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Introduction

Depression is a major public health concern 
worldwide, significantly impairing emotional, cog-
nitive, and social functioning, and contributing 
substantially to disability across populations1,2. The 
disease burden is especially pronounced among chil-
dren and young adults, where depressive disorders 
account for nearly 20% of disease-related disability 
and affect over 293 million individuals globally, re-
sulting in more than 44 million disability-adjusted 
life years (DALYs)3,4. Despite the availability of effec-
tive interventions, early diagnosis remains difficult 

due to the reliance on subjective screening tools, in-
adequate clinical resources, and the absence of scal-
able, objective diagnostic systems5. Consequently, a 
significant proportion of individuals remain undiag-
nosed or receive delayed treatment, increasing the 
risk of chronic disability and suicide.

Recent technological advancements have enabled 
the development of automated mental health screen-
ing systems, among which speech-based depression 
detection has emerged as a promising and non-inva-
sive approach6,7. Emotional and cognitive disturbances 
associated with depression manifest in vocal attributes 
such as pitch, speaking rate, and prosodic variation, 
making speech a valuable behavioral biomarker for 
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Summary. Depressive disorder is a major global health 
concern and is often underdiagnosed due to stigma, un-
reliable self-reporting, and limited access to proper men-
tal health screening tools. Despite recent advances, most 
existing automated approaches depend on question-
naires or multi-modal data, while efficient and reliable 
voice-only clinical detection frameworks remain limited, 
creating a clear research gap. Motivated by the need 
for a non-invasive, objective, and privacy-preserving di-
agnostic alternative, this study proposes SonoMind, an 
adaptive deep learning framework for early depression 
detection using voice signals. The methodology incor-
porates Adaptable Spectral Pairing for effective noise re-
duction, SynchroSonic Learning for synchronized feature 
extraction, and Adaptive Krill-Wolf Optimization for opti-
mal feature selection, followed by a neural classification 
stage. The framework was evaluated using the publicly 
available DAIC-WOZ clinical interview dataset. Experi-
mental results show that SonoMind achieves 97.22% ac-
curacy, 100% precision, 95.92% recall, 97.92% F1-score, 
MAE of 0.027, and RMSE of 0.1666. These results con-
firm the robustness and reliability of the system, dem-
onstrating its potential as a scalable and supportive tool 
for mental health professionals in voice-based depression 
screening. 

Key words. Adaptable Spectral Pairing technique, depres-
sion, mental health prediction, SynchroSonic Learning, 
Voice analysis. 

SonoMind: analisi vocale basata sull’apprendimento pro-
fondo per il monitoraggio della salute mentale.

Riassunto. Il disturbo depressivo è una delle principali pre-
occupazioni sanitarie a livello globale ed è spesso sottodia-
gnosticato a causa dello stigma, dell’inaffidabilità dell’auto-
segnalazione e dell’accesso limitato a strumenti di screening 
adeguati per la salute mentale. Nonostante i recenti progres-
si, la maggior parte degli approcci automatizzati esistenti si 
basa su questionari o dati multimodali, mentre i framework 
di rilevamento clinico basati esclusivamente sulla voce, effi-
cienti e affidabili, rimangono limitati, creando un’evidente 
lacuna nella ricerca. Motivato dalla necessità di un’alternativa 
diagnostica non invasiva, oggettiva e rispettosa della privacy, 
questo studio propone SonoMind, un framework di appren-
dimento profondo adattivo per la diagnosi precoce della de-
pressione mediante segnali vocali. La metodologia incorpora 
l’accoppiamento spettrale adattabile per un’efficace riduzio-
ne del rumore, l’apprendimento sincronizzato SynchroSonic 
per l’estrazione sincronizzata delle caratteristiche e l’ottimiz-
zazione adattiva Krill-Wolf per la selezione ottimale delle ca-
ratteristiche, seguita da una fase di classificazione neurale. Il 
framework è stato valutato utilizzando il dataset di interviste 
cliniche DAIC-WOZ, disponibile al pubblico. I risultati speri-
mentali mostrano che SonoMind raggiunge un’accuratezza 
del 97,22%, una precisione del 100%, un recall del 95,92%, 
un punteggio F1 del 97,92%, un MAE di 0,027 e un RMSE di 
0,1666. Questi risultati confermano la robustezza e l’affidabi-
lità del sistema, dimostrandone il potenziale come strumento 
scalabile e di supporto per i professionisti della salute mentale 
nello screening della depressione basato sulla voce.

