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Abstract

Mental health sentiment classification from textual data has attracted
increasing attention as a computational approach to support large-
scale psychological assessment; however, multi-class classification
remains challenging due to noisy text, class imbalance, and semantic
overlap among categories. This study proposes and evaluates a
machine learning framework for seven-class mental health sentiment
classification that integrates enhanced text preprocessing with
lemmatization, data augmentation via back-translation, TF-IDF
feature extraction, and systematic model evaluation across multiple
classifiers, including Logistic Regression, Decision Tree, Random
Forest, Gradient Boosting, K-Nearest Neighbors, AdaBoost, and
XGBoost, under three hyperparameter tuning strategies: Grid Search,
Random Search, and Particle Swarm Optimization (PSO).
Experimental results indicate that ensemble-based models
consistently outperform single classifiers, with the PSO-optimized
Random Forest achieving the best numerical performance, attaining
an accuracy of 0.933, a macro F1l-score of 0.923, and a ROC AUC of
0.989, demonstrating strong generalization and balanced class-level
performance despite dataset imbalance. These findings confirm that
the combination of robust preprocessing and metaheuristic-based
hyperparameter optimization significantly enhances multi-class
mental health sentiment classification and supports its potential use
as a scalable decision-support tool for large-scale mental health
screening, while not intended to replace clinical diagnosis.

Keywords: Computational mental health, Multi-class sentiment
analysis, Ensemble classifiers, Hyperparameter optimization, Text-
based machine learning
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1. INTRODUCTION

The rising prevalence of mental health disorders, including depression,
anxiety, bipolar disorder, stress, suicidal ideation, and personality disorders,
constitutes a critical public health crisis. These conditions significantly impair
individual functioning and social productivity, yet a substantial gap persists in
global access to adequate psychiatric care [1], [2]. Factors including social
stigma, high treatment costs, and the subjective nature of psychological
assessment often delay early detection, reinforcing the need for scalable and
objective support mechanisms[3]. Consequently, scalable and automated
approaches for early mental health detection are increasingly required.

The widespread adoption of digital communication platforms has
enabled individuals to express psychological states in writing. Content
generated on social media, online forums, and digital interaction platforms
contains linguistic patterns that reflect emotional conditions and mental
distress[4], [5]. These characteristics position textual data as a valuable
resource for automated mental health analysis. In this context, sentiment
analysis supported by Natural Language Processing provides a computational
approach for extracting mental health indicators from unstructured text [6],
[71, [8].

Various machine learning approaches have been applied to mental
health text classification in prior studies [9], [10], [11]. Despite reported
effectiveness, most existing work focuses on binary or limited-class
classification settings, which do not adequately represent the complexity and
semantic overlap among different mental health conditions. Linguistic
similarities across categories reduce discriminative capability, making multi-
class mental health sentiment classification a challenging and comparatively
underexplored research problem [12].

Model performance in text-based mental health classification is strongly
influenced by hyperparameter configuration, particularly for ensemble-based
learning approaches. Conventional hyperparameter tuning methods are
commonly adopted but often exhibit inefficiency when applied to high-
dimensional and complex parameter spaces [13]. Such limitations may lead to
suboptimal parameter configurations, especially for ensemble models that are
sensitive to structural and feature-related parameters [14].

Particle Swarm Optimization is a population-based metaheuristic
algorithm inspired by collective swarm behavior and has demonstrated strong
capability in exploring large and non-linear search spaces efficiently [15], [16].
Despite its effectiveness across various optimization problems, its application
to hyperparameter tuning for ensemble learning in multi-class mental health
sentiment analysis remains limited. Furthermore, only a small number of
studies provide systematic comparisons between metaheuristic-based
optimization and conventional tuning strategies within a unified experimental
framework [17].

Text-based mental health datasets present additional challenges,
including noisy textual content, sparse feature representations, and skewed
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class distributions [18]. These characteristics can lead to biased predictions
and misleading performance evaluations if not carefully addressed. Although
various class balancing techniques exist, this study does not introduce an
explicit data balancing method. Instead, it emphasizes robust text
preprocessing, systematic hyperparameter optimization, and comprehensive
evaluation using class-sensitive performance metrics to ensure reliable
assessment across all mental health categories [19].

To address the identified research gaps, this study proposes a Random
Forest model tuned using Particle Swarm Optimization for multi-class mental
health sentiment classification based on textual data. The proposed
framework integrates comprehensive text preprocessing, tokenization,
stopword removal, data augmentation, feature vectorization, and rigorous
model training. In addition, a set of machine learning classifiers comprising
Logistic Regression, Decision Tree, Random Forest, Gradient Boosting, K-
Nearest Neighbors, AdaBoost, and XGBoost is evaluated using three
hyperparameter tuning strategies, namely Grid Search, Random Search, and
Particle Swarm Optimization, within a unified experimental framework to
enable a fair and systematic comparison of model performance and
optimization effectiveness [13], [14], [15], [16], [17].

