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Abstract—Depressive disorders represent specific mental
health conditions that result in negative impacts on a person’s
interpersonal, social and psychological wellness. If
depression is not precisely diagnosed, it can lead to persistent
emotions of suicidal thoughts and suicide attempts. Therefore,
early identification of depression is essential. Compared to
other behavioral signals, speech is easily accessible, widely
available, and a reliable indicator for depression screening.
Depression detection by speech is also easy and
comparatively inexpensive, since it requires substantially less
bandwidth and computing capability. Depression severity is
usually measured using machine learning and deep learning
algorithms. Even while research in this field has improved
significantly, there are still many obstacles to overcome
before performing the depression diagnostic in practice.
Therefore, in this research, a novel depression and its severity
detection mechanism is implemented. Initially, the required
speech signals are fetched using the benchmarked dataset;
these are then pre-processed with the help of the filtering and
spectral transformation models, that removes the unwanted
background noise and patterns of original speech signals. In
addition, the features are extracted from the pre-processed
signals using the Spatio-Temporal Attention-based
Convolutional Autoencoder (STA-CAE). The resulting
features are then fed in to the Adaptive Hybrid
Network (AHNet) that identifies the depression present and
its level of severity. In this case, the established AHNet
presents the Deep networks like Deep Support Vector
Machine (DSVM) and Pyramid Dilated Temporal
Convolutional Network (PDTCN) with the goal of detection.
Revised Uniform Attribute-based Sculptor Optimization
Algorithm (RUA-SOA) is used to optimize AHNet
performance. Lastly, the proposed framework is examined
and compared with the available models to ensure its
effectiveness.

Keywords—depression and severity detection, speech signals,
adaptive hybrid network, feature extraction, knowledge-
infused deep learning, mental health informatics.

I. INTRODUCTION

Millions of people worldwide suffer from depression,
and it is a common mental disorder that has social,
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psychological, and monetary consequences [1]. The
symptoms reported by individuals and professional
conversations are the backbone of traditional diagnostic
techniques for depression [2]. These methods may suffer
from bias and lack reliability. With the advent of computer
vision technology, more methods have emerged to
recognize depression quickly and objectively. The speech-
based recognition system is the most promising approach,
which uses a person’s voice to detect depressive states [3].
To identify symptoms of depression, speech depression
detection systems examine a variety of speech features [4].
These characteristics fall into three broad classifications:
linguistic, prosodic, and auditory. In order to get
knowledge about cognitive and affective states, linguistic
characteristics examine the structure and content of spoken
speech, particularly word choice, grammar, and semantic
content [5]. In order to find the mental state of the human,
the severity assessment is also important, similar to
depression detection.

Currently, the primary method of diagnosing depression
is through questionnaire surveys that are supplemented by
the opinions of medical professionals. Early identification
and evaluations of depression are limited, and their
reliability mostly depends on patient involvement and the
physician expertise [6]. Computer-aided diagnostic
methods have the potential to greatly lessen the difficulties
involved in  professional depression  screening.
Consequently, utilizing speech information for
preliminary assessment offers an innovative way to detect
depression at an earlier stage [7]. Individuals with
depression often have less voice intensity, slow speech,
low pronunciation, and fewer speech abnormalities [8].
These people also show less variance in other acoustic
characteristics, such as voice bandwidth. Furthermore,
their spectral characteristics are associated with the
severity of the disorder. Speech feature extraction aids in a
better understanding of depression because these
characteristics are relatively objective and difficult for
people to obscure [9]. Additionally, strong emotions such
as happiness and anger are uncommon in the speech
signals of individuals with depression, whereas emotions
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such as sadness and neutrality are particularly
prevalent [10]. Therefore, obtaining the emotional signals
of a speaker is crucial for investigating depression.

Advanced-level machine learning algorithms play a
crucial role in making speech-based depression detection
systems effective. Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), and other supervised
learning models like Support Vector Machine (SVM) and
Random Forest (RF) have proved to be typical approaches
that detect depression [11]. These models can improve the
accuracy of depression detection by finding complicated
patterns in data. Developing reliable voice depression
recognition systems necessitates the collection of different,
high-quality datasets [12]. However, there are numerous
challenges with this strategy. The performance of the
system can be affected by speech variation due to
gender [13], age, ethnicity, and recording environment.
Detection methods of depression based on speaker features
could induce biases in the data, which makes the model
perform poorly [14]. Because of this bias, algorithms may
overfit in the training set, which could lead to wrong
diagnoses [15]. It is not yet possible to effectively identify
depression in a speaker based solely on speech related to
their mental health. The speech research community has
not yet thoroughly examined these concerns. The
suggested hybrid deep learning model enhances the
performance of conventional techniques.

The below points outline the research contributions of
this paper.
To develop a hybrid deep learning model for the
detection of depression and its severity, aimed at
preventing the development of mental disorders in
humans. The recommended model provides earlier
detection and intervention for depression, which helps
to control the persistent low mood, impaired
concentration, and suicidal contemplation in humans.
Further, healthcare providers can tailor effective
treatment plans by understanding the severity of the
depression, which can be used for adopting effective
medications, therapies, and lifestyle changes of the
human affected by depression.
To  adopt  Spatio-Temporal  Attention-based
Convolutional Autoencoder (STA-CAE) for extracting
useful features from speech signals, which will reduce
the overall dimension of the signal and simplify the
complexity of the depression detection process. In
addition, the vocal characteristics of the speaker are
determined via the extraction of features from the
speech signal. The STA-CAE encodes both spatial and
temporal information in the speech signal in an
automatic manner, which helps to determine the
emotions of the speech signal in humans.
To design Revised Uniform Attribute-based Sculptor
Optimization Algorithm (RUA-SOA) for tuning the
parameters of the hybrid model including, learning rate
and epochs, for maximizing the Matthews Correlation
Coefficient (MCC) in the depression detection process.
Here, the RUA-SOA is used for maintaining the higher
quality optimization and tunes the parameters rapidly
to attain computationally efficient results in depression
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and severity detection. The adaptability of the RUA-
SOA in diverse optimization scenarios is very high,
and it can precisely handle the high-dimensional
optimization problems in the search space.

To recommend Adaptive Hybrid Network (AHNet) for
detecting depression along with its severity in humans
for preventing the development of mental disorders.
The AHNet is composed of Deep Support Vector
Machine (DSVM) and Pyramid Dilated Temporal
Convolutional Network (PDTCN). Here, the feature
representation can be effectively learned by the DSVM
model, which can be used for differentiating different
levels of depression in humans. On the contrary, the
long-range temporal features are effectively captured
by the PDTCN because of the larger receptive field
maintained by the dilated convolution in the structure.
The utilization of the speech signal for depression
detection via the AHNet facilitates the determination
of the patterns associated with depression, which helps
to determine the mental health status of humans.