Parole chiave. Analisi vocale, apprendimento sincronico 
sonico, depressione, previsione della salute mentale, tecni-
ca di accoppiamento spettrale adattabile.
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mental state assessment8,9. Compared with conven-
tional diagnostic methods and physiological sensing, 
voice-based approaches offer advantages in terms of 
cost, privacy, and ease of deployment, enabling large-
scale screening in real-world environments.

Machine learning and deep learning techniques 
have significantly improved affective computing sys-
tems by extracting meaningful representations from 
complex speech signals and enabling accurate classi-
fication10,11. While multimodal analysis using speech, 
facial expressions, and text has further enhanced 
detection performance12,13, voice analysis remains 
particularly attractive due to its minimal intrusive-
ness and scalability. In addition, wearable sensors 
and smartphone-based monitoring systems facilitate 
continuous behavioral tracking14,15; however, such 
methods often introduce privacy concerns and op-
erational constraints that limit real-world adoption. 
Despite these advances, several challenges remain 
unresolved, including acoustic variability, language 
and cultural differences, background noise, and 
inconsistent recording quality, all of which affect 
model generalization. Furthermore, many existing 
approaches demonstrate limited robustness and lack 
clinical reliability in practical deployment scenarios. 
Therefore, a need exists for an improved deep learn-
ing–driven framework that can model subtle emo-
tional patterns in speech while maintaining stability 
across diverse conditions. In response to these chal-
lenges, this work proposes a novel voice-based de-
pression prediction framework designed to improve 
feature representation, enhance classification accu-
racy, and increase robustness across datasets. The 
goal is to contribute a scalable and objective solution 
to support early diagnosis and improve accessibility 
to mental healthcare. The primary contributions of 
this research are as follows:
•	 A novel noise-aware modeling approach is in-

troduced to enhance speech signal quality while 
preserving psychologically meaningful vocal pat-
terns, enabling more reliable extraction of emo-
tional and cognitive cues from audio recordings.

•	 A learning strategy is proposed to improve genera-
lization in speech-based mental health prediction 
by reducing overfitting and balancing representa-
tion learning with computational efficiency, ensu-
ring stable performance across diverse datasets.

•	 An adaptive learning mechanism is developed 
that allows the model to dynamically adjust its in-
ternal representations based on task complexity, 
thereby improving classification accuracy in real-
world mental health assessment scenarios.

•	 A feature relevance modeling framework is pre-
sented to automatically prioritize informative 
acoustic cues associated with mental states, lea-
ding to improved prediction precision and redu-
ced dependency on redundant or noisy inputs.

•	 A robust classification pipeline is designed to ena-
ble consistent and reliable differentiation among 
mental health conditions from speech data, offe-
ring improved sensitivity to subtle emotional va-
riations in voice patterns.

Following is the arrangement of the remaining 
portion of the manuscript: a summary of the gene-
ral findings is provided in the conclusion. The second 
section examines the body of existing literature. The 
third section provides a detailed explanation of the 
research technique. The fourth section addresses the 
application of the suggested method and gives the 
results.

Literature review

Recent studies highlight the growing role of arti-
ficial intelligence in digital mental health as a deci-
sion-support tool rather than a replacement for cli-
nical diagnosis. EEG-based methods proposed by 
Chen et al.16 and Zhang et al.17 offer neurophysiolo-
gical insights but depend on specialized equipment, 
limiting everyday clinical use. Speech-based appro-
aches, such as the multilingual framework by Guo et 
al.18 and the interpretable model by Ntalampiras19, 
demonstrate the value of vocal biomarkers, though 
challenges remain in training complexity and robu-
stness.