This study has four contributions. First, it introduces a comprehensive
framework for seven-class mental health sentiment classification that reflects
the diversity of psychological conditions encountered in real-world textual
data. Second, it demonstrates that metaheuristic-based optimization can
effectively enhance classification performance compared to conventional
tuning strategies [15], [16]. Third, it provides a thorough experimental
evaluation using multiple performance metrics, offering deeper insights into
per-class behavior, model robustness, and generalization in practical mental
health text analysis scenarios [19]. Fourth, it presents a deployment-oriented
integration of the trained model into a web-based application, enabling real-
time inference, user interaction, and practical decision-support functionality
beyond offline experimentation.

2. RELATED WORKS

Text-based analysis has become a prominent approach in mental health
research, driven by the increasing availability of large-scale textual data from
social media and online communication platforms [4], [5], [6], [7]. Previous
studies indicate that linguistic features embedded in text can reflect
psychological signals related to various mental health conditions. As a result,
automated mental health classification using textual data has been explored as
a computational strategy to support large-scale screening and early detection
(3], [13].

Early research in this area predominantly employed conventional
machine learning classifiers combined with bag-of-words or TF-IDF feature
representations [7], [11], [12]. While these approaches yield reasonable
performance in binary or restricted multi-class settings, their effectiveness
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decreases when applied to more complex classification scenarios. Class
imbalance and overlapping linguistic characteristics among mental health
categories limit discriminative capability, motivating the exploration of more
robust modeling strategies [18].

To overcome these limitations, ensemble-based learning methods have
gained increasing attention. Approaches based on Random Forest, Gradient
Boosting, bagging-based ensembles, and hybrid ensemble architectures have
been shown to enhance robustness and generalization through the
aggregation of multiple weak learners [5], [9], [10]. Previous research
highlights that Random Forest-based approaches are particularly effective in
mental health prediction tasks, owing to their effectiveness in managing high-
dimensional feature spaces, noisy data, and non-linear relationships [9], [11].
Ensemble and hybrid models have also been reported to outperform
individual classifiers in various mental health prediction scenarios [5], [10].

Hyperparameter optimization has been identified as a crucial
component in improving model performance. Conventional tuning strategies,
including Grid Search and Random Search, are commonly adopted due to their
simplicity and reliability [13]. However, these approaches often require
substantial computational resources and may fail to efficiently explore large
parameter spaces, especially for ensemble-based models [14]. Consequently,
stochastic metaheuristic algorithms, such as Particle Swarm Optimization and
other evolutionary algorithms, are increasingly explored for machine learning
optimization tasks [15], [16].

Recent advances in machine learning have established Particle Swarm
Optimization (PSO) as one of the most widely adopted metaheuristic
algorithms for hyperparameter optimization because of its ability to efficiently
explore complex and high-dimensional search spaces while maintaining
relatively low computational cost [15], [16]. Recent studies have successfully
applied PSO to optimize Support Vector Machines, Random Forest, Gradient
Boosting, and Neural Network models, frequently achieving superior
predictive performance compared with conventional optimization approaches
such as Grid Search and Random Search [20], [21], [22]. These findings
demonstrate that PSO has become an effective optimization technique across
a broad range of machine learning applications.

In the field of mental health sentiment classification, however, the
application of PSO remains relatively limited. Existing studies primarily focus
on binary classification tasks such as depression detection or suicide risk
prediction, or they optimize a single classifier without systematically
comparing different optimization strategies under identical experimental
settings [17], [23]. Meanwhile, recent mental health classification research has
increasingly emphasized deep learning architectures and large language
models [19], [24], leaving comparatively few studies that investigate
lightweight ensemble-based machine learning models enhanced through
swarm-intelligence optimization. Consequently, the current state of the art
indicates that comprehensive evaluations integrating PSO, multiple machine
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learning classifiers, conventional hyperparameter tuning methods, and multi-
class mental health sentiment classification remain scarce.

Several studies suggest that Particle Swarm Optimization can effectively
guide the search process toward optimal or near-optimal hyperparameter
configurations, leading to improved classification performance [15], [16], [17].
Nevertheless, most existing research applying PSO in mental health-related
machine learning focuses on binary classification problems, specific
populations, or a limited number of mental health categories [9], [12].
Comprehensive evaluations that combine ensemble-based classifiers, multiple
tuning strategies, and multi-class mental health text classification remain
relatively scarce [19], [25].

Based on these observations, there is a clear need for a systematic
investigation that evaluates the impact of Particle Swarm Optimization on
ensemble-based models, particularly Random Forest, within a multi-class
mental health sentiment classification framework. This study addresses this
gap by providing a comprehensive comparison across multiple classifiers,
tuning strategies, and evaluation metrics using large-scale textual mental
health data.