The research work is organized in the following manner.
In Section II, the literature review is discussed in detail.
The block diagram of the proposed speech signals-based
depression and severity detection framework is given in
Section III. The advanced feature extraction technique
from preprocessed signals using the attention-based deep
network is given in Section IV. The hybrid deep
knowledge network for performing depression and
severity detection is explained in Section V. The
experimental results and the discussion of the findings are
given in Section VI. The summary of the paper and the
future work are outlined in Section VII.

II. LITERATURE REVIEW

A. Related Works

Ravi et al. [16] proposed separating speaker-identity
methods that use depression-related data for speaker
identification. This model employs varied features to
achieve the optimal outcome for depressive disorder
detection. The potential direction for speech-based
depression detection was achieved by this model. Ullah et
al. [17] suggested a new model of convergence between
Natural Language Processing, machine learning, and the
Grey Relational Grade (GRG) analysis to detect
depression on Twitter posts. The research assessed
engagement measures, i.e., likes and shares, through GRG
to learn non-linear relations with depressive content with
strong correlations and scale, regardless of the size of the
dataset. The accuracy of the classification, up to 97% with
the help of the most sophisticated machine-learning
algorithms, further proves the efficiency of the model,
which indicates the possibilities of using social media data
and a linkage of relational analytics in order to detect
depression early and objectively.

In 2024, Tao [18] proposed the concept of automatic
detection of depression from the speech signal. In this
paper, a novel deep learning model has been utilized that
provides higher accuracy since it considers the speech
markers of depression in humans. Moreover, the statistical
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difference between the depressed and non-depressed
person was detected by this model.

Ahmed et al. [19] developed the ensemble transformer
model to detect depression from social media text. The
quality and relevance of the input data have been enhanced
using the pre-processing steps. Moreover, the three
versions of the transformer model generated the
predictions. Sadeghi et al. [20] proposed a depression-
detection human model that is fully automated. Indicators
of depression were identified from the interview transcript
through the use of Large Language Models (LLMs). The
prediction model was trained on the gathered
questionnaires of patients. A multimodal depression-
severity model was also proposed based on the textual data
obtained from the video frames.

Wang et al [21] proposed a Speechformer-
Connectionist Temporal Classification (CTC) that
represented the fine-grained information regarding the
depression state of humans. The content-based feature
compatibility of the proposed model was checked through
the Automatic Speech Recognition Features (ASR). The
depressive region that has a significant effect on the speech
utterances was well established using this model. The
study further demonstrated how modern developments in
transformer models have influenced depression detection
by making it easier to model long-distance relationships
within multimodal data. By applying a temporal
classification mechanism for fine-grained pattern
recognition in speech utterances, the model proved
efficient in sequential modelling, though its reliance on
ASR-based features limits reliability in noisy conditions.

Srimadhur and Lalitha [22] proposed a CNN and an
end-to-end CNN model to detect depression from the
spectrogram signal. The sub-parameters of the CNN were
chosen at the time of parameter tuning, which were of
various types. The model was successful in detecting the
depression state of human beings. Tufail et al [23]
designed a CNN that can realistically classify the
depression state of a human. A step-by-step process of
eight steps was designed in this paper, and the emotional
states of humans were classified using the measures of
accuracy. Likewise, Zhu et al. [24] introduced MTNet, an
eye-tracking and EEG multimodal transformer network for
predicting early mild depression. While the method is very
effective in multimodal environments, its implementation
with physiological sensors complicates scalability to
speech-only systems. In terms of energy efficiency and
flexibility, Yang et al. [25] introduced the Spike Memory
Transformer that employs spiking neural processes to
detect depression in distributed learning environments.
Though computation is low, the method is mostly designed
for resource-limited IoT environments and is not
specifically aimed at speech-based biomarkers.

These studies emphasize the expanding use of
transformer models, yet their spatiotemporal handling of
speech patterns and computational intensity mirror the
necessity for our suggested RUA-SOA-AHNet,
integrating attention-based feature extraction with hybrid
deep learning optimized for scalable and robust speech-
based depression detection.
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B.  Research Gap Identification and Analysis

The wide-ranging literature review points to some of the
shortcomings in current speech-based depression detection
methods:

o Insufficient Spatio-Temporal Feature Modeling:

Most of the earlier works rely mostly on acoustic or
linguistic features and fail to adequately capture spatio-
temporal relationships in speech signals, which are
essential for detecting depressive patterns.

e Limited Severity Analysis:

Most models concentrate exclusively on binary
depression detection (depression vs. non-depression) and
ignore severity-level classification, which is essential for
clinical treatment.

e Overfitting and Generalization Problems:

Multiple solutions lack strong regularization and
hyperparameter tuning techniques, resulting in overfitting
and decreased generalization on various datasets.

e Scalability and Computational Constraints:

Transformer-based and multimodal models show
promising accuracy but have high computational
complexity, rendering them incapable of being used in
real-time or low-resource environments.

Inadequate Hyperparameter Optimization:
Previous models tend to use heuristic or manual
adjustment of learning rate, epochs, and other parameters,
which leads to poor performance and slow convergence.

C.

Contributions and Novelty of the Work

Our work presents a new and complete framework for
speech-based depression detection and severity estimation
that meets the major shortcomings discovered in previous
work. The contributions of this paper are briefly outlined
below:

Hybrid Deep Learning Framework (AHNet)

We introduce an Adaptive Hybrid Network (AHNet)
combining Deep Support Vector Machine (DSVM) and
Pyramid Dilated Temporal Convolutional Network
(PDTCN) to learn non-linear relationships between
features and long-term temporal dependencies in speech
signals.

e Advanced Spatio-Temporal Feature Extraction

The model uses a Spatio-Temporal Attention-based
Convolutional Autoencoder (STA-CAE) to learn high-
quality, low-dimensional feature representations, which
efficiently retain spatial and temporal speech dynamics.

e New Hyperparameter Tuning Method

A new Revised Uniform Attribute-based Sculptor
Optimization Algorithm (RUA-SOA) is designed to fine-
tune critical hyperparameters (learning rate, epochs),
enhancing convergence, accuracy, and robustness without
falling into local optima.

e Severity-Level Classification with Regularization

In contrast to previous models with a sole focus on
binary detection, our model presents severity-level
classification with regularization techniques to ensure the
avoidance of overfitting and greater clinic usefulness.

e State-of-the-Art Performance Demonstration

Large-scale experiments on the Distress Analysis
Interview Corpus-Wizard-of-Oz (DAIC-WOZ) dataset
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confirm the superiority of the proposed model, reaching
97.7% accuracy and 95.9% F1-score, surpassing current
state-of-the-art approaches.

