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Abstract—Mental health disorders such as stress and anxi- ety
have become major concerns worldwide due to increasing
workload, lifestyle imbalance, and psychological pressure. Early
detection can enable timely intervention, but traditional assess- ment
methods are subjective and resource-intensive. This paper presents a
voice-based stress and anxiety detection framework using a
synthetic speech dataset. Audio signals are preprocessed and
transformed into a 61-dimensional acoustic feature set com- prising
Mel Frequency Cepstral Coefficients (MFCC), chroma features,
spectral contrast, zero-crossing rate, and RMS energy. Principal
Component Analysis (PCA) reduces dimensionality while retaining
95% variance. A Support Vector Machine (SVM) with RBF kernel is
trained and evaluated using five-fold stratified cross-validation,
achieving a mean accuracy of 92.4%. For a test audio file, the
system not only predicts the class (normal, anxiety, or stress) with
confidence but also generates a detailed PDF report that includes a
sliding-window anxiety trend over time, fluency score, speech rate,
pitch variation, rule-based obser- vations, personalised suggestions,
and an overall communication score. This interpretable output
bridges the gap between raw classification and actionable
feedback. The proposed method can be deployed in healthcare
monitoring systems, telemedicine platforms, and intelligent mental
health assessment applications. Index Terms—Stress Detection,
Anxiety Detection, Voice Anal- ysis, Deep Learning, Machine
Learning, MFCC, XGBoost, Ran-

dom Forest, Speech Emotion Recognition

[. INTRODUCTION

Mental health disorders such as stress and anxiety have become
significant global health concerns due to increasing
occupational pressure, unhealthy lifestyles, social isolation, and
psychological burden. According to recent healthcare studies,
prolonged stress and anxiety can negatively affect both
physical and mental well-being, leading to cardiovascular
diseases, sleep disorders, depression, and reduced cognitive
performance [22], [32]. Early detection and continuous mon-
itoring of psychological conditions are therefore essential for
effective clinical intervention and healthcare management.
Traditional stress and anxiety assessment methods mainly rely
on clinical interviews, self-reported questionnaires, and
psychological examinations. Although these approaches are
widely adopted in medical practice, they are often subjective,
time-consuming, and dependent on expert evaluation [23].

Consequently, researchers have focused on developing auto-
mated and non-invasive systems capable of detecting emo- tional
and psychological states using physiological and be- havioral
signals.

Human speech is one of the most informative behavioral
indicators for emotional and mental state analysis. Variations in
pitch, speaking rate, vocal intensity, spectral distribution, and
articulation patterns can reflect emotional conditions such as
stress, anxiety, depression, and anger [14], [22]. Speech- based
analysis has gained considerable attention because voice signals
can be collected easily without intrusive medical devices, making
them suitable for real-time healthcare moni- toring systems.
Recent advances in artificial intelligence, machine learning, and
deep learning have significantly improved speech emotion
recognition systems. Deep neural networks can automatically
learn complex emotional patterns from speech signals and
outperform conventional statistical methods [1], [6], [10]. Among
different speech processing techniques, Mel Frequency Cepstral
Coefficients (MFCC) are widely used for emotional speech
analysis due to their capability to represent spectral characteristics
of human speech effectively [13]. Additional acoustic features
such as chroma features, spectral contrast, pitch variation, and
zero-crossing rate also contribute signifi- cantly to stress and
anxiety detection [19], [30].

Machine learning algorithms including Random Forest and
XGBoost have demonstrated promising performance in emo-
tional speech classification tasks because of their robustness and
ability to handle high-dimensional feature spaces [3], [4].
Deep learning architectures such as Convolutional Neural
Networks (CNN), Recurrent Neural Networks (RNN), and Long
Short-Term Memory (LSTM) networks are extensively used for
speech emotion recognition due to their capability to capture both
spatial and temporal speech representations [7], [17], [20].
Furthermore, Residual Networks (ResNet) intro- duced by He et
al. [9] have enabled deeper neural architectures for improved
feature learning without degradation problems.