3. ORIGINALITY

Previous studies on text-based mental health status classification exhibit
wide variation in datasets, modeling strategies, and analytical depth, yet
several recurring limitations remain. Binary or limited-class frameworks are
still prevalent; for example, Ghosal and Jain employ fastText and TF-IDF
features with an XGBoost classifier to distinguish depression and suicide
content on social media, which limits applicability to real-world scenarios
involving multiple coexisting mental health conditions [23]. To expand label
coverage, Sutranggono et al. propose a hierarchical multi-class framework,
while Hossain et al. introduce hybrid deep learning architectures integrating
opinion modeling and multi-task learning; however, these approaches
increase computational complexity and reduce scalability and reproducibility
[24], [26]. In parallel, Kallstenius et al. demonstrate that feature-engineered
traditional NLP models remain competitive against large language models, yet
their analysis primarily emphasizes benchmarking rather than systematic
ensemble optimization [19]. Juanita et al. further explore hybrid machine
learning optimized via Genetic Algorithms and Bagging for three-class clinical
classification, but do not investigate swarm-based optimization or extended
label diversity [27].

Collectively, existing studies emphasize restricted label spaces,
architectural complexity, or benchmarking-oriented evaluation, leaving the
systematic optimization of lightweight ensemble models combined with
enhanced linguistic preprocessing and data augmentation for scalable multi-
class classification insufficiently explored. Addressing this gap, the present
study introduces a computationally efficient seven-class mental health status
classification framework that integrates enhanced preprocessing (including
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lemmatization and back-translation augmentation), TF-IDF feature
representation, and Particle Swarm Optimization-driven ensemble learning,
and a web-based deployment architecture that supports real-time inference
and practical decision-support deployment.

4. SYSTEM DESIGN

Figure 1 shows the architecture of the proposed system. The framework
follows a sequential pipeline that transforms raw textual statements into
multi-class mental health predictions through preprocessing, data
augmentation, feature extraction, machine learning model training,
hyperparameter optimization, and comprehensive evaluation. This
architecture ensures modularity and enables a fair comparison across
different models and optimization strategies.

Data Collection

Mental Health
Text Dataset

Text Preparation

* Preprocessing

* Tokenization

* Stopword Removal
* Lemmatization

Feature Extraction
* TF-IDF Vectorization

* Data Augmentation

Model Training

Decission Gradient KNN
Tree Boosting Classifier

Model Evaluation Hyperparameter Optimization

* Evaluation Matrix * GridSearch
* Best Model Selection * Random Search AdaBoost | yen o Random

Classifier "o
Classifier Forest

¢ Final Output * PSO (ABR)

Logistic
Regression

Output

Optimized Random Forest Model

Predicted Mental Health Labels

Accuracy, Precision, Recall

Sytem Integration

Macro & Wighted F1-Score

Confusion Matrix & ROC Curve

Figure 1. Architecture of the proposed system

4.1 Data Collection

The system utilizes a publicly available mental health sentiment dataset
obtained from Kaggle and entitled Sentiment Analysis for Mental Health,
released in 2024. The dataset consists of curated textual statements
representing emotional expressions, thoughts, and psychological conditions
aggregated from multiple public sources, including social media platforms,
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Reddit discussions, Twitter content, and chatbot conversations. Each text
instance is assigned a single mental health label under a single-label
classification scheme. Such unstructured textual data inherently contain noise,
non-standard language patterns, and sparse feature representations, which
pose challenges for feature extraction and downstream classification in mental
health analysis [28]. Prior to further processing, the dataset was validated to
ensure completeness and label consistency [3], [7].

4.2 Text Preparation

Text preparation combines text preprocessing and data augmentation.
Textual preprocessing includes lowercase normalization and the removal of
punctuation, special characters, and numerical tokens. This is followed by
tokenisation, stopword removal and lemmatisation to standardise the textual
input.

The application of data augmentation to the training set is used to enrich
textual variation and improve model generalisation. The augmentation
technique employed was back-translation, where each textual instance was
first translated from English to French and then subsequently translated back
into English using the TextBlob library. This approach introduces lexical and
syntactic variations while preserving the original semantic meaning of the text.
After augmentation, the same preprocessing pipeline was reapplied to ensure
consistency across all samples. To prevent data leakage, no augmented
samples were included in the test set [29], [30].

4.3 Feature Extraction

Textual data are transformed into numerical feature vectors using the
Term Frequency-Inverse Document Frequency (TF-IDF) weighting scheme
[31]. TF-IDF measures the relative importance of a term within a document by
balancing its local frequency against its global distribution across the entire
corpus, thereby emphasizing discriminative terms while reducing the
influence of commonly occurring words. The TF-IDF weight is computed as
follows:

TF — IDF(t, d) = TF(t, d) x log (%(t)) (1)

In Equation (1), t denotes a term (word or token), and d represents a
document in the corpus. TF (t, d) is the term frequency, defined as the number
of occurrences of term t in document d. DF(t) refers to the document
frequency, indicating the number of documents in the corpus that contain term
t. N represents the total number of documents in the corpus. The logarithmic

factor log (%(t)) corresponds to the inverse document frequency, which

assigns higher weights to terms that appear in fewer documents and lower
weights to terms that are widely distributed across the corpus. Consequently,
the TF-IDF value reflects the importance of a term in a specific document
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relative to the overall corpus distribution and serves as an effective feature
representation for text classification tasks [7].