D. Problem Statement

Speech signals may be employed as a good biomarker
in the evaluation of the mental wellbeing of a person.

Millions of individuals worldwide are greatly affected
by the prevalent disorder caused by depression state. The
clinical interview and the self-reported symptoms are
mostly utilized by the traditional methods for depression
detection, but these models are mostly affected by bias
issues. Table I shows the features and challenges of the
existing depression state detection models.

TABLE I. FEATURES AND CHALLENGES OF THE CONVENTIONAL DEPRESSION STATE DETECTION MODEL

Author [citation] Methodology

Features

Challenges

Ravietal [16] Naive support vector classifier

It effectively solves the privacy and bias
concerns in the speech detection process.

The hyperparameter tuning consumes more time
for the implementation process.

Natural Language Processing
with Machine Learning using
Grey Relational Grades (GRG)

Ullah et al. [17]

It extracts textual features and
engagement metrics like likes and shares
to identify depressive tweets.

Handling noisy social media data, ensuring ethical
data use, generalizing across demographics, and
improving model interpretability.

Automated depression

Tao [18] detection

The difference between the depressed
patients and the non-depressed patients is
effectively determined by this model.

The acoustic and phonetic content of the other
languages are not determined by this model.

Bidirectional Encoder
Representations from
Transformers (BERT)-Tweet
(BERTweet)

Ahmed et al. [19]

It can detect the various severity classes
of depression at an earlier stage.

The local explainability of the model is very low.

It can easily extract the depression-related

Sadeghi et al.

[20] LLM

features from the interview transcript for
determining the mental health status of

It is not effective for real time clinical applications.

the human.

It can process the speech signal from a
local to a global scale to get effective
results in depression detection.

Wang et al. [21] Speechformer-CTC

The paralinguistic speech processing task is not
performed by this model.

Srimadhur and

Lalitha [22] End-to-end CNN

The underfitting and the overfitting of the
model is prevented by dividing the sample
into training and testing samples.

It does not learn the features from the multiple
scales for effective depression detection.

Tufail ef al. [23] CNN

It classifies the depression states into
multiple classes with greater accuracy.

The occlusion variation in the image can greatly
impact the performance of the model in the
depression classification.

e The conventional model does not examine the
underlying features and variability in the pattern of the
speech signal, so it does not provide effective results in
the depression state detection. Here, the STA-CAE-
based features extract the underlying features in the
speech signal to accurately detect the states of
depression.

The early and more objective detection of depression is
not possible by the conventional models, as they
consider the self-reported symptoms and interview
reports for depression detection. Here, the speech
signal is utilized for depression detection since the
semantic content, word choice, and syntax provided by
the speech signal provide reliable outcomes in
depression detection.

The conventional models do not utilize the
regularization techniques, so they are susceptible to
overfitting issues during the training process.
Regularization is used during the training process to
improve the performance of the hybrid model in
depression diagnosis by preventing overfitting issues.

The existing models consume more time on the
depression and severity detection process, and the prior
model does not emphasize the relevant information for
the specific types of depression states because of the
absence of the augmentation process. Here, the
augmentation approaches are applied to the collected
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signal, which helps to detect the specific types of
depression and severity states within a limited time.

III. BLOCK DIAGRAM OF PROPOSED SPEECH SIGNALS-
BASED DEPRESSION AND SEVERITY DETECTION
FRAMEWORK

A. Proposed Depression and Severity Detection Model:
Architecture Diagram

In mental health detection, depression detection is one
of the most crucial components. The thoughts, emotions,
and behavior of humans are seriously affected by the
development of depression. In some severe cases, this can
result in the suicide of a person. The medical professionals
use self-reported surveys to determine the depression
status of individuals. The urgency of developing an
effective model for the diagnosis of depression has
increased because of the low availability of caregivers in
the medical industry. The existing models use clinical
interviews for the diagnosis of depression; however, these
approaches are susceptible to bias during the detection
process. Furthermore, the conventional models cannot
capture the complex patterns in the speech data. Their
performance is greatly affected by the recording conditions
of the speech samples. Changes in tone, clarity, and speech
speed are often associated with the presence and severity
of depression, which makes the exact detection
challenging. Further, the complex emotional nuances are



Journal of Advances in Information Technology, Vol. 17, No. 1, 2026

not captured by the prior models, which are considered the
main factors for depression. Despite the challenges of the
conventional models, this research proposes an innovative
model for the detection of depression along with its

severity to understand the mental state of humans for
precise and effective clinical care. The overview of the
proposed depression and severity assessment is given in
the Fig. 1.

\{

Speech signal E
database

eech signal !

Preprocessing of
Sp

AHNet-based
Depression and
severity detection

Optimize
learning rate
and epochs

Developed
RUA-SOA

Feature extraction
using STA-CAE

Fig. 1. Overview of the proposed depression and severity assessment model.

This work proposes a hybrid deep learning model for
depression detection and its severity to precisely evaluate
the mental health condition of the individual for effective
treatment. The suggested model, compared to the
traditional methods, gives severity estimations that are
crucial to understanding the mental condition of the
individual better. This model possesses the ability to
identify the fine-grained vocal patterns of depression.
Apart from that, depression can be detected and managed
in the early stages with the developed model because it
efficiently examines multiple speech signal features in
order to identify depression with high accuracy. The
suggested model efficiently identifies depression and its
severity at an earlier phase so that medical professionals
can start treatment programs to avoid further conditions.
The effectiveness of the intervention and the patient’s
result are improved due to the severity measurement
performed by the suggested model. The patient with a
more serious condition can be treated and provided with
therapies on time through the proposed depression and
severity measurement model. The speech signals are
acquired from the benchmark dataset, DAIC-WOZ. If the
availability of the speech signal in the retrieved source is
low, then the speech signal is augmented by adding noise
and altering the frequency level of the current speech
signal to enable the model to obtain more generalizable
outcomes. The data augmentation can give more speech
samples for training deep learning models that assist in
learning more information to achieve precise results in
detecting depression. The augmented samples are then fed
to the preprocessing phase, which can be utilized for
improving the relevancy and the quality of the speech
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signal. Here, the noise in the speech signal is removed
using the Finite Impulse Response (FIR) and Empirical
Mode Decomposition (EMD) approaches.

