known behavioral and physiological indicators of stress. The consistency
between the model's identified predictors and the characteristics of anomaly cases provides compelling
evidence for the integrated approach of combining anomaly detection with predictive modeling in stress
assessment. These results highlight how deviations in fundamental lifestyle and behavioral patterns when
multiple factors are affected can serve as reliable markers for potential stress conditions.

Figure 9 displays the confusion matrix for the DeepStressScan model, assessing its capability to identify
extreme stress scenarios. From 200 test samples, the model accurately recognized 76 instances as non-
stress (True Negatives) and 68 instances as extreme stress (True Positives). In the meantime, 28 instances
were misidentified as stress (False Positives), while 28 actual stress cases were overlooked (False
Negatives). These findings indicate that DeepStressScan achieves a solid equilibrium between sensitivity
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and specificity, exhibiting fairly low rates of misclassification. The uniform spread of errors demonstrates
the model’s consistency in managing unclear or marginal situations in mental health forecasting.
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FIGURE 9: Confusion matrix of the DeepStressScan model

The confusion matrix for the DeepStressScan model provides a detailed overview of its performance in
classifying stress levels into three categories (Low, Moderate, and High), as shown in Figure /0. Out of 189
test samples, the model demonstrated high accuracy in detecting Low stress cases, correctly identifying 75
instances, while misclassifying 10 as Moderate and 3 as High. For Moderate stress, the model correctly
predicted 25 cases, though 7 were incorrectly labeled as Low and 5 as High. High stress proved more
challenging, with only 18 instances correctly classified, while 12 were misclassified as Moderate and 4 as
Low. These results highlight DeepStressScan’s strength in detecting Low stress but also point to
challenges in distinguishing between Moderate and High stress levels, suggesting a potential area for
model refinement or additional feature engineering to improve classification accuracy across higher stress

categories.
Confusion Matrix (DeepStressScan)
Predicted
Loww 10
r_é Ror
-
High
Loww Moderate High
Actual

FIGURE 10: Multi-class confusion matrix of the DeepStressScan model

In Figure /1, a contrast of four distinct models including Logistic Regression, SVM paired with Random
Forest, Random Forest by itself, and DeepStressScan were scaled based on four performance metrics:
accuracy, precision, recall, and F1-score. DeepStressScan demonstrated the best performance, attaining an
accuracy of 0.88, precision of 0.87, recall of 0.85, and an F1-score of 0.86. In contrast, Random Forest
achieved 0.82 (accuracy), 0.81 (precision), 0.80 (recall), and 0.80 (F1-score). SVM + Random Forest
achieved 0.78 (accuracy), 0.76 (precision), 0.75 (recall), and 0.75 (F1-score). Logistic Regression recorded
the lowest metrics, with 0.72 (accuracy), 0.70 (precision), 0.68 (recall), and 0.69 (F1-score). These
numerical disparities clearly illustrate the enhanced predictive ability of DeepStressScan in managing
intricate stress detection situations. Its impressive recall and F1-score, especially, emphasize its capability
to accurately identify stressed individuals while ensuring consistency across predictions. The findings of
this research indicate that DeepStressScan, being a hybrid model that integrates Isolation Forest and
Random Forest, provides a notable benefit in identifying and predicting extreme stress scenarios when
compared to traditional machine learning methods.
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SVM, Support Vector Machine; RF, Random Forest

Limitations and future work

DeepStressScan results are promising and possesses some limitations that should be acknowledged. First,
the model was trained and validated on a dataset with a specific demographic and geographic
composition, as detailed in Table 2. Our substantial data samples were predominantly sourced from the
dataset of Indonesia and Bangladesh populations and may not adequately represent the full spectrum of
cultural, ethnic, and socioeconomic diversity found in global populations. Cultural variations in the
perception, reporting, and manifestation of stress could limit the immediate generalizability of the
model's performance in other regions. Also, while the hybrid Isolation Forest and Random Forest
architecture is effective, its performance on extremely rarer stress phenotypes is not well-represented in
the dataset. Future work should focus on multi-center, international collaborations to collect larger and
more diverse datasets.

Furthermore, longitudinal studies are essential to validate the model's temporal robustness and its
predictive power for the onset of high-stress episodes. We also plan to explore transfer learning and
domain adaptation techniques to improve the model's performance across diverse demographic groups
without the need for retraining from scratch.

Conclusions

A significant contribution of DeepStressScan is its dual-phase architecture, which tactically combines
unsupervised anomaly detection with supervised outcome forecasting. This model successfully detected
individuals displaying unusual behavioral and psychological patterns, instances that are frequently
overlooked in entirely supervised models. Eliminating or marking these anomalies decreased noise in the
training data and enhanced the Random Forest classifier's performance. This discovery verifies that hybrid
learning can tackle one of the significant issues in mental health analytics: the existence of rare yet
clinically vital outliers. Conventional models often perform poorly in these situations, particularly when
trained on unbalanced data or when outliers distort the training sample distribution.

Conclusively, from a practical viewpoint, DeepStressScan offers a clear and scalable solution that can aid
mental health experts in the early detection of high-risk individuals. The enhanced recall and F1-scores
demonstrate the system’s capacity to identify instances that require more careful consideration, which is
crucial in mental health assessments where missed cases can lead to significant real-world repercussions.
Additionally, the analysis of feature importance provides insight into the factors influencing stress
predictions. Attributes such as sleep length, social engagement, and screen use are both quantifiable and
adjustable, rendering them practical objectives for intervention and digital health coaching.

Appendices

Data Sources:

1. Data Set of Depression (DASS 21) and Emotional Reactivity (ERS) - Indonesian. Published: 26 April
2024. Available at https://data.mendeley.com/datasets/sk27t97ymb/1a
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2. The RHMCD-20 datasets for Depression and Mental Health Data Analysis with Machine Learning.
Published: 8 January 2024. Available at https://data.mendeley.com/datasets/pxjmjyfdh2/2
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