4.4 Model Training and Optimization

Multiple machine learning classifiers are employed in this study,
comprising Logistic Regression, Decision Tree, Random Forest, Gradient
Boosting, K-Nearest Neighbors, AdaBoost, and XGBoost. These classifiers
represent a diverse range of linear, non-linear, and ensemble learning
architectures commonly used in text classification and mental health
predictive analytics [2], [17].

Model training and hyperparameter optimization are conducted jointly
using three tuning strategies, namely Grid Search, Random Search, and Particle
Swarm Optimization[20], [21], [32]. The first two strategies serve as
conventional baseline tuning methods, while Particle Swarm Optimization is
employed as a metaheuristic approach to efficiently explore the
hyperparameter search space.

Particle Swarm Optimization (PSO) was implemented using a swarm of
10 particles and a maximum of 20 iterations. An inertia weight of 0.9 was
adopted, whereas the cognitive and social acceleration coefficients were set to
cl = 0.6 and c2 = 0.3, respectively. These coefficients were selected through
preliminary experiments that compared three acceleration coefficient
configurations, namely (2.0, 2.0), (1.0, 1.0), and (0.6, 0.3), before the final
optimization process. The selected configuration was then applied
consistently throughout all PSO-based hyperparameter tuning experiments.
This parameter selection strategy is consistent with previous studies
reporting that PSO performance is highly dependent on its control parameter
configuration and that suitable parameter values should be determined
empirically according to the characteristics of the optimization problem [33],
[34].

The optimization objective was formulated as minimizing a loss function
based on the average classification accuracy obtained through five-fold cross-
validation on the training data (loss = 1 - accuracy). This cross-validation-
based optimization strategy was adopted to ensure robust and stable
hyperparameter selection while reducing the risk of overfitting, particularly
for ensemble-based models with high-dimensional and complex parameter
spaces [13], [15].

4.5 Model Evaluation

Predictive performance is assessed by using multiple evaluation metrics
to provide a comprehensive analysis. Accuracy is reported as an overall
performance indicator, while precision, recall, and F1-score are employed to
analyse performance at class level. Macro and weighted F1-scores, confusion
matrix analysis, and ROC curve evaluation are employed to assess
classification effectiveness across all mental health categories [19], [24].
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The evaluation metrics are defined as follows:

TP+TN

Accuracy = ————— (2)
TP+TN+FP+FN
. TP
Precision = (3)
TP+FP
TP
Recall = (4)
TP+FN
Precision x Recall
Fl-score = 2 X recision X Reca (5)

Precision + Recall

In Equation (2)-(5), TP, TN, FP, and FN represent true positives, true
negatives, false positives, and false negatives, respectively. For multi-class
evaluation, macro and weighted F1-scores are computed by aggregating class-
wise F1-scores with equal and class frequency-based weighting, respectively.
Confusion matrix analysis and ROC curve evaluation are further employed to
examine misclassification patterns and discrimination capability across all
mental health categories [19].

4.6 Pseudocode

Algorithm 1 presents the pseudocode of the proposed Particle Swarm
Optimization-optimized Random Forest framework for multi-class mental
health sentiment classification. The algorithm summarizes the main stages of
data preparation, feature extraction, hyperparameter optimization, and final
model training.

Algorithm 1: End-to-End Pipeline of PSO-Optimized Random Forest for Multi-
Class Mental Health Sentiment Classification
Input: Raw text datasetD = (x;, y,), ¥,

{Normal, Depression, Anxiety, Stress, Bipolar, Suicidal, Personality Disorder}
Output: Optimal hyperparameters 6%, best accuracy Acc*, predicted labels ¥4

Phase 1: Data Preparation
Step 1: Text Preprocessing
For eachx; € D do
1. Convert text to lowercase;
Remove punctuation, numbers, and special characters;
Perform tokenization;
Remove stopwords;
Apply lemmatization;
Step 2: Text Augmentation and Normalization
Generate augmented texts Dg,, 4 using text augmentation techniques;