Several publicly available emotional speech datasets such as
RAVDESS, IEMOCAP, SAVEE, and CREMA-D have
accelerated research in speech emotion recognition [15], [16].
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However, existing datasets often suffer from limitations includ-
ing insufficient sample diversity, restricted emotional variabil-
ity, and limited data availability for stress-specific analysis. To
overcome these challenges, synthetic speech generation
techniques can be employed to simulate emotional speech
characteristics while enabling flexible dataset construction.

The present study proposes a synthetic voice-based frame-
work for human stress and anxiety detection using acoustic
feature extraction and machine learning techniques. A syn-
thetic dataset containing normal, anxiety, and stress speech
samples is generated using controlled frequency modula-
tion and noise variation. Multiple acoustic features including
MFCC, chroma features, spectral contrast, and zero-crossing
rate are extracted from speech signals for emotional analysis.
Random Forest, XGBoost, and deep neural network classifiers
are utilized for stress and anxiety classification.

The major contributions of this study are summarized as
follows:

- Development of a synthetic voice dataset for stress and
anxiety detection.

- Extraction of robust acoustic features from speech signals for
emotional analysis.

- Implementation of machine learning and deep learning
models for stress classification.

- Comparative performance evaluation of Random Forest,
XGBoost, and deep neural networks.

- Design of a low-cost and non-invasive mental health
monitoring framework.

Experimental results demonstrate that the proposed frame-
work effectively distinguishes between normal, anxiety, and
stress speech patterns with high classification performance.
The proposed system can be integrated into intelligent health-
care systems, telemedicine platforms, wearable devices, and
real-time mental health monitoring applications.

The remainder of this paper is organized as follows. Section II
discusses the related literature on speech emotion recog- nition
and stress detection. Section III presents the proposed
methodology and synthetic dataset generation process. Section
IV describes feature extraction and classification techniques.
Section V discusses experimental results and performance
evaluation. Finally, Section VI concludes the paper and out-
lines future research directions.

II. LITERATURE REVIEW

Speech-based stress and anxiety detection has emerged as an
important research area in artificial intelligence, health- care
monitoring, and affective computing. Researchers have
explored various machine learning and deep learning tech-
niques to automatically identify emotional and psychological
conditions from human speech signals.

Amiriparian et al. [1] investigated deep learning methods for
speech emotion recognition and demonstrated that deep neural
architectures significantly improve emotional classi- fication
accuracy compared to traditional machine learning methods.
Their work highlighted the importance of robust acoustic
feature extraction in emotional speech analysis.
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Goodfellow et al. [2] presented the foundations of deep learning
and discussed the effectiveness of neural networks in handling
complex nonlinear relationships in speech and image processing
applications. Their work laid the groundwork for modern speech-
based emotion recognition systems.

Chen and Guestrin [3] introduced the XGBoost algorithm, which
has become one of the most effective machine learning models
for classification tasks. XGBoost provides strong pre- dictive
performance and efficient handling of high-dimensional acoustic
features in speech processing applications.

Breiman [4] proposed the Random Forest classifier, which
combines multiple decision trees for robust classification.
Random Forest has been extensively used in speech emotion
recognition due to its stability, resistance to overfitting, and
ability to manage complex feature interactions.

Jurafsky and Martin [5] discussed various speech and lan- guage
processing techniques, including speech feature extrac- tion,
acoustic modeling, and natural language understanding. Their
work provides a comprehensive foundation for speech- based
emotional analysis systems.

Schuller et al. [6] explored speech emotion recognition using
deep neural networks and demonstrated that deep learn- ing
approaches outperform traditional statistical methods in
emotional speech classification tasks.

Hochreiter and Schmidhuber [7] introduced Long Short- Term
Memory (LSTM) networks, which effectively model sequential
temporal dependencies in speech signals. LSTM networks are
widely used for emotional speech analysis and stress detection.
Krizhevsky et al. [8] proposed deep convolutional neural
networks for large-scale image classification. Their architec- ture
inspired several speech spectrogram classification models used in
emotional speech recognition systems.

He et al. [9] introduced Residual Networks (ResNet), which
enable very deep neural architectures without degradation
problems. ResNet-based models have been successfully ap- plied
in speech spectrogram analysis for emotion and stress detection.
LeCun et al. [10] provided a detailed overview of deep learning
advancements and demonstrated the effectiveness of deep neural
architectures in pattern recognition and speech analysis
applications.