Following that, the normalization is performed for
enhancing the consistency and variability in the speech
signal. In addition, normalized data offers higher
consistency for the training of the deep learning model,
which produces more efficient results in the depression
detection process. The normalized data is then sent to the
feature extraction phase, which is carried out through
STA-CAE. The STA-CAE encodes the spatial and
temporal information in the speech signal since it
automatically learns the features from the preprocessed
signal. Further, this model preserves the essential features
and reduces the dimension of the pre-processed data. So,
the computational efficiency of the depression detection is
enhanced using this process. The attained features are
passed to the AHNet model for predicting depression in
humans, where the AHNet is developed with the
combination of DSVM and PDTCN models. Here, the
temporal dependencies in the speech data are effectively
captured using the PDTCN. Further, the learned features
are effectively mapped with the help of the DSVM and
PDTCN. The robustness of the variation of the noise is
effectively enhanced with the help of the proposed AHNet.
During the depression detection, the AHNet categorizes
the depression into binary classes such as, normal and
abnormal. Further, the severity of the depression is
determined by applying the regularization, which is done
using the same AHNet. Here, the epochs and the learning
rate of the AHNet are tuned using the RUA-SOA to
enhance the MCC of the depression and severity detection
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model. The severity of the depression is determined based
on the score. The proposed depression and the severity
assessment model are used to enhance the availability of
earlier treatment and services for patients affected with
depression. Further, this model prevents the suicidal
decision of the human, and it also helps to maintain a good
relationship with their family and friends.

B. Description of Depression Dataset

In this study, we utilized the Distress Analysis Interview
Corpus-Wizard of Oz (DAIC-WOZ) dataset [26], a widely
recognized benchmark for depression detection research.
The dataset consists of 189 clinical interviews, which
include audio recordings, transcripts, and metadata. For
our experiments, we focused on the speech signal subset,
comprising approximately 10,000 utterances after pre-
processing and augmentation.

The dataset includes 142 participants (107 in the
training set and 35 in the testing set) with ages ranging

Sample

from 18 to 63 years, covering diverse gender and ethnic
backgrounds. Ethical approval for the DAIC-WOZ dataset
was granted by the University of Southern California
Institutional Review Board (IRB), ensuring compliance
with research ethics standards. The dataset is available for
research use upon request at https://dcapswoz.ict.usc.edu/

The speech signal collected from the above source is
expressed as y, where y=1,2,...,H and the total
number of the collected speech signal H. Fig. 2 presents a
visualization of the speech signals collected from the
dataset. It includes three samples of the original speech
data along with their corresponding extracted signals
indicative of depressive characteristics. In this work, the
collected dataset is small and imbalanced. Here, the speech
signals are augmented by additionally adding the noise, on
the collected speech data. Then the augmented data is
given to the pre-processing operation.
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Fig. 2. Sample speech signal collected from the sources.

Ethical Considerations

The experiments in this study are based on the DAIC-
WOZ (Distress Analysis Interview Corpus-Wizard of Oz)
dataset, which is publicly available for research use under
controlled access. The dataset was collected under the
supervision of the University of Southern California
Institutional Review Board (IRB), ensuring compliance
with ethical research standards. All participants provided
informed consent prior to data collection, and the dataset
was fully anonymized to protect personal identity and
sensitive health information. No additional data collection
involving human subjects was performed by the authors in
this research.

C. Raw Signal Preprocessing

The initial step in depression detection is preprocessing
the collected speech signal y,. The speech signal consists
of background noise that is incorporated while recording
the speech signal. The noise present in the speech signal
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greatly hinders the subsequent process involved in
depression detection. Thus, the preprocessing operation is
applied to the collected signal to enhance the overall
quality of the signal. Before initiating the preprocessing
operation, the collected signal is undergone for the data
augmentation if the number of speech signals in the
gathered source is very low. Data augmentation is adopted
in the case of small datasets, which helps to prevent bias
issues in the training process. Further, the generalizations
to the unseen samples are also provided by this process
since it enhances the dimension of the data. If the data
source contains enough quantity of the speech signal, then
the data augmentations are neglected here.

FIR [27]: The noise present in the augmented speech
signal yy, is reduced by applying the FIR. The main aim of
the FIR is to suppress the noise present in the speech signal,
which helps to ease the process of depression detection.
The information from the speech signal is interfered with
because of the noise that occurs during the recording
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process. The amplitude of the signal is increased or
decreased because of the presence of the noise in the
speech signal as it changes the shape of the original signal.
The time duration of the signal is slowed down because of
the presence of the noise. So, FIR-based filtering is applied
to reduce the noise in the signal. The filters of the FIR do
not have any feedback in the expression, which helps to
enhance the stability of the FIR inherently. The capability
of FIR filters to give a linear phase is a further upside of
this model. Consequently, the decision is straightforward:
FIR filer should be employed if the application calls for a
linear phase. For the FIR filter, the output is computed by
determining the sum of the latest and the finite preceding
input value. In terms of input order y[o], the output order
z[o] is determined using Eq. (1).

z[o] = Ej-o¢;Y (0 =) (1
where ¢; represents the filter coefficient at lag j which
defines the weight assigned to the corresponding input
sample; Y (0 — j) is the input signal at time o0 — j, meaning
the current and past samples that influence the output; O
denotes the length of the filter, specifying the number of
past input values considered for computing the current
output. The noise-removed signal from the FIR is
expressed as yf %

Empirical Mode Decomposition (EMD) [28]: The EMD
is one of the effective noise filtering models and it provides
the oscillatory components (Intrinsic Mode Functions
(IMF)) by decomposing the given speech signal. The
output y; % from the FIR is given to this model to further
enhance the quality of the signal. Concerning the most
important part of the signal, the speech signal is
reconstructed using the IMF. The high frequency
components and the noisy portion of the speech signal are
eliminated through the EMD. The speech signal y[o]
undergoes sifting for getting residual and series of
IMF imf, (0),k = 1,2, ...,D. The decomposition can be
expressed as in Eq. (2).

ylo] = TP, imfic(0) + Kp (0) )

Here, K, (0) is the residual term representing the non-
oscillatory low-frequency trend remaining after IMF
extraction, helping isolate important signal structures by
removing noise. Let us assume that the speech signal z(0)
is affected by the additive random noise n(0), expressed
as Eq. (3).

y(0) = z(0) +n(0) (€)

The EMD first decomposes y(0) into IMF, as shown in
Eq. (4). The selected IMF (D —1+4 1) is used for
reconstructing the signal Z(0).

yZ(O) = €=l Z%():l "mfk (0) + KD(O)il = 2! 'D (4)

Here, the reconstructed signal is represented as yZMP.
Normalization: The reconstructed signal y; from the
EMD is given to this process. During the training process,
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convergence issues occur because of the varying signal
amplitude. So, signal normalization is performed to
maintain the stability of the training process. The
normalization process is one after filtering the noise from
the augmented speech signal. Here, the characteristics,
amplitude, consistency, and volume of the signal are
adjusted to enhance the quality of the signal, which makes
the further processing of the speech signal much easier.
Here, the amplitudes of the signal are set to the specified
range, which helps to maintain the volume of the speech

signal. The normalized signal is denoted by the term yJ;°"