v~ W

N o

Reapply text preprocessing on Dy, g4;
8. Merge datasets Dfipng; < D U Dgyg;
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Step 3: Feature Extraction
9. Transform preprocessed texts in D_final into feature vectors X using TF-IDF
vectorization;
10. Step 4: Dataset Splitting
11. Split (X, y) into training set (X¢rain, Vtrain) and testing set (X¢est, Veest);
Phase 2: PSO-Based Hyperparameter Optimization
Step 5: Swarm Initialization
12. Initialize swarm P with N particles;
13. Each particle represents a hyperparameter set 6;;
14. Initialize particle positions x; and velocities v;;
15. Set pbest; « x;, gbest « arg max(Fitness);
Step 6: PSO Optimization Loop
While iter < Max_Iterations do
For each particlei € P do
17. Decode x; into 6;;
18. Train Random Forest model M; on (X¢rqin, Yerain);
19. Predict validation labels ¥,,,;;
20. Compute fitness using Accuracy or F1-Macro;
21. if Fitness; > Fitness(pbest;) then
22. pbest; « x;;
23. if Fitness; > Fitness (gbest;) then
24. gbest; « x;;
For each particlei € P do
25. vi « wv; + ¢y (pbest; — x;) + c,r,(gbest — x;);
26.x; <« x;+ v
Phase 3: Final Modeling
27. 0" « gbest;
28. Train final Random Forest model M*on (X¢rqin, Yerain)
29. Predict §;p5r « M*. predict(X,.s)
30. Compute final evaluation metrics (Accuracy, Precision, Recall, F1-score);
31. Return 8%, Acc”, Vet

4.7 Web-Based System Integration

The trained PSO-optimized Random Forest model was integrated into a
web-based application to enable real-time mental health status classification
and interactive user access. This deployment demonstrates the practical
feasibility of extending the proposed framework beyond offline
experimentation toward a lightweight decision-support system.

The system adopts a client-server architecture in which textual input is
submitted through the web interface and transmitted to the backend service
for processing. Automated preprocessing, including normalization and
lemmatization, is performed prior to feature transformation using the trained
TF-IDF vectorizer. The resulting feature vectors are then passed to the PSO-
optimized Random Forest model for inference, and the predicted class label
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along with its probability distribution is returned to the frontend for
visualization.

How's Your Day?

Input & Preciction Prodiction History

Model Performance (ROC Curve) Confusion Matrix

Figure 2. Web-based interface of the integrated mental health classification
system.

As illustrated in Figure 2, the user interface provides an input panel for
text submission, a prediction history table displaying previously analyzed
texts with predicted categories and confidence scores, and visualization
components for model performance, including ROC curves and confusion
matrices. These components support transparency, traceability, and usability
in the prediction process while facilitating exploratory analysis and result
interpretation.

5. EXPERIMENT AND ANALYSIS

This section describes the experimental configuration, dataset
characteristics, evaluation metrics, and performance analysis of the proposed
multi-class mental health sentiment classification framework. The
experiments are designed to assess the performance of multiple machine
learning models under different hyperparameter optimization strategies, with
particular emphasis on the effect of Particle Swarm Optimization on
classification performance.

5.1 Data Description

The experiments conducted in this work used a mental health sentiment
dataset from Kaggle titled Sentiment Analysis for Mental Health. The dataset
is constructed through the aggregation and curation of textual data from
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multiple publicly available sources, resulting in a comprehensive collection of
mental health-related statements [35]. The data compilation process involves
cleaning, filtering, and unifying text samples to support robust sentiment
analysis and multi-class classification tasks.

The dataset integrates textual data derived from several Kaggle sources,
including chatbot conversations, online mental health discussions, and social
media content related to psychological well-being[36]. These sources
represent a wide range of psychological contexts. The integration of multiple
data sources enhances linguistic diversity and enables the dataset to capture
varied patterns of mental health expression [37].

Each text instance is annotated with one of seven predefined mental
health categories. The dataset follows a single-label annotation scheme, in
which each statement is associated with exactly one mental health label.
Accordingly, the classification task is formulated as a single-label multi-class
problem [38].

The original dataset contains 53,043 text samples, which increase to
106,860 samples after text preprocessing and data augmentation. Data
augmentation is applied exclusively to the training set using back-translation,
while the test set remains unchanged to preserve unbiased evaluation. All
textual data are written in English. The dataset is divided into training and
testing partitions using an 80:20 split ratio, where the training data are used
for model training and hyperparameter optimization, and the testing data are
reserved for performance evaluation.

The dataset consists of three primary attributes. Each entry has unique
identifier, along with a textual statement and a corresponding mental health
label. To adhere to ethical protocols, the dataset is anonymized and does not
contain personally identifiable information, ensuring its viability for
computational mental health analysis [36].

Table 1 summarizes the key characteristics of the mental health
sentiment dataset used in this study, including data sources, class categories,
sample size, and feature representation.

5.2 Class Distribution Analysis

Figure 3 shows the distribution of samples across the seven mental
health categories in the test dataset. The distribution is clearly imbalanced,
with the normal and depression classes containing the largest number of
samples, while personality disorder and bipolar disorder represent minority
classes. This imbalance reflects real-world mental health data characteristics
and increases the difficulty of multi-class classification, particularly for
minority categories [39].
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Table 1. key characteristics of the dataset

Attribute

Description

Dataset Source

Kaggle

Dataset Name

Sentiment Analysis for Mental
Health

Dataset Type

Public aggregated text-based
mental health dataset

Data Origin

Reddit posts, Twitter posts,
chatbot conversations, and
social media content

Language English
Total Samples (Before 53,043
Processing)

Total Samples (After Processing | 106,860
and Augmentation)