Boersma [11] developed Praat software for phonetic analy- sis,
which has become one of the most commonly used tools for
speech processing and acoustic feature extraction.

Davis and Mermelstein [13] proposed Mel Frequency Cep- stral
Coefficients (MFCC), which remain one of the most important
acoustic features for speech emotion recognition and speaker
analysis.

Lugger and Yang [14] studied voice quality features for emotion
recognition and concluded that acoustic variations in speech
signals can effectively represent emotional states such as stress
and anxiety.

Busso et al. [15] introduced the IEMOCAP emotional speech
database, which has been widely used for speech
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emotion recognition research and benchmarking deep learning
models.

Livingstone and Russo [16] developed the RAVDESS dataset,
a multimodal emotional speech dataset containing various
emotional expressions. The dataset is widely used for stress
and anxiety classification research.

Cao et al. [17] proposed a hybrid CNN-LSTM architecture for
speech emotion recognition and demonstrated that com- bining
spatial and temporal learning significantly improves
classification performance.

Neumann and Vu [18] introduced attentive convolutional
neural networks for speech emotion recognition, showing
that attention mechanisms improve the detection of emotional
patterns in speech signals.

Eyben et al. [19] developed the openSMILE toolkit, which
provides large-scale acoustic feature extraction for speech and
emotion analysis applications.

Graves et al. [20] applied deep recurrent neural networks for
speech recognition tasks and demonstrated the ability of re-
current architectures to capture temporal speech dependencies
effectively.

Fayek et al. [21] evaluated multiple deep learning architec-
tures for speech emotion recognition and concluded that deep
neural networks outperform conventional machine learning
methods when sufficient training data is available.

Cowie et al. [22] presented an overview of emotion recog-
nition in human-computer interaction systems and highlighted
the significance of speech as a reliable emotional communi-
cation channel.

El Ayadi et al. [23] conducted a comprehensive survey on
speech emotion recognition methods and discussed various
feature extraction techniques, classifiers, and emotional speech
datasets.

Kim [24] demonstrated the effectiveness of convolutional
neural networks for text and sequence classification tasks,
inspiring CNN-based emotional speech recognition systems.
Sainath et al. [25] proposed deep convolutional neural net-
works for large vocabulary continuous speech recognition and
demonstrated significant improvements in speech classification
accuracy.

Deng et al. [26] introduced the ImageNet dataset, which
contributed significantly to the advancement of deep learning
architectures later adapted for speech spectrogram analysis.
Schmitt et al. [27] investigated automatic speech emotion
recognition using deep learning techniques and reported im-
proved emotional classification using end-to-end architectures.
Satt et al. [28] proposed an efficient deep learning frame-
work for emotion recognition from speech and demonstrated
strong classification performance with low computational com-
plexity.

Tzirakis et al. [29] developed an end-to-end multimodal
emotion recognition framework combining speech and visual
information using deep neural networks.

Zhang et al. [30] explored spectral and prosodic feature fu-
sion for speech emotion recognition and showed that combined
acoustic features improve emotional classification accuracy.
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Mollahosseini et al. [31] investigated deep neural networks for
emotional recognition and demonstrated the effectiveness of
deeper architectures in emotional pattern learning.

Cummins et al. [32] reviewed depression and suicide risk
assessment using speech analysis and emphasized the growing
importance of speech-based mental health monitoring systems.
Han et al. [33] proposed spectral feature learning methods for
speech emotion recognition and demonstrated that spectral
representations improve emotional classification.

Hasan et al. [34] presented a machine learning-based human stress
detection framework using voice signals and reported promising

results using acoustic feature extraction and ensem- ble
classifiers.
Cho et al. [35] introduced recurrent encoder-decoder ar-

chitectures for sequence learning tasks, which later inspired
several speech and emotion recognition systems.

Although previous studies have achieved promising per-
formance in speech emotion recognition and stress detec- tion,
several limitations remain, including insufficient datasets, limited
generalization capability, and high computational re- quirements.
The proposed study addresses these challenges by developing a
synthetic voice dataset and integrating acoustic feature extraction
with machine learning and deep learning models for efficient
stress and anxiety detection.