Text-based models developed by Karamat et al.20 
and Daru et al.21 effectively analyze linguistic content 
but may not fully reflect emotional or physiological 
states. Multimodal systems introduced by Zhou et 
al.22 and Jin et al.23 improve detection performance 
but increase technical complexity and privacy con-
cerns. Survey-based studies by Fu et al.24 and Shu-
kla et al.25 contribute population-level insights but 
lack real-time personal assessment capability. In 
contrast, the proposed SonoMind framework com-
plements clinical workflows by providing a scalable, 
speech-based, and non-invasive screening appro-
ach that supports early detection, continuous mo-
nitoring, and clinician decision-making. Although 
AI-based mental health assessment methods have 
shown promising results, their real-world adoption 
remains limited due to several challenges. Reliance 
on EEG systems restricts scalability, complex models 
increase computational cost, and small or biased 
datasets limit generalization across populations. Ad-
ditionally, dependence on surveys and handcrafted 
features reduces diagnostic reliability, while weak 
noise-handling degrades performance in real-world 
conditions. Lack of interpretability further reduces 
clinical trust, keeping many systems misaligned with 
practical healthcare needs.
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Proposed work

Conventional approaches to mental health pre-
diction face major limitations, including stigma, pri-
vacy concerns, bias, inaccurate predictions, intrusive 
data collection, and reliance on subjective reporting, 
which often lead to misdiagnosis and inequitable 
care. To overcome these challenges, the Adaptive 
Sonic Synergy Mental Discovery Architecture is pro-
posed as an ethical and effective alternative. The fra-
mework begins with advanced noise removal using 
Adaptable Spectral Pairing to preserve critical vocal 
cues while reducing background interference. Featu-
re extraction is then enhanced through SynchroSonic 
Learning, which reduces overfitting, improves gene-
ralization, and captures meaningful representations 
from speech data. Adaptive Krill-Wolf Optimization 
is used to select the most informative features, im-
proving prediction accuracy. Finally, classification is 
performed using dense layers and a sigmoid function 
to generate reliable outputs. Overall, the framework 
provides a more robust, accurate, and practical so-
lution for voice-based mental health assessment. Fi-
gure 1 represents the block diagram of the proposed 
model.

Dataset description

This study is entirely based on a secondary 
analysis of the publicly available DAIC-WOZ da-
taset. The DAIC-WOZ (Distress Analysis Interview 
Corpus – Wizard-of-Oz) dataset serves as the pri-
mary data source for this research. It is a widely 
recognized, publicly available multimodal cor-
pus used for automatic mental health assessment, 
particularly for detecting depression. The dataset 
comprises 359 semi-structured clinical interviews, 
capturing audio, visual, and textual modalities, 
along with rich metadata such as participant de-
mographics, emotional states, clinical assessments, 
and diagnostic labels. Each interview includes hi-
gh-quality audio recordings and transcribed dialo-
gues, facilitating the development and evaluation 

of models that leverage multimodal data for psy-
chological distress analysis.

For this study, audio data from the DAIC-WOZ 
dataset were analyzed, with depression severity mea-
sured using the PHQ-8 (Patient Health Questionnai-
re-8) scale. Audio features were extracted using the 
open-source software COVAREP, which computes 
74 low-level descriptors at 10-millisecond intervals. 
Nine features exhibiting near-zero variance were 
excluded, as they could negatively affect the compu-
tation of correlation coefficients necessary for con-
structing reliable similarity graphs26.

Preprocessing using adaptable spectral 
pairing technique

ASP combines Spectral Subtraction and the Kal-
man Filter to reduce non-stationary background noi-
se while preserving diagnostically relevant speech 
patterns.

The noisy speech is transformed using FFT:
Noise is estimated using VAD-based non-speech 

frames:
	 N ˆ(k,t)=VAD(Y)	 (2)
Spectral subtraction is applied:
	 |S ˆ(k,t)|=|Y(k,t)|- α|N ˆ(k,t)|	 (3)
To reduce musical noise and distortion, the Kalman 
Filter refines the spectral estimate:
	 S ˆ_t=AS ˆ_(t-1)+K_t (Y_t-HSˆ_(t-1))	 (4)
Finally, the clean signal is reconstructed using IFFT:
	 S ˆ(t)=IFFT(S ˆ(k,t))	 (5)

This process results in a denoised waveform and a 
cleaner spectrogram in figure 2.