Number of Classes 7

Mental Health Categories

Normal, Depression, Suicidal,
Anxiety, Stress, Bipolar
Disorder, Personality Disorder

Labeling Schema Single-label classification

Text Attributes Unique ID, Statement, Mental
Health Status

Train-Test Split 80:20

Feature Representation TF-IDF

Class Distribution of Mental Health Dataset

6162
6000+

5000 +

4000

3000

Number of Samples

2000+
1555

1151
1000 4

6541

4261

1068

171

Mental Health Class

Figure 3. Class Distribution of Mental Health Dataset

Although the original dataset exhibited class imbalance, data
augmentation was applied during preprocessing to enrich the minority classes
and improve data diversity [40]. No additional algorithm-level balancing
strategies, such as class weighting, were employed. Model performance was
evaluated on the resulting data distribution using macro-averaged precision,
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recall, F1-score, and ROC-AUC, as these metrics provide a more comprehensive
assessment of multiclass imbalanced classification performance than accuracy
alone [41].

5.3 Experimental Setup

In the experimental setup, textual inputs are first encoded into numerical
representations using the Term Frequency Inverse Document Frequency
approach. The experimental framework evaluates a set of machine learning
classifiers. To ensure a fair and consistent comparison, each model is examined
under four different configurations, including a default setting and three
hyperparameter optimization strategies [42].

Hyperparameter optimization is conducted using the training data, while
all reported performance results are obtained from the test data [22], [43].
Identical experimental conditions are applied across all models to ensure a fair
comparison. The experiments are implemented using Python and standard
machine learning libraries.

5.4 Evaluation Metrics

To provide a comprehensive performance evaluation, multiple metrics
are employed. Accuracy is used as a general indicator of overall predictive
performance. Precision, recall, and F1-score are calculated to analyze class-
level behavior. Macro and weighted F1-scores are reported to account for class
imbalance [39]. In addition, confusion matrix analysis and Receiver Operating
Characteristic curve evaluation using a one-vs-rest strategy are conducted to
examine prediction patterns and discrimination capability across all mental
health categories.

5.5. Result and Discussion

Accuracy Comparison of Models Across Tuning Methods
Tuning Method 0932 0832 0932 0933
. aseline
== randomsearch
0| W gridsearch
- o

0915 0.915 0915

0.779 0.779

0743 0748 0.747 0739 0744 0744 0744

0581 0.581
56 0573

Accuracy

0.450 0.450

02

0.0

Figure 4. Accuracy Comparison of Models Across Tuning Methods
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Figure 4 shows that ensemble-based models consistently outperform
single classifiers across all tuning strategies. Among all evaluated approaches,
the Random Forest optimized using Particle Swarm Optimization achieves the
highest accuracy of 0.933. This result indicates that PSO effectively explores
the hyperparameter space for complex ensemble models, while simpler
models such as K-Nearest Neighbors gain limited benefit from metaheuristic
tuning due to the high dimensionality of TF-IDF features [22], [44], [45].

F1-score Comparison Across Models and Tuning Methods
Tuning 0522 0922 0922 0923

0898 0,898 0.898

0.703 0.703 0.700
0667 0680 0.680 0.678

04 0379 0379 0373 0395 0.385

Model

Figure 5. F1-Score Comparison Across Models and Tuning Methods

Figure 5 presents the macro Fl-score comparison, highlighting the
impact of hyperparameter tuning on class-level performance. The PSO-tuned
Random Forest attains the highest macro F1-score of 0.923, demonstrating
balanced performance across both majority and minority classes. In contrast,
Decision Tree exhibits reduced F1-score under PSO tuning, suggesting that
aggressive optimization may lead to overfitting in simpler models [43], [45].

Table 2 summarizes the performance of the evaluated models across
different hyperparameter tuning strategies. The results are reported using
multiple evaluation metrics, including accuracy, macro-averaged precision,
recall, F1-score, and ROC AUC, computed under a one-vs-rest scheme to
support evaluation of both overall effectiveness and class-level performance.
As reported in this table, ensemble-based classifiers consistently
outperformed single classifiers across all evaluation metrics. The PSO-
optimized Random Forest achieved the highest overall performance, while the
differences among the three hyperparameter tuning strategies for Random
Forest were marginal, indicating that all three tuning strategies produced
comparable results.
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Table 2. performance comparison across models and tuning strategies.
Model Tuning Accuracy | Precision Recall F-1 Score | ROCAUC
(Macro) (Macro) (Macro) (OvR)