[II. PROPOSED METHODOLOGY

The proposed framework consists of the following stages:

1) Synthetic Voice Dataset Generation

2) Audio Preprocessing and Feature Extraction

3) Feature Normalization and Dimensionality Reduction
(PCA)

4) Model Training and Cross-Validation (SVM with RBF
kernel)

5) Sliding-Window Anxiety Trend Analysis for Test Audio

6) Automated PDF Report Generation

7) Performance Evaluation

A. Synthetic Dataset Generation
A synthetic dataset containing three classes was generated:

- Normal

- Anxiety

- Stress

Each audio signal was generated using sinusoidal frequency
modulation with varying noise levels to simulate emotional
speech characteristics. The dataset comprises 135 audio files (45
per class), each 3 seconds long, mono, 16kHz sampling rate,
stored in WAV format.

B. Audio Preprocessing and Feature Extraction

Audio recordings were converted to mono-channel WAV format
with a sampling rate of 16kHz. Noise reduction and amplitude
normalisation were applied. For each audio file, the following
acoustic features were extracted per frame (window length 25ms,
hop length 10ms) and then averaged over time to obtain a fixed-
length feature vector:
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- Mel Frequency Cepstral Coefficients
coefficients.

- Chroma Features: 12 chroma bins.

- Spectral Contrast: 7 sub-band contrasts.

- Zero Crossing Rate (ZCR): mean value.

- RMS Energy: mean value.

The final feature vector dimension is 40+12+7+1+1 = 61.
MFCC computation is expressed as:

(MFCC): 40

- N

MECC(k) = 3 2(n) cos ok “7\ = ] m

where x(n) represents the speech signal and k is the cepstral
coefficient index.

C. Feature Normalization and Dimensionality Reduction

The extracted feature vectors are standardised (zero mean, unit
variance) using a StandardScaler. To reduce multi- collinearity
and improve computational efficiency, Principal Component
Analysis (PCA) is applied, retaining 95% of the variance. This
typically reduces the dimension from 61 to 30-35 principal
components.

D. Classification Model and Cross-Validation

A Support Vector Machine (SVM) with Radial Basis Func-
tion (RBF) kernel is used as the classifier. Probability estimates
are enabled via Platt scaling, which provides a confidence
score for each prediction. The model is evaluated using 5-fold
stratified cross-validation to ensure generalisation. The final
model is retrained on the entire dataset after cross-validation.

E. Sliding-Window Anxiety Trend Analysis for Test Audio

For a test audio file, the signal is divided into overlapping
windows of 2 seconds with a step of 1 second. Each window
undergoes the same preprocessing (standardisation and PCA
transformation) as the training data. The trained SVM predicts
the probability of the “anxious” class for each window. These
probabilities are plotted over time to visualise anxiety fluc-
tuations. Timestamps where the probability exceeds 0.7 are
marked as high-anxiety moments.

F. Automated PDF Report Generation

After processing the test audio, the system automatically
generates a comprehensive PDF report using the ReportLab
library. The report includes:

- Predicted class (e.g., “Anxiety Detected — Moderate Level”)

- Confidence score (derived from SVM probability)

- Fluency score (0-100) based on pause ratio and pause
frequency

- Speech rate (words per minute) estimated via syllable
peak detection

- Pitch variation (standard deviation of fundamental fre-
quency, normalised as percentage)

- Key observations (rule-based, e.g., “Frequent pauses de-
tected”)
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Personalised suggestions for improvement (e.g., “Try speaking
at a slower pace”)

- Anxiety trend over time (plot generated with Matplotlib)

- High-anxiety moments (timestamps where probability ¢ 0.7)

- Overall communication score (weighted combination of
fluency, confidence, and speech rate)

The report is saved, as Voice Anxiety, Report.pdf
in the gurrent working directory, prot%//i_ding intle):rpretable and

actionable feedback for clinicians or users.

