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Abstract—Mental health disorders such as stress and anxiety have
become major healthcare concerns worldwide. Early iden-tification of
stress-related conditions is essential for preventing severe
psychological and physiological complications. In recent years,
speech-based emotion recognition systems have gained significant
attention due to their non-invasive and real-time mon-itoring
capability. This review paper presents a comprehensive survey of
machine learning and deep learning techniques used for stress and
anxiety detection from speech signals. Various acoustic feature
extraction methods including Mel Frequency Cepstral Coefficients
(MFCC), spectral contrast, chroma features, and zero-crossing rate are
discussed. In addition, different classifi-cation models such as
Random Forest, XGBoost, Convolutional Neural Networks (CNN),
Long Short-Term Memory (LSTM), and Residual Networks (ResNet)
are reviewed and compared. Publicly available speech emotion
datasets and recent advance-ments in deep learning-based emotional
speech analysis are also summarized. The study highlights current
challenges, research gaps, and future directions for intelligent speech-
based mental health monitoring systems.

Index Terms—Stress Detection, Anxiety Detection, Speech Emotion
Recognition, Deep Learning, Machine Learning, MFCC, CNN, LSTM,
XGBoost

I. INTRODUCTION

Stress and anxiety are among the most common mental health
disorders affecting millions of people globally. In-creasing
work pressure, unhealthy lifestyles, social stress, and emotional
instability have significantly contributed to the rise of
psychological disorders [22], [32]. Prolonged stress can lead to
depression, cardiovascular diseases, cognitive impairment, and
sleep disorders. Therefore, early detection and continuous
monitoring of mental health conditions have become critical
research areas in healthcare and artificial intelligence.
Traditional mental health assessment methods mainly de-pend
on clinical interviews and psychological evaluations, which are
often subjective and time-consuming [23]. To over-come these
limitations, researchers have explored automated systems
capable of analyzing physiological and behavioral signals for
emotional state detection.

Human speech contains important emotional and psycholog-ical
information. Variations in pitch, speech intensity, articula-tion
patterns, and spectral characteristics can reveal stress and

anxiety conditions [14], [22]. Speech-based analysis provides a
non-invasive and cost-effective approach for real-time mental
health monitoring.

Recent advancements in machine learning and deep learn-ing
have significantly improved speech emotion recognition
systems [1], [6]. Deep neural networks can automatically
learn complex speech representations and achieve superior
classification performance compared to conventional methods.
This review paper presents a detailed analysis of existing
speech-based stress and anxiety detection techniques, acoustic
feature extraction methods, publicly available datasets, ma-
chine learning algorithms, deep learning architectures, and
current research challenges.

II. LITERATURE REVIEW

Speech-based stress and anxiety detection has gained sig-nificant
attention in recent years due to the increasing de-mand for
intelligent mental healthcare systems. Researchers have explored
multiple machine learning and deep learning approaches for
analyzing emotional speech patterns and iden-tifying
psychological disorders.

Amiriparian et al. [1] demonstrated that deep neural net-works
significantly improve speech emotion recognition accu-racy
compared to conventional machine learning approaches. Their
work highlighted the effectiveness of deep feature ex-traction
using spectrogram-based representations. Similarly, Goodfellow
et al. [2] explained the theoretical foundations of deep learning
architectures and their applications in speech and emotional
signal analysis.

Chen and Guestrin [3] introduced the XGBoost algorithm, which
became highly popular for speech emotion classification because
of its efficient gradient boosting mechanism and strong
performance with high-dimensional acoustic features. Breiman
[4] proposed the Random Forest algorithm, which improved
classification robustness by combining multiple de-cision trees
and reducing overfitting problems.

Jurafsky and Martin [5] discussed several speech and lan-guage
processing techniques that contribute to automatic emo-tional
state recognition. Schuller et al. [6] investigated deep neural
network architectures for emotional speech analysis and
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demonstrated superior classification performance using deep
learning methods.

Hochreiter and Schmidhuber [7] proposed the Long Short-
Term Memory (LSTM) network, which became highly effec-
tive for modeling temporal dependencies in speech signals.
Krizhevsky et al. [8] introduced Convolutional Neural Net-
works (CNN), which significantly improved automatic feature
extraction capability from speech spectrograms and image-
based representations.

Residual learning was introduced by He et al. [9] through the
ResNet architecture, enabling the training of very deep neural
networks without degradation problems. LeCun et al. [10]
further emphasized the importance of deep learning in pattern
recognition and intelligent systems.

Boersma [11] developed the Praat software, which be-came
widely used for speech processing and acoustic feature
extraction. Ellis [12] explored perceptual linear prediction and
MFCC-based speech analysis methods. Davis and Mer-
melstein [13] proposed Mel Frequency Cepstral Coefficients
(MFCC), which remain one of the most important acoustic
features for speech emotion recognition.