AdaBoost Baseline 0.556 0.650 0.326 0.334 0.789

Gradient Baseline 0.723 0.765 0.613 0.663 0.916

Boosting

KNN Baseline 0.388 0.665 0.281 0.295 0.874

XGBoost Baseline 0.799 0.842 0.703 0.774 0.955

Random Baseline 0.932 0.959 0.892 0.922 0.988

Forest

Logistic Baseline 0.739 0.737 0.628 0.669 0.924

Regression

Decision Baseline 0.915 0.913 0.886 0.898 0.948

Tree

AdaBoost | Random 0.581 0.702 0.359 0.379 0.820
Search

Gradient Random 0.749 0.75 0.656 0.703 0.930

Boosting Search

KNN Random 0.450 0.619 0.379 0.395 0.893
Search

XGBoost Random 0.779 0.831 0.698 0.747 0.947
Search

Random Random 0.932 0.961 0.892 0.922 0.990

Forest Search

Logistic Random 0.744 0.723 0.650 0.680 0.926

Regression | Search

Decision Random 0.915 0.913 0.885 0.898 0.948

Tree Search

AdaBoost Grid Search | 0.581 0.702 0.359 0.379 0.820

Gradient Grid Search | 0.749 0.787 0.656 0.703 0.930

Boosting

KNN Grid Search | 0.450 0.619 0.379 0.395 0.893

XGBoost Grid Search | 0.779 0.831 0.698 0.747 0.947

Random Grid Search | 0.932 0.960 0.891 0.922 0.990

Forest

Logistic Grid Search | 0.744 0.723 0.650 0.680 0.926

Regression

Decision Grid Search | 0.916 0.912 0.885 0.898 0.948

Tree

AdaBoost | PSO 0.573 0.692 0.352 0.373 0.816

Gradient PSO 0.747 0.787 0.652 0.700 0.928

Boosting

KNN PSO 0.388 0.665 0.281 0.295 0.874

XGBoost PSO 0.743 0.806 0.636 0.691 0.928

Random PSO 0.933 0.960 0.893 0.923 0.989

Forest

Logistic PSO 0.744 0.737 0.644 0.678 0.925

Regression

Decision PSO 0.759 0.815 0.639 0.698 0.888

Tree
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To determine an appropriate PSO configuration, three commonly used
acceleration coefficient settings were evaluated in preliminary experiments
before conducting the main optimization process. As shown in Table 3, the
configuration with c1 = 0.6 and c2 = 0.3 achieved the highest classification
accuracy. Consequently, this configuration was adopted in all subsequent PSO-
based hyperparameter tuning experiments.

Table 3. preliminary evaluation of PSO acceleration coefficient configurations.

cl c2 Accuracy
2.0 2.0 0.932
1.0 1.0 0.932
0.6 0.3 0.933

Table 4 provides the statistical validation for our model comparisons
using the McNemar test [46]. The performance of the PSO-based model did not
differ significantly from either Grid Search (x* = 3.314, p = 0.069) or Random
Search (x* = 0.405, p = 0.525). This implies the gains over other tuning
strategies are not statistically significant at a 5% alpha level.

Table 4. Statistical comparison between hyperparameter tuning strategies using
McNemar's test

Comparison Statistic P-value Conclusion
PSO vs Grid 3.314 0.069 Not significant
Search
PSO vs Random 0.405 0.525 Not significant
Search

Confusion Matrix - Random Forest

Anxiety 1379 [ %0

True Label
g
32

Personality disorder o a = s 304

& " PP ¢ @ N
« o« & &
S o
&
$

Predicted Label

Figure 6. Confusion Matrix Best Model - Random Forest

EMITTER International Journal of Engineering Technology, p-ISSN: 2335-391X, e-ISSN: 2443-1168



176 Volume 14, No. 1, June 2026

The confusion matrix in Figure 6 corresponds to the selected best-
performing model. High diagonal values confirm strong classification
performance, particularly for the normal and depression categories.
Misclassifications mainly occur between semantically related classes, such as
depression and suicidal, reflecting inherent linguistic overlap in mental health
expressions rather than model weakness.

ROC Curve (OvR) - Random Forest (pso)
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Figure 7. ROC Curve (OvR) - Random Forest (PSO)

Figure 7 presents the ROC curves obtained using a one-vs-rest strategy.
AUC values consistently falling between 0.98 and 0.99 across all classes
indicate strong discriminative capability. Notably, minority classes also
achieve high AUC scores, confirming that the proposed model generalizes well
despite class imbalance.

Overall, the experimental findings demonstrate that Particle Swarm
Optimization significantly enhances the performance of ensemble-based
classifiers. The combination of Random Forest and PSO provides superior
accuracy, improved class-level performance, and robust generalization
compared to conventional tuning strategies [44], [45], as shown at Table 5.
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Table 5. Sample Output of the PSO-Optimized Random Forest Model for
Seven-Class Mental Health Status Classification.