Feature extraction using SynchroSonic 
Learning

The SynchroSonic Learning (SSL) module em-
ploys a transfer-learning-based deep CNN combined 
with a bidirectional layer, as illustrated in figure 3. 
After preprocessing, the denoised audio is transfor-
med into time-frequency representations and passed 
through a sequence of stacked convolutional layers 
and max-pooling operations, which capture localized 

Figure 1. Block diagram of the proposed methodology.
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spectral and temporal patterns. A bidirectional se-
quence-learning layer is then incorporated to model 
contextual dependencies within the speech signal, 
enhancing the detection of subtle variations associa-
ted with depressive states. To maintain stability and 
prevent overfitting, the pre-trained weights inherited 
from the source model are partially frozen during fi-
ne-tuning. Additionally, BL-SMOTE is applied to ad-
dress class imbalance by generating boundary-focu-
sed synthetic samples for the minority class. Through 
this structured feature extraction process, SSL pro-
duces rich, hierarchical embeddings that preserve 
essential acoustic and prosodic markers relevant for 
accurate depression classification.

Feature selection phase

The model employs the AKWO algorithm to im-
prove accuracy by removing redundant and irrelevant 
features while reducing computational complexity. 

By combining Krill Herd and Grey Wolf Optimiza-
tion, AKWO dynamically balances exploration and 
exploitation for efficient global search. This adaptive 
mechanism reduces overfitting, handles non-lineari-
ties, and produces robust feature subsets for reliable 
voice-based depression prediction.

AKWO algorithm

The algorithm aims to select the most relevant fe-
atures that enhance classification accuracy while mi-
nimizing redundancy and noise. It begins by initiali-
zing a population of candidate feature subsets, which 
are iteratively optimized to identify the most effective 
selection.

	 	  (8)

The fitness function is defined as:

	
	  (9)

where Err (κi) is the classification error (i.e., 1 
minus the accuracy) of a classifier trained on the se-
lected features κi and a ∈ [0,1] balances the trade-off 
between classification error and subset size. 

The AKWO algorithm alternates between two 
optimization strategies in each iteration, the GWO 
algorithm is applied. It identifies the leading wol-
ves (α, β, δ) based on fitness and updating the po-
sitions of solutions accordingly to exploit the se-
arch space effectively. The best solution based on 
fitness is:

	 Xα = arg min (Xi) 	 (10)
The position update equations, simulating the 

wolves encircling prey, are given by:

    	  (11)

 
   		   (12)

	
 
	  (13)

From equation (11) and (12), Ai and Ci where 
(i=1,2,3) are coefficient vectors updated dynamically 
to control the balance between exploration and ex-
ploitation. 

For odd-numbered iterations, the KH algorithm 
is applied, which updates solutions based on local 
movements inspired by krill foraging behavior. The 
update rule is:

                           	  (14)

The local effect of neighboring krill on agent i is 
defined as:

                           
	  (15)

Figure 2. Block diagram illustrating Spectral Subtraction Me-
thod.

Figure 3. SSL architecture using transfer learning strategy.
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The average distance between krill and their nei-
ghbors is calculated by:

                       	  (16)

This process ensures the selection of highly rele-
vant features that lead to more accurate and robust 
classification results. The pseudocode of the AKWO 
algorithm has been moved to table 1 for clarity and to 
avoid interrupting the flow of the main methodology 
section.

Classification phase

The classification stage transforms the selected 
feature embeddings into final depression predictions 
using a neural network composed of flattening, den-
se layers, dropout, and a sigmoid output. The flatte-
ning layer converts multidimensional feature maps 
into a 1-D vector, which is then processed by fully 
connected layers to learn complex decision bounda-
ries. A sigmoid activation generates the final proba-
bility score, enabling accurate binary classification 
between depressed and non-depressed states.

Result

This section presents a comprehensive analysis of 
the performance metrics and results obtained using 
the proposed model.

Implementation setup

The experimental setup was conducted on a ma-
chine running Windows 10 (64-bit) as the operating 
system, equipped with an Intel Core i5 processor and 
16 GB of RAM to ensure smooth computational per-
formance. The implementation was carried out in the 
Python 3.10 environment, utilizing the PyTorch deep 
learning framework for model development and trai-
ning.

Hyperparameter setting

Table 2 shows the detailed hyperparameter set-
tings assigned for this proposed model.

Implementation output

Figure 4 illustrates the effectiveness of the ASP 
technique in removing background noise from voice 
signals. The noisy waveform shows heavy amplitu-
de fluctuations, while the denoised version reveals 
a cleaner signal with clearer speech peaks. This im-
provement is achieved through spectral subtraction 
and Kalman filtering, which suppress noise without 
distorting speech. The spectrogram comparison fur-
ther confirms that ASP preserves key speech frequen-
cies, enhancing the quality of features used for men-
tal health prediction.