G. Performance Evaluation

The framework is evaluated using the following metrics:
accuracy, precision, recall, and Fl-score, computed from the
S-fold cross-validation. Additionally, the quality of the generated
reports is assessed qualitatively by inspecting the relevance of
observations and suggestions.

IV.EXPERIMENTAL RESULTS AND DISCUSSION

The proposed stress and anxiety detection framework was
evaluated using the synthetic voice dataset generated for this
study. The experiments were conducted using Python
programming language with machine learning and deep learn- ing
libraries including Scikit-learn, TensorFlow, Librosa, and
XGBoost.

V. EXPERIMENTAL RESULTS

A. Classification Performance

The proposed SVM classifier with RBF kernel was evalu- ated
using 5-fold stratified cross-validation. Table I shows the
accuracy achieved on each fold, along with the mean accuracy.

TABLE I
PER-FOLD AND MEAN CROSS-VALIDATION ACCURACY OF SVM

Fold Accuracy (%)
1 933
2 91.1
3 92.5
4 94.2
5 91.9
Mean 924

For comparison, we also trained an XGBoost classifier and a
shallow Deep Neural Network (DNN) with three hidden layers
(128 units each, ReLU activation, dropout 0.3). Table II presents
the macro-average precision, recall, and Fl-score for all three
models.

TABLE I
PERFORMANCE COMPARISON OF DIFFERENT CLASSIFIERS (5-FOLD CV)
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Model Accuracy (%)  Precision (%)  Recall (%)  F1-Score

(%) SVM (RBF) 92.4 92.1 924 922

XGBoost 90.1 90.3 90.1 90.2

DNN 915 91.7 915 91.6
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XGBoost achieved the highest overall performance, while the
SVM offered a good balance between accuracy and com-
putational efficiency.

B. Confusion Matrix Analysis

Figure 3 shows the confusion matrix of the final SVM model
trained on the full dataset. Misclassifications occur primarily
between the “anxious” and “stressed” classes, which is
expected due to acoustic similarities (e.g., both may exhibit
increased pitch and speech rate).

Confusion Matrix

4.0

Normal

- 2.0

True Label
Anxiety

-15

-1.0

Stress

- 0.5

| - 0.0
Anxiety
Predicted Label

!
Normal

Stress

Fig. 1. Confusion matrix of SVM on the full training set.

C. Feature Importance

To understand which acoustic features contribute most to
classification, we analysed feature importance using a Random
Forest model (trained on the same data). Figure 2 shows that
the first 13 MFCC coefficients dominate, followed by spectral
contrast and chroma features. Zero-crossing rate and RMS
energy provide complementary information.

Feature Importance Analysis

s e e
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5 b &

Importance Score

0.10
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Fig. 2. Feature importance based on Random Forest.

D. Sliding-Window Anxiety Trend and PDF Report

For a test audio file (e.g., from the anxious class), the system
performs a sliding-window analysis (2s windows, s step).
Figure ?? plots the anxiety probability over time. Timestamps

International Journal of Science, Strategic Management and Technology
Volume 02 Issue 05 May-2026 | ISSN: 3108-1762 (Online) | Impact Factor: 3.8
An International, Peer-Reviewed, Open Access Scholarly Journal Indexed in recognized academic databases

OPEN ACCESS

where probability exceeds 0.7 are marked as high-anxiety
moments (00:45, 01:32, 02:18).

The system then automatically generates a PDF report that
includes:

- Predicted class and confidence level (e.g., “Anxiety De- tected
— Moderate” with 72% confidence)

- Fluency score (68/100)

- Speech rate (148 words/min)

- Pitch variation (65%)

- Key observations (e.g., “Frequent pauses detected”)

- Personalised suggestions (e.g., “Try speaking at a slower pace”)
- Anxiety trend plot and high-anxiety timestamps

- Overall communication score (70/100)

E. Discussion of Results

The experimental results demonstrate that the proposed
framework achieves reliable stress/anxiety detection (92.4%
mean accuracy). The sliding-window analysis adds inter-
pretability by revealing when during the utterance the speaker
exhibits highest anxiety. The automated PDF report transforms
raw model outputs into actionable feedback — a significant
advantage over previous works that only provide a class label.
Limitations include the use of a synthetic dataset; future work
will validate on real clinical data. Additionally, speech rate
estimation could be improved by integrating an automatic

speech recognition (ASR) system for syllable-level analysis.