Original text True Predicted | Correct Top
Label Label Probabilities
morning everyone serious Normal
need decent coffee Normal Normal N4 (0.954),
catering open yet Depression
(0.030), Stres
(0.007)
always get fight friend
never  initiate  either
everyone always problem
idk like everybody get v Depression
close hate personality wait | Depression | Depression (0.855),
find right person mask Suicidal
friend anymore fought (0.084),
every single one moved Stress (0.038)
make feel know wrong
literally personality wrong
ig fight friend
fear going doctor finally
going doctor really
confronting fear swelling
pain tonsil bit throat mildly
freaking wondering doctor
say maybe  prescribe N4 Anxiety
something fear hospital | Anxiety Anxiety (0.855),
crazy doctor say basically Depression
ok wo believe hoping (0.061),
basically cure health Normal
anxiety know lot people ha (0.023)
believe doctor hope trust
enough
due leaving hairbrush
home spring break able
brush hair month also
almost deodorant
toothpaste mouth rinse
lease apartment running v Stress
meaning going back home Stress Stress (0.702),
houston get different job Normal
actually call work leave (0.160),
cent account wish kidding Suicidal
need clean apartment (0.061)
inspection  also  need
cleaning supply
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6. CONCLUSION

This study evaluates Particle Swarm Optimization (PSO) as an effective
hyperparameter tuning strategy for multi-class mental health status
classification using ensemble-based machine learning models. Model
performance was systematically assessed by comparing baseline
configurations with conventional optimization techniques (Grid Search and
Random Search) and metaheuristic optimization across multiple supervised
learning algorithms. Experimental results demonstrate that ensemble-based
models consistently outperform single classifiers across all evaluation metrics.
In particular, the Random Forest model optimized via PSO achieved the
highest numerical performance, yielding an accuracy of 0.9329, a macro F1-
score of 0.923, and a ROC AUC of 0.989. These findings confirm that PSO
enhances model generalization and improves class-balanced performance in
imbalanced multi-class mental health datasets.

When positioned against recent literature, the proposed framework
demonstrates several distinctive advantages. Compared with binary or
limited-class ensemble approaches, such as the fastText-XGBoost model
proposed by Ghosal and Jain, the present study extends classification toward
seven coexisting mental health categories, improving practical applicability in
real-world screening scenarios. In contrast to hierarchical and deep learning-
driven frameworks, including the multi-level classification approach by
Sutranggono et al. and the hybrid opinion-enhanced architecture proposed by
Hossain et al,, this work achieves competitive performance while maintaining
substantially lower computational complexity, improved reproducibility, and
easier deployment. Furthermore, while benchmarking-oriented studies
comparing traditional NLP pipelines and large language models, such as
Kallstenius et al, highlight the competitiveness of classical feature
engineering, they do not explicitly investigate systematic ensemble
optimization strategies. Unlike the Genetic Algorithm-based optimization
employed by Juanita et al. for three-class clinical classification, this study
adopts a swarm-based optimization paradigm and scales the task to a broader
seven-class setting under a unified and reproducible experimental framework.

Collectively, these results confirm the three principal contributions of
this study: (1) the development of a seven-class mental health classification
pipeline using lightweight ensemble-based machine learning with enhanced
linguistic preprocessing and data augmentation, (2) the effective application
of Particle Swarm Optimization for Random Forest hyperparameter tuning to
improve class-balanced generalization, (3) the establishment of a
computationally efficient and reproducible comparative evaluation
framework suitable for scalable deployment, and (4) the successful integration
of the trained model into a web-based application that enables real-time
prediction, user interaction, and operational decision-support functionality.

From a practical perspective, the proposed approach demonstrates
strong discriminative capability across all mental health categories, including
minority and high-risk classes, as evidenced by the confusion matrix and ROC
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analyses. Misclassifications are primarily observed among semantically
overlapping categories, reflecting inherent linguistic ambiguity rather than
model limitations. Although the system is not intended to replace clinical
diagnosis, it may serve as a complementary decision-support tool for large-
scale mental health screening, triage, and digital monitoring.

Future work may investigate algorithm-level or hybrid imbalance
learning approaches, such as class weighting, cost-sensitive learning, or focal
loss combined with data augmentation, to further improve minority-class
recognition. It may also explore the integration of contextual and temporal
information, the incorporation of clinically validated datasets, and the
application of advanced interpretability and fairness-aware techniques to
further enhance the transparency, reliability, and ethical deployment of real-
world mental health assessment systems.
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  P


  N


    𝜃  i


    x  i


    v  i


    pbest  i   ←     x  i ,   gbest   ←   arg   max  ( Fitness )


  p a r t i c l e   i   ∈   P


    x  i


    𝜃  i


    M  i


    X  t r a i n   ,     y  t r a i n


   ŷ  v a l


    F i t n e s s  i   >   Fitness  (   pbest  i )  


  p b e s   t  i ←     x  i


  F i t n e s   s  i   > Fitness    (   gbest  i )  


  gbes   t  i ←     x  i


  p a r t i c l e   i   ∈   P


  vi ←   wv  i +   c 1   r 1  ( p b e s   t  i −     x  i ) +   c 2   r 2  ( gbest −   x  i ) ;


    x  i   ←     x  i +     v  i ;


    x  i   ←     x  i +     v  i ;


   θ ∗   ←   gbest


    M ∗


    X  t r a i n   ,     y  t r a i n


   ŷ  t e s t ←   M ∗ . p r e d i c t  (   X  t e s t )


    𝜃 ∗


    Acc ∗


   ŷ  t e s t