IV. ADVANCED FEATURE EXTRACTION TECHNIQUE FROM
PREPROCESSED SIGNALS USING ATTENTION-BASED DEEP
NETWORK

A.  Convolutional Autoencoder

The CAE’s [29] main objective is to reduce the
dimension of the input speech signal by extracting the
features. The combination of the CNN and the autoencoder
is used for developing the CAE. The encoder and the
decoder neural network are the major components of the
CAE. The encoded vector a is attained by transforming the
input speech data y into a non-linear manner with the help
of multiple fully connected layers. The decoder network
provides the reconstruction y ” from the encoded vector
a. The process of encoding in the single hidden layer
autoencoder network is represented in Eq. (5).

a =v(Qeny + Cen) (5)

Here, the non-linear activation function is expressed as
v, and the weight and bias are represented as Q,,, and c,,,
respectively. Specifically, Q.,, denotes the encoder weight
matrix that maps the input vector into the latent
representation, while c,, represents the encoder bias
vector added before applying the activation function. The
reconstruction obtained from the decoder network is
expressed using Eq. (6).

y’' =v(Qqea + cae) (6)

In this equation, Qg represents the decoder weight
matrix and cy, represents the decoder bias vector. The
CNN structure is used for attaining the non-linear
transformation. Between the learnable filter and input
matrix, the convolution operation is performed to attain the
feature map. For the matrix B, C, the convolution operation
is given in the Eq. (7).

(B X )G k) = TMZh Zha2o BG — ulk —u2) x C(ul,pu2)  (7)

Here, the row and column indices are denoted as j, k,
respectively, where k indicates the column position in the
matrix. The constant factors are represented as ul, p2. In
this equation, M and N denote the number of rows and
columns of the convolution kernel C, respectively, so the
summations iterate over all elements of the kernel. The
pictorial illustration of the CAE is given in the Fig. 3.
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Fig. 3. Pictorial illustration of the CAE.

B.  Feature Extraction Using STA-CAE

The pre-processed speech signal consists of a large
amount of raw data, which, if used directly, can lead to
increased computational complexity and reduced model
efficiency. To address this, a feature extraction process is
applied on the normalized signal to reduce its
dimensionality while retaining essential information
relevant to depression detection. This step simplifies data
handling and enhances the overall performance of the
depression detection framework.

To achieve this, a Spatio-Temporal Attention-based
Convolutional Autoencoder (STA-CAE) is employed.
This model not only compresses the input data but also
emphasizes important spatio-temporal patterns in speech
signals that carry emotional and cognitive cues associated
with depression.

The Convolutional Autoencoder (CAE), which serves
as the backbone of this feature extraction mechanism,
comprises two main components:

Encoder

The encoder utilizes three convolutional layers to
capture hierarchical representations of the speech signal.
These layers identify recurring acoustic patterns and

linguistic cues present in the input spectrogram. Following
the convolutional layers, flattening and fully connected
layers are applied to further reduce dimensionality and
produce a compact feature representation.
Decoder

The decoder reconstructs the input from the compressed
representation, ensuring minimal reconstruction error and
preserving key features during encoding.

In the proposed architecture, the encoder outputs a
feature vector of size 64 for each speech sample, providing
an effective and concise representation for subsequent
classification tasks.

To enhance feature quality, a Spatio-Temporal
Attention (STA) [30] mechanism is integrated into the
CAE. The STA module dynamically models the
dependencies across both spatial and temporal dimensions
of the speech signal. Specifically:

e Spatial Attention (SA): Identifies and emphasizes

important frequency regions in the speech
spectrogram, capturing vocal characteristics that
signify depressive states.
Temporal Attention (TA): Learns the temporal
evolution of speech features, focusing on frames that
exhibit significant variations in tone, rhythm, or
prosody.

By combining these attention mechanisms, the STA-
CAE effectively captures nuanced speech features that are
crucial for accurate depression and severity detection. This
approach not only reduces data dimensionality but also
preserves the contextual richness of the speech signal,
which conventional CAEs or CNN-based methods often
fail to achieve. The SA mechanism is expressed as Eq. (8):

- _ T
SA=W, xk ((yj(s VX)X, (X770 + ct) )
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Fig. 4. A pictorial illustration of the STA-CAE-based feature extraction.
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Thus, the input given to the st spatiotemporal block is
represented as y].(s_l), k(.) denotes the sigmoid activation

function, and W;, X;, X,, ¢;, and X3 are the learnable
parameters. The superscript T in the equation above means
the transposing of a matrix. It accepts the re-arrangement
of dimensions of the intermediate feature representation
such that it is well-formed with the learnable parameters in
computing spatial attention. During the future temporal
vector generation, the temporal activity of the feature
vector is captured by the STA. The long-time dependent
characteristics of the speech data are learned by the TA at
the particular time period and it is interpreted in Eq. (9).

— _ T
4 =wy k(07 k)X ) + ) 0

Here, Wy represents the learnable weight matrix of the
temporal attention mechanism, that transforms the non-
linear attention output into the final temporal attention
score. Thus, the learnable parameters are denoted as X, ,
X, , ¢, and X5 . The feature extracted from the STA-CAE
is denoted as q;**7“®¢. The pictorial illustration of the

STA-CAE-based feature extraction is given in Fig. 4.

C. RUA-SOA-based Parameter Tuning

The Revised Uniform Attribute-based Sculptor
Optimization Algorithm (RUA-SOA) is designed to
optimize hyperparameters of the Adaptive Hybrid

Network (AHNet) for improved convergence and accuracy.

Unlike the conventional Sculptor Optimization Algorithm
(SOA), which suffers from premature convergence and
imbalance between exploration and exploitation, RUA-
SOA introduces a uniform attribute-based selection
mechanism and enhanced random number generation
strategy to ensure global diversity in the search space.

The improved random number generation in RUA-SOA
is expressed as in Eq. (10):

r 4 =r4 ﬁ + feurrent—fworst

(10)

Fpest—fworst

where:
r —improved random number.
r—original random value in [0,1].
B—scaling factor for diversity control.
feurrents fpest» fworse—fitness values of current, best,
and worst solutions.
The position of each candidate solution is updated based
on sculptor patterns as shown in Eq. (11):

XT].EW = Xcurrent + r / X (Xbest - Xcurrent) (1 1)

Here, X,,yren: denotes the current candidate solution in
the hyperparameter search space, Xj,q¢ is the best-known
solution identified so far, and X,,,,, represents the updated
position obtained by moving X,yrrene toward Xpes
according to the improved random vector r " . This
modification enhances global exploration while avoiding
local optima. The algorithm aims to maximize the
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Matthews Correlation Coefficient (MCC) during
optimization, which is calculated using the formula in
Eq. (12):

(TPXTN)—(FPXFN)

Mce = \/(TP+FP)(TP+FN)(TN+FP)(TN+FN)

(12)

Here, TP,TN, FP, and FN denote true positives, true
negatives, false positives, and false negatives, respectively,
computed from the confusion matrix.