Lugger and Yang [14] investigated voice quality features for
speaker-independent emotion recognition and demonstrated
that vocal variations effectively represent emotional states.
Busso et al. [15] introduced the IEMOCAP dataset, which
became a benchmark emotional speech database for speech
emotion recognition research.

Livingstone and Russo [16] developed the RAVDESS
emotional speech dataset containing audio-visual emotional
recordings from multiple speakers. Cao et al. [17] proposed
a hybrid CNN-LSTM architecture that combined spatial and
temporal feature learning mechanisms for improved emotional
speech classification.

Neumann and Vu [18] developed an attentive convolutional
neural network for emotional speech analysis and demon-
strated that attention mechanisms improve emotional feature
learning capability. Eyben et al. [19] introduced the openS-
MILE toolkit, which provides a standardized framework for
extracting large-scale acoustic speech features.

Graves et al. [20] investigated deep recurrent neural net-works
for speech recognition and demonstrated the effective-ness of
recurrent learning for sequential speech modeling. Fayek et al.
[21] evaluated multiple deep learning architec-tures and
concluded that deep neural networks outperform conventional
machine learning approaches in speech emotion recognition
tasks.

Cowie et al. [22] explored emotion recognition in human-
computer interaction systems and highlighted the importance
of speech signals as reliable emotional indicators. El Ayadi et
al. [23] presented a comprehensive survey on speech emotion
recognition techniques, datasets, and acoustic feature extrac-
tion methods.

Kim [24] demonstrated the effectiveness of convolutional
neural networks for text and speech-related classification prob-
lems. Sainath et al. [25] applied deep convolutional neural
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networks for large vocabulary continuous speech recognition and
achieved substantial performance improvements.

Deng et al. [26] introduced the ImageNet dataset, which played
an important role in the development of transfer learning and
deep learning architectures used in speech and image analysis
applications. Schmitt et al. [27] proposed auto-matic speech
emotion recognition systems using deep learning approaches and
achieved high classification performance.

Satt et al. [28] developed an efficient deep learning frame-work
for speech emotion recognition with low computational
complexity. Tzirakis et al. [29] proposed an end-to-end mul-
timodal emotional recognition framework combining speech and
visual information for improved emotional analysis.

Zhang et al. [30] investigated feature fusion techniques using
spectral and prosodic features and demonstrated im-proved
speech emotion recognition accuracy. Mollahosseini et al. [31]
explored deeper neural architectures for facial expres-sion
recognition, which contributed to multimodal emotional analysis
research.

Cummins et al. [32] reviewed depression and suicide risk
assessment techniques using speech analysis and demonstrated the
effectiveness of speech biomarkers for mental health monitoring.
Han et al. [33] proposed spectral feature learning methods for
emotional speech representation and improved emotional
classification performance.

Hasan et al. [34] developed a machine learning-based human
stress detection framework using voice signals and achieved
promising stress classification results. Cho et al. [35] introduced
recurrent neural encoder-decoder architectures that later
contributed significantly to sequential emotional speech modeling
and natural language understanding systems.

Although previous studies achieved promising performance in
emotional speech analysis, challenges such as limited emotional
datasets, speaker variability, environmental noise, and real-time
deployment complexity still remain. Recent advancements in
deep learning, transfer learning, transformer architectures, and
multimodal emotional analysis continue to improve stress and
anxiety detection systems for intelligent healthcare applications.

III. SPEECH-BASED EMOTIONAL ANALYSIS

Speech emotion recognition focuses on identifying emo-tional
states from speech signals. Emotional speech analysis has become
an important component of affective computing and intelligent
healthcare systems.

Researchers have demonstrated that emotional states signif-
icantly influence speech production mechanisms [23]. Stress and
anxiety can alter speech rate, pitch, energy, and vocal tract
characteristics. Acoustic analysis of these variations enables
automatic emotional classification.

Speech-based systems are preferred because speech signals can
be collected easily without specialized medical equipment.
Moreover, speech-based analysis supports remote healthcare
monitoring and telemedicine applications.
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IV. AcCOUSTIC FEATURE EXTRACTION TECHNIQUES

Feature extraction is one of the most critical stages in speech
emotion recognition systems. Various acoustic features have
been proposed for stress and anxiety detection.

A. Mel Frequency Cepstral Coefficients

Mel Frequency Cepstral Coefficients (MFCC) are the most
widely used features for speech emotion recognition [13].
MFCC features represent the spectral properties of speech
signals based on human auditory perception.
The MFCC computation A expressed as:
VI
i
MFCC = Z.r'[u]rm

n-1

wkin — 0.5)
L)

MFCC features effectively capture emotional variations in
speech signals and are extensively used in machine learning
and deep learning models.

B. Chroma Features

Chroma features represent the energy distribution across
different pitch classes and are useful for emotional speech
analysis [30].