Figure 5 shows the class imbalance in the data-
set, with fewer non-depressed samples compared to 
depressed ones. This imbalance can bias the model 
toward the majority class. After applying BL-SMOTE, 
synthetic samples are generated for the minority 
class, resulting in a balanced distribution. This im-
proves generalization and reduces prediction bias, 
making the model more robust for medical and psy-
chological classification tasks.

Table 1. AKWO algorithm.

Pseudocode 1: Adaptive krill-wolf optimization

n	� Initialize the population of solutions (each solution is a 
subset of features)

n	 Evaluate the initial fitness of the population

n	 Define parameters for both GWO and KH

n	 While stopping criterion not met:
	 if iteration % 2 ==0; // Even iterations: Apply GWO
		  Identify α, β, δ wolves based on fitness
		  For each solution in population:
			   Update position based on α, β, δ
	 Else: Apply KH
		  For each krill in the population:
			   Compute local
			   Update krill position based on these movements

n	 Evaluate the fitness of the updated solutions

n	� Select top-performing solutions to form the next gene-
ration

	 if iteration % 2==0;
		  update α, β, δ based on new fitness values

n	 Increment iteration counter

n	 Return the best feature subset found

Table 2. Hyperparameter configuration.

Hyperparameters Values

Number of epochs 150

Learning rate 0.001

Batch size 32

Optimizer Adam

Dropout rate 0.3

Kernel_size (3,3)

Stride (1,1)

Padding (1,1)

Population size (AKWO) 10

Number of iterations (AKWO) 50

Number of layers 18

Activation functions ReLu

Loss Binary cross entropy

Thresholds (for final classification) 0.5
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Performance evaluation

The proposed model is evaluated using classifi-
cation metrics (accuracy, precision, recall, specifi-
city, F1-score), error metrics (MAE, RMSE), and the 
Kappa coefficient to provide a comprehensive asses-

sment of its effectiveness, reliability, and suitability 
for voice-based mental health evaluation.

Figure 6 shows that the AKWO algorithm rapidly 
converges during feature selection, quickly reducing 
fitness values and stabilizing around 0.021. This de-
monstrates AKWO’s effective balance of exploration 
and exploitation, highlighting its robustness in selec-
ting relevant features efficiently for voice-based de-
pression detection.

Figure 7 shows that over 150 training epochs, the 
proposed model achieves closely aligned training 
and validation accuracy and loss curves, with rapid 
early learning and steady improvement. This indica-
tes efficient learning, strong generalization, minimal 
overfitting, and robust predictive performance for 
voice-based depression detection.

The confusion matrix shows that the proposed 
model reliably distinguishes depressed and non-de-
pressed individuals, with 235 true positives, 115 true 
negatives, 10 false positives, and 0 false negatives, 
reflecting high accuracy and precision in depression 
detection (figure 8).

Figure 9 illustrates the ROC curves, showing the 
model’s exceptional diagnostic capability across all 
five cross-validation folds. The AUC values range 
from 0.98 to 1.00, indicating outstanding discrimi-
natory performance. The curves remain close to the 
top-left corner, reflecting high true positive rates and 
minimal false positives. This consistent performan-
ce across folds confirms the model’s robustness and 
accuracy in distinguishing between depressed and 
non-depressed classes. Table 3 further summarizes 
the overall performance of the proposed model.

5-Fold Cross Validation 

To ensure the robustness and generalizability of 
the proposed model, a 5-fold cross-validation stra-

Figure 4. Impact of ASP on audio signal analysis and its spec-
trogram comparison.

Figure 5. Addressing class imbalance with BL-SMOTE.

Figure 6. Fitness convergence analysis of AKWO algorithm.
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tegy was employed, and the performance metrics 
were averaged across all folds as presented in Table 4.

Table 4 and Figure 10 show that the propo-
sed model performs consistently across 5-fold 
cross-validation, achieving high accuracy (96.98-

97.62%), strong precision, recall, F1-score, and 
specificity, low MSE, and substantial Kappa agre-
ement, demonstrating its robust and reliable de-
pression classification.