Justification for the choice of RUA-SOA: The RUA-
SOA can effectively refine the solution and it also searches
the optimal solution via the solution space for the complex
optimization problems. Thus, the RUA-SOA can
thoroughly search the parameter space that helps to
prevent the local optima and provide effective outcomes in
the case of optimization problems. The RUA-SOA selects
the candidate solution based on the uniform distribution,
which helps to ensure the exploration of the diverse set of
solutions in the search space. The uniform distribution in
the RUA-SOA prevents premature convergence when
handling the problems in the high-dimensional search
space. Further, the parameter tuning process is rapidly and
responsively done via the RUA-SOA because of its high-
quality optimization. Based on the above reason, the
proposed RUA-SOA is used for the parameter
optimization in the depression detection model.

The SOA [31] optimization is the main inspiration
behind the development of the RUA-SOA. However, the
SOA may be stuck in the local optimal condition because
of the lack of diversity in the population. The risk of
premature convergence along with the imbalance between
exploitation and exploration are the greatest issues
associated with the SOA. In order to overcome these
obstacles, some improvements are infused within the
conventional SOA, where the random number is improved
based on the current and the worst fitness values. During
the operation of the algorithm, the sequence of the random
number is used by the RUA-SOA for enhancing the
convergence features also it guarantees performance
improvement in the search process to get a better solution.
The improved random number in the RUA-SOA can
greatly enhance the success of the convergence rate.
Moreover, the RUA-SOA kept away from the trapping of
local optima because of the enriched random number. The
expression for calculating the new random number in the
RUA-SOA is given in Eq. (13).

ufit

= ufit+rfit? (13)

Here, the current fitness is ufit and the worst fitness is
rfit. The improved random number is represented as s.
The global searching capability of the RUA-SOA is
enhanced via the improved random number and it provides
good enough solutions to the optimization problems in the
searching process. Further, the RUA-SOA tunes the
learning rate and epoch of the PDTCN and DSVM for
maximizing the MCC in depression and severity detection.
The pseudocode of the RUA-SOA is given in the
Algorithm 1.
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Algorithm 1: RUA-SOA
Input: the epoch of DSVM and PDTCN S?S”m,sg AN the
learning rate of DSVM and PDTCN ts¥™, t,fdtcn

QOutput: Optimized epoch of DSVM and PDTCN
s}if”m, s;’f ten optimized learning rate of DSVM and PDTCN
tdksvm tpliitcn

Set the population size O and population member U
While the end condition is not fulfilled
Forj=1to 0
Based on the best population members, the pattern of
the sculptor is determined.
Improvise the random number s using Eq. (13).
Find the new position of the SOA member using phase
1 traditionally.
Find the new position of the SOA member using phase
2 traditionally.
Upgrade the best position
End for
End while
Get best solution
Stop

V. HYBRID DEEP KNOWLEDGE NETWORK FOR
PERFORMING DEPRESSION AND SEVERITY DETECTION

A. Deep Support Vector Machine

The DSVM’s each layer is trained using supervised
learning so it provides better results in the depression
detection.

Here, the terms are y; € A°,z; € 9 = {+1,-1}, j =
1, ..., m. The DSVM is a multilayer architecture having the
input, hidden and output layers. There are o SVMs
available in the [*" layer. The training dataset is
represented as:

U= {(}’1'21): ) (ymt Zm)} € (Ao X ﬁ)m (14)

Here, U represents the entire training data, with pairs
(y]-, Z]-) being represented as the input feature vector and
the associated class label. The space A° is the o -
dimensional feature space in which each input vector y;
lies, and 9 = {+1,—1} denotes the set of binary class
labels used for depression detection. Thus, (A° X 9)™
indicates that the dataset contains m pairs of feature
vectors and their corresponding labels.

Under the supervision of the labels, the new training
data is developed at each layer of the DSVM, which
facilitates the provision of better results in the detection of
depression in humans. The training data formulation is
denoted in Eq. (14).

According to the deep learning mechanism, the layer of
the structure is increased, which helps to attain better
results in depression detection. The [ layer training data
is expressed in the Eq. (15).

U® =

-1
g

(e (e 0 )),

(A°x )

€

(680 00)) 7))
(15)
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Here, U® indicates the newly built training data in the
[*" layer. y; is the input feature vector of the j™ sample
and z; is the class label of the sample, +1 or —1. The term
g () represents the decision of the it SVM of the It
layer. The coefficient gi(l_l) (gi(l_z) gi(l)(yj)) indicated
the hierarchical transformation of the input, as it goes
through each of the prior layers. The space A°is the o-
dimensional feature space formed by the outputs of the o
SVMs and 9 is the set of binary labels. Thus, each sample
of U® carries along the o -dimensional feature vector
produced by the SVMs in the (I — 1)%" layer along with
the corresponding label z;. The extracted feature in the
hidden layer is used for constructing the decision function.
The pictorial illustration of the DSVM is given in the
Fig. 5.

Deep Support Vector
Machine

Main SVM

Input

Randomly vector

initialized
SVM

Fig. 5. Pictorial illustration of the DSVM.

B.  Pyramid Dilated Temporal Convolutional Network

The PDTCN is more adaptive for the sequential data
since it has a larger receptive field because of the presence
of casual convolution and pyramid dilation. The
depression in the speech signal is determined using the
TCN [32]. The next m values of the speech data are
predicted by training the TCN. The TCN model wishes to
predict the output zg,Zzj,..,Zy suppose the input
Yo, Y1, -, Yy 1S given to the model. The input shifted
towards the time step m seems like the output of the TCN.
The observed input in the previous states is used for
observing the output zy,z4,...,Z) . The two primary
limitations of the TCN are that it may only use data from
earlier steps and the output must be the same length as its
input. A pyramid convolutional layer is employed in TCN
to satisfy these spatiotemporal principles since all
convolution layers are of equal length and have zero
padding, ensuring that upper levels are the equivalent
length as earlier levels. In addition, TCN employs causal
convolutions, to compute an output at a time step in each
layer solely using the area in the preceding layer. By
moving the final product of a normal convolution by a few
time steps, the pyramid convolution for 1-D data can be
readily implemented. The pyramid dilation [33] has 4
dilated convolution layers and the four dilation factors are
assumed ass; = 2! and the kernel size is taken as d =
3,D = 512. The features of the speech signal are analyzed
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at the four scales because of the 4 dilation layers. The
multiscale spatial saliency features are attained by
concatenating the features from the 4 convolution layers
and input data. Then the feature dimension reduction is

performed by applying the 1 X 1 convolution with 32
channels. The structural view of the proposed PDTCN is
given in the Fig. 6.