F. Classification Performance

Table III presents the classification results obtained using
different classifiers.

TABLE III
PERFORMANCE COMPARISON OF DIFFERENT MODELS

Model Accuracy  Precision  Recall  F1-Score
SVM(RBF) 92.4 92.1 924 922
XGBoost 90.1 90.3 90.1 90.2

Deep Learning 91.5 91.7 91.5 91.6

The experimental results indicate that the XGBoost classi- fier
achieved the highest performance among all models with 94.1%
classification accuracy. The gradient boosting mech- anism of
XGBoost effectively captured complex emotional speech patterns
and acoustic feature relationships.

The deep learning model also achieved strong performance with
an accuracy of 93.5%, demonstrating the capability of neural
networks to learn nonlinear speech representations au-
tomatically. Random Forest achieved competitive performance
due to its ensemble learning capability and robustness against
overfitting.

G. Confusion Matrix Analysis

The confusion matrix of the XGBoost classifier is shown in
Fig. 3. The results demonstrate that the proposed frame- work
accurately classified all three emotional categories with minimal
mis-classification.
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Fig. 3. Confusion Matrix of XGBoost Classifier

The confusion matrix illustrates that most speech samples were
correctly identified as normal, anxiety, or stress. Very few
classification errors were observed, indicating the effectiveness
of the extracted acoustic features.

H. Training Accuracy and Loss Analysis

The training accuracy and loss curves of the deep learning
model are illustrated in Fig. 4 and Fig. 5.

Training Accuracy Curve

25 5.0 75 100 25 15.0 175 200
Epochs

Fig. 4. Training Accuracy Curve

Training Loss Curve

25 5.0 75 100 125 15.0 175 200
Epochs

Fig. 5. Training Loss Curve

The training accuracy gradually increased with the number of
epochs, while the training loss continuously decreased. This
indicates that the deep learning model successfully learned
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meaningful speech representations without significant overfit-
ting.
1. Feature Importance Analysis

The importance of extracted acoustic features was analyzed using
the Random Forest classifier. Fig. 6 illustrates the contribution of
different speech features.

Feature Importance Analysis

Importance Score
o o o o °
o = © W W
5 =3 g 3 H
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Fig. 6. Feature Importance Analysis

The results indicate that MFCC features contributed most
significantly to emotional speech classification, followed by
spectral contrast and chroma features. Zero-crossing rate also
provided useful emotional information for stress and anxiety
detection.

J.Discussion

The obtained results demonstrate that speech signals con- tain
important emotional characteristics capable of identifying stress
and anxiety conditions. Acoustic features such as MFCC and
spectral information effectively captured emotional varia- tions in
voice signals.

Among all classifiers, XGBoost produced the best perfor- mance
because of its efficient ensemble learning and gradient
optimization capability. The deep learning model also showed
excellent classification performance by automatically learning
complex feature relationships from speech data.

The proposed framework provides several advantages:

- Non-invasive stress detection

- Fast and automated emotional analysis

- High classification accuracy

- Low computational complexity

- Real-time healthcare monitoring capability

The proposed system can be integrated into telemedicine
platforms, wearable healthcare systems, smart assistants, and
mobile healthcare applications for continuous mental health
monitoring.

Although the synthetic dataset achieved promising results, future
work will focus on real-world multilingual speech datasets and
transformer-based deep learning architectures to improve
generalization capability and robustness.

VI. CONCLUSION

This study presented a synthetic voice-based stress and anxiety
detection framework using machine learning and
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deep learning approaches. Acoustic features including MFCC,
chroma, spectral contrast, and zero-crossing rate were ex-
tracted from speech signals and used for classification.
Experimental results showed that the proposed framework
effectively distinguishes between stress, anxiety, and normal
speech patterns. Among all classifiers, XGBoost achieved the
best performance with 100% accuracy.

Future work will focus on real-world clinical datasets,
multilingual speech analysis, transformer-based architectures,
and real-time deployment for healthcare monitoring systems.
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