C. Spectral Contrast

Spectral contrast measures the spectral peak and valley
differences in speech signals and helps distinguish emotional
speech patterns [33].

D. Zero Crossing Rate

Zero Crossing Rate (ZCR) measures signal sign changes and
provides useful information regarding speech activity and
emotional intensity.

V. MACHINE LEARNING TECHNIQUES

Several machine learning algorithms have been applied for
stress and anxiety classification.

A. Random Forest

Random Forest is an ensemble learning algorithm proposed by
Breiman [4]. It combines multiple decision trees to improve
classification robustness and reduce overfitting. Random Forest
has shown strong performance in emotional speech classifica-
tion tasks.

B. XGBoost

XGBoost is a gradient boosting algorithm introduced by Chen
and Guestrin [3]. It provides efficient handling of high-
dimensional acoustic features and achieves excellent classifi-
cation accuracy in speech analysis applications.

C. Support Vector Machine

Support Vector Machine (SVM) is widely used in emotional
speech analysis because of its ability to handle nonlinear
feature spaces effectively.
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DEEP LEARNING APPROACHES

Deep learning has significantly improved speech emotion
recognition systems due to its automatic feature learning
capability.

A. Convolutional Neural Networks

CNN models automatically learn spatial representations from
spectrogram images and acoustic features [8], [25]. CNNs are
widely used for emotional speech classification tasks.

B. Long Short-Term Memory Networks
LSTM networks proposed by Hochreiter and Schmidhu-

ber [7] are capable of modeling temporal dependencies in speech
signals and are extensively used for speech emotion recognition.
C. Residual Networks

Residual Networks (ResNet) introduced by He et al. [9] en-able

deeper neural architectures without degradation problems. ResNet
models achieve strong performance in spectrogram-based
emotional analysis.

D. Hybrid Deep Learning Models

Hybrid CNN-LSTM models combine spatial and temporal
learning mechanisms for improved speech emotion recognition
performance [17].

VII. SPEECH EMOTION DATASETS

Several publicly available datasets are commonly used for stress
and anxiety detection research.

A.  RAVDESS Dataset

The RAVDESS dataset developed by Livingstone and Russo [16]

contains emotional speech recordings from multi-ple speakers
and is widely used in emotional speech analysis.

B.  IEMOCAP Dataset

The IEMOCAP dataset proposed by Busso et al. [15] con-tains
multimodal emotional interactions and supports speech emotion
recognition research.

C. SAVEE Dataset

SAVEE is a speech emotion dataset containing emotional speech
recordings from male speakers.

D. CREMA-D Dataset

CREMA-D is a crowd-sourced emotional speech dataset
containing diverse emotional expressions from multiple speak-ers.
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VIII. PERFORMANCE EVALUATION METRICS

The performance of speech emotion recognition systems is
commonly evaluated using the following metrics:

- Accuracy

- Precision

- Recall

- F1-Score

- ROC-AUC

Accurac;i ]1& computed as:

TP +
Accuracy =

2
TP+ TN+ FP +FN @

where TP , TN, FP , and F'N represent true positive, true
negative, false positive, and false negative values respectively.

IX. CHALLENGES IN SPEECH-BASED STRESS DETECTION

Despite significant advancements, several challenges remain in
speech-based stress and anxiety detection systems:

- Limited emotional speech datasets

- Environmental noise interference

- Speaker variability

- Language dependency

- Real-time deployment complexity

- Generalization issues

Speech signals are highly affected by recording conditions,
accent variations, and emotional intensity differences, which
can reduce classification accuracy.

X. FUTURE RESEARCH DIRECTIONS

Future research in speech-based stress detection may focus on:

- Transformer-based deep learning architectures
- Multilingual emotional speech analysis

- Real-time healthcare monitoring systems

- Explainable artificial intelligence

- Multimodal emotion recognition

- Wearable healthcare integration

The integration of speech analysis with physiological sig-nals
such as ECG, EEG, and facial expressions may further improve
stress detection accuracy.

XI. CONCLUSION

This review paper presented a comprehensive survey of
speech-based stress and anxiety detection techniques using
machine learning and deep learning approaches. Various
acoustic feature extraction methods including MFCC, chroma
features, spectral contrast, and zero-crossing rate were dis-
cussed. Machine learning algorithms such as Random Forest
and XGBoost along with deep learning architectures including
CNN, LSTM, and ResNet were analyzed.

The reviewed studies demonstrate that speech signals con-tain
valuable emotional information capable of identifying stress
and anxiety conditions effectively. Deep learning ap-proaches
have shown superior performance due to their auto-matic
feature learning capability.
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Although current systems achieve promising results, chal-lenges
such as dataset limitations, environmental variability, and real-
time implementation still exist. Future advancements in
transformer-based models, multimodal analysis, and intelli-gent
healthcare systems are expected to improve speech-based mental
health monitoring significantly.
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