Pyramid Dilated Temporal Convolutional Network

LT LT P ome
Hidden
Ixl  3x3conv 3x3conv  Avg
cogv  rate=2 rate =5 pooling
Hidden

iy

Input

Fig. 6. Structural view of the proposed PDTCN.

C. Depression and Severity Detection Using AHNet

The proposed Adaptive Hybrid Network (AHNet)
integrates Deep Support Vector Machine (DSVM) and
Pyramid Dilated Temporal Convolutional Network
(PDTCN) to capture complex depression patterns from
speech features extracted via STA-CAE.

e DSVM: Handles high-dimensional non-linear feature
separation, ensuring robust decision boundaries for
depression classification.

PDTCN: Captures long-range temporal dependencies
using dilated convolutions with multiple receptive
fields, improving context awareness.

The integration with RUA-SOA ensures adaptive tuning
of critical hyperparameters (epochs, learning rate) to

maximize MCC and prevent overfitting. This optimization
significantly enhances AHNet’s performance on both

binary depression detection and severity-level assessment,
which includes regularization for better generalization.

At first, the features from the STA-CAE are given to the
AHNet for detecting depression in humans. Here, the
lower-level features from the input data are retrieved by
the PDTCN. Further, the lower-level features are learned
by the convolution layers of the PDTCN to analyze the
non-depressed and the depressed samples. Further, the
temporal dependencies and the patterns within the signal
are mainly focused by this model and it captures the long-
term temporal features because of the larger receptive field
maintained by the pyramid dilation within the network.
Further, the robust decision boundaries in the
multidimensional space are effectively handled using this
DSVM and it can determine the variation between the
depressed and the non-depressed sample. Then the
prediction scores from both PDTCN and DSVM are
combined to determine the presence of depression in
humans.

For determining the severity of the depression, the same
features from the STA-CAE are given to the AHNet and
here the regularization is applied with the AHNet to
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prevent the overfitting issues. The application of the
regularization with the AHNet enhances the accuracy of
the severity assessment. If the input data given to the
model is over learned then it will be subjected to
overfitting issues. So here the penalty is added with the
AHNet for maintaining simple operation in the severity
assessment. Here, the PDTCN and DSVM are the intricate
structures that can learn the features along with underlying
patterns. So, the regularization is applied on the AHNet to
get better generalization performance in the severity
assessment. The training data can be slightly fluctuated by
the regularization process that does not provide any
changes in the results of the severity assessment. The
enhanced stability of the model can provide better results
in the severity assessment in the diverse dataset.

Here, also the features are individually given to the two
models such as PDTCN and DSVM, where the non-
linearity of the features is handled by the DSVM and the
emotional expression over the evolving time is determined
by the PDTCN. The severity of the depression is classified
based on the severity scores. Here, the parameters
including the learning rate and epochs are tuned using the
RUA-SOA for enhancing the MCC in the depression
detection process. The objective function of the AHNet-
based depression and severity assessment is given in
Eq. (16).

. 1
Q= arg min (M_CC) (16)
{S}ifvm,sgftcn,tfgvm,tf}?tcn}

Here, Q denotes the objective function of the AHNet,
which is minimized during optimization. Since the
objective is defined as 1/MCC , minimizing Q
corresponds to maximizing the Matthews Correlation
Coefficient, resulting in improved depression detection
and severity assessment performance. The optimized

epochs of DSVM and PDTCN are denotes as s£57™, sPH",

respectively and they are stuck in between [5, 50] and
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[0.01,0.99]. The optimized learning rate of DSVM and
PDTCN is t&7™, t?" respectively, and they are ranges
in between[5, 50], and [0.01,0.99]. The effectiveness of
the depression detection and severity assessment is
enhanced with the tuning of the above parameters and the
AHNet is more resilient to noise so it provides precious
results in the detection of the depression and its severity in
humans. The MCC are determined using Eq. (17).

ttogtn_¢foefn

MCC =
\/(ttp+tfp)(ttp+tfn)(tt"+tfp)(tm+tf")

an

here, the true positive and negative is t*?, t'" and false
positive and negative ist/P, t/™. The proposed model
detects depression in humans at an earlier stage to secure
the mental health state of the patient. This model provides
effective treatment and services for the millions of people
suffering from the mental issues caused because of
depression. The proposed model can effectively detect
depression in humans, which prevents hopeless feelings,
demotivation, and bad mood swings in humans. The visual
illustration of the AHNet-based depression and severity
detection is given in the Fig. 7.

Adaptive Hybrid Network-based Depression Detection and Severity Assessment
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Fig. 7. Structural overview of the proposed AHNet integrated with STA-CAE feature extraction and RUA-SOA hyperparameter optimization for
depression and severity detection.

V1. RESULTS AND DISCUSSION

A.  Experimental Settings

Currently, the research on the depression and severity
assessment using the proposed AHNet was implemented
on the Python software. The experimentation parameters
such as population number as 10 and chromosome length
as 4 and the maximum iteration as 50 have been taken for
the experimentation process. Using conventional
algorithms such as the Osprey Optimization Algorithm
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(O0A) [34], Lotus Effect Optimization
Algorithm (LEA) [35], Poplar Optimization Algorithm
(POA) [36] and SOA [31] and conventional models such
as RNN [37], BiLSTM [38], LSTM [38], the proposed
model’s performance was confirmed.

B. Evaluation Metrics

The metrics such as Accuracy, Balanced Accuracy (BA),
Book Markedness (BM), Fl-score, Precision (Pre) and
Negative Predicted Value (NPV) were used for the
validation. These metrics are formally defined in
Eqgs. (18)—(23).
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= T (18)
pa = somstrspeet (19)
BM = sensi + speci (20)
F1 — score =% (21)
Pre = % (22)
NPV = (23)

The sensitivity is denoted as sensi and the specificity is
denoted as speci.
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C. Evaluation of Depression Detection

The relation change in the depression detection
performance of the proposed RUA-SOA-AHNet model
with varying hidden neurons is presented in Fig. 8. In the
case of the hidden neuron as 50 and 100, the proposed
RUA-SOA-AHNet reaches the same level of accuracy
value of 97.7% in the depression detection but the baseline
models such as RNN, BiLSTM, LSTM and AHNet does
not reach the accuracy value beyond 93%. When the
proposed AHNet with the RUA-SOA hyperparameter
optimization is applied for detecting depression, the F1
score is increased from 93.5% to 96%. Further, the highest
improvement in depression detection is attained by the
proposed AHNet in the BA when the RUA-SOA is used
for the parameter tuning. The results from the graph
showed that the proposed RUA-SOA-AHNet
automatically detect depression in humans with high
accuracy, which helps to detect depressive symptoms at an
earlier stage for the effective management of depression in
humans.
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Fig. 8. Evaluation on the proposed depression detection model over the existing approaches for (a) Accuracy, (b) BA, (c¢) BM, (d) F1-score (e) MCC,
(f) Precision.