Comparative analysis

To evaluate the effectiveness of the proposed 
model, a comparative analysis was conducted 
against existing multimodal and transfer learning 
approaches, with the results summarized in table 
527.

The proposed model significantly outperforms 
benchmark multimodal and transfer learning me-
thods on the DAIC-WOZ dataset, achieving higher 
accuracy, precision, recall, and F1-score (figure 11). 
Wilcoxon signed-rank tests (p<0.05) confirm that 
these improvements are statistically significant, de-
monstrating robust, reliable, and clinically relevant 
performance for depression detection. Table 628 
shows error analysis; figure 12 shows error analysis 
comparison with existing models.

Table 3. Performance evaluation of the proposed Depres-
sion Classification Model.

Parameters Performance (%)

Accuracy 97.22

Precision 100

Recall 95.92

F1-score 97.92

MAE 0.027

RMSE 0.1666

Kappa 93.76

Figure 8. Predictive accuracy evaluation using confusion ma-
trix.

Figure 9. Proposed models robustness evaluation using ROC 
analysis

Figure 7. Model learning and overfitting analysis using (a) Accuracy Curves (b) and Loss Curves.
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Discussion

The proposed voice-based depression detection 
model achieves strong and consistent performance, 
with high accuracy, perfect precision, and strong re-
call across cross-validation, confirming reliable clas-
sification. High Kappa values, strong ROC-AUC sco-
res, and well-regulated training and validation curves 
indicate robust discrimination, good generalization, 

Table 4. Model performance analysis using 5-Fold Cross-Validation.

Fold Accuracy (%) Precision (%) Recall (%) F1-score (%) MSE RMSE Kappa (%)

1 97.01 100 95.41 97.65 0.028 0.171 93.22

2 97.44 100 96.33 98.11 0.026 0.162 94.15

3 96.98 100 95.10 97.53 0.029 0.178 92.84

4 97.62 100 96.50 98.22 0.025 0.159 94.62

5 97.05 100 95.26 97.60 0.027 0.163 93.91

Mean 97.22 100 95.92 97.92 0.027 0.167 93.76

Figure 10. 5-Fold-Cross-Validation analysis of our proposed model.

Figure 11. Comparison of our proposed model with other 
existing models.

Table 5. Comparative analysis of multimodal and transfer 
Learning Models.

Methods Accuracy 
(%)

Precision 
(%)

Recall 
(%)

F1-score 
(%)

UE27 80.54 80.96 78.13 79.52

MMIT27 81.22 82.01 81.22 81.61

MMSDTL27 87.55 89.26 89.71 89.21

MMSDntTL-
MCD27

93.81 94.82 92.11 93.45

MMSDntTL-
SNGP27

95.07 95.35 92.86 94.09

Proposed 97.22 100 95.92 97.92

Table 6. Error analysis of our proposed model with other 
existing methods.

Methods MAE RMSE

DCNN-DNN28 5.16 5.97

DCNN28 4.63 5.52

TE-CNN28 4.48 5.37

Bi-LSTM-ATT28 3.18 3.68

GCNN28 1.25 2.15

Proposed 0.027 0.1666
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and minimal overfitting. Clinically, the model shows 
promise for early screening and remote mental he-
alth monitoring through speech analysis, especially 
in resource-limited settings, and could be integra-
ted into telehealth systems for continuous monito-
ring and automated risk alerts. Comparative results 
demonstrate that the model outperforms existing 
methods, achieving higher predictive accuracy and 
lower error rates. However, practical deployment is 
limited by language variability, possible algorithmic 
bias, limited interpretability, absence of external vali-
dation, and lack of real-world clinical testing. Future 
work should focus on diverse datasets, clinical trials, 
and explainable AI techniques to improve reliability, 
fairness, and real-world applicability, supporting the 
model’s potential role in digital psychiatry and tele-
medicine.

Conclusions

The proposed voice-based depression detection 
framework demonstrates strong predictive perfor-
mance on the DAIC-WOZ dataset, achieving high 
accuracy and low error rates, which highlights its po-
tential for early mental health screening and digital 
psychiatry applications. However, these findings are 
currently limited to a single dataset, and indepen-
dent external validation is required before clinical 
deployment. Future work will focus on validating the 
model on diverse populations, improving interpreta-
bility through explainable AI, and optimizing the fra-
mework for real-time use within telehealth systems.
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