D. Evaluation of Severity Detection

Results of the proposed RUA-SOA-AHNet on the
severity detection with the existing works are shown in
Fig. 9. Overall, the performance of the RUA-SOA-AHNet
is very high in comparison with the existing models in BM,
accuracy and other metrics. This result is expected since
the proposed RUA-SOA-AHNet uses the regularization
process in the severity detection so it provides effective
results in the detection of depression. Further, the
accuracy of the proposed RUA-SOA-AHNet is improved
by 97% compared to the RNN, BiLSTM, LSTM and
AHNet model in the SoftMax activation.

By utilizing the regularization strategy, the MAE on
RUA-SOA-AHNet is reduced from 0.20 to 0.16 compared
to the baseline approaches.
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In contrast to the previous approaches, the proposed
RUA-SOA-AHNet uses parameter optimization resulting
in a better value of precision in the severity detection. So,
it is confirmed that the proposed RUA-SOA-AHNet
analyze the recurrent feelings of humans by deeply
analyzing the speech signal. The RUA-SOA-AHNet
model leverages the regularization process along with
parameter optimization for detecting the severity of
depression in humans. It is equally important to assess the
severity of the depression along with the depression
detection. The severity of the depression assessed using the
proposed RUA-SOA-AHNet is used by clinicians for
attaining precious information regarding the mental health
state of the human.
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Fig. 9. Evaluation on the proposed severity detection model over the existing approaches for (a) Accuracy, (b) MAE, (¢c) MASE, (d) MSE, (¢) RMSE.
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E.  Convergence Analysis
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Fig. 10. Convergence evaluation on the proposed depression detection
model over the existing approaches model.

In this section, the performance of the RUA-SOA-
AHNet is verified via the convergence analysis in Fig. 10.
It can be observed from the convergence graph that the
proposed RUA-SOA-AHNet model converges rapidly

over the existing OOA-SOA-AHNet, POA-SOA-AHNet,
LEA-SOA-AHNet and SOA-SOA-AHNet within very
minimum iteration count. Since the proposed RUA-SOA-
AHNet effectively balance between the phases of the
exploitation and the exploration so it does not fall into the
region of the local optima and provides rapid convergence
rate. It can be noted from the results that significant
performance enhancement is attained by the proposed
AHNet with the incorporation of the RUA-SOA parameter
tuning. Based on the results, it is evident that the proposed
RUA-SOA-AHNet achieved impressive results in
depression detection and outperformed all other baseline
models such as OOA-SOA-AHNet, POA-SOA-AHNEet,
LEA-SOA-AHNet and SOA-SOA-AHNet, respectively.

F. State-of-the-Art Analysis

In this section, we compare the suggested RUA-SOA-
AHNet against recent state-of-the-art models, including
BERTweet, LLM-based models, End-to-End CNN, and
CNN on various activation functions and metrics of
performance. The comparative results are provided in
Table II.

TABLE II. STATE OF THE ART ANALYSIS OF THE PROPOSED DEPRESSION DETECTION MODEL

Category BERTweet [4] LLM [24] Endtoend CNN[7] CNN[8] RUA-SOA-AHNet
Linear 76.33333 87.55556 81.94444 85.94444 93.72222
Tanh 87.88889 87.44444 92.77778 93.61111 96.05556
Accuracy Relu 80.33333 83.94444 91.22222 89.05556 96.77778
SoftMax 88.66667 86.44444 85.66667 93.33333 96.16667
Sigmoid 79.38889 83.5 86.16667 94.77778 97.77778
Linear 81.52574 81.34191 84.28309 88.51103 93.75
Tanh 83.73162 84.46691 89.43015 92.00368 96.04779
NPV Relu 83.27206 92.09559 88.14338 95.03676 96.78309
SoftMax 78.67647 86.58088 86.76471 88.78676 96.23162
Sigmoid 90.625 89.79779 91.72794 93.75 97.79412
Linear 71.6 84.80326 78.26087 82.91695 92.19074
Tanh 85.21031 84.64674 91.03448 92.05252 95.06602
Fl-score  Relu 76.36849 80.40678 89.20765 86.53452 95.961
SoftMax 86.08458 83.40136 82.52033 91.71271 95.19833
Sigmoid 75.38155 80.08048 83.09572 93.48128 97.2067
The suggested method presents significant  its contribution, which has not yet been reflected in the

improvements over other models in terms of accuracy,
Negative Predictive Value (NPV), and F1-score for all the
activation functions. For example, in the case of ReLU
activation, the introduced framework gets an accuracy of
96.77% and F1-score of 95.96%, which surpasses End-to-
End CNN (accuracy of 91.22%) and LLM (accuracy of
83.94%). Likewise, under the Sigmoid activation
condition, the introduced system reaches 97.77% accuracy
and 97.20% F1-score, which is far beyond the CNN and
BERTweet baselines.

Table II is a detailed comparison illustrating how our
method outperforms all previous methods in precision,
MCC, and other important metrics. Being able to
incorporate RUA-SOA optimization in this improvement
is central to this, with its ability to optimize
hyperparameters towards MCC maximization, resulting in
strong convergence and generalizability.

G. Distinctive
Advantages

The details below further clarify the place of the
proposed approach in terms of positioning by marking out

Contributions  and  Comparative
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existing models:

STA-CAE, or Advanced STA-CAE (Spatio-Temporal
Feature Extraction).

Unlike Chen et al. [2], who are mainly concerned with
reconstructing cross-modal features to detect text-to-
depression, we employ Spatio-Temporal Attention-
based Convolutional Autoencoder (STA-CAE) to learn
advanced temporal and spatial patterns in the speech
series to be able to detect spoken depression
biomarkers with more refined results.

Dual Specialization Hybrid Deep Architecture: In
contrast to Cao et al. [3], which focuses on the
detection based on facial expression, and
Zhu et al. [24], which centers on the EEG multimodal
transformer fusion with eye-tracking, our model
contains an Adaptive Hybrid Network (AHNet)
consisting of a Pyramid Dilated Temporal
Convolutional Network (PDTCN) to encode the long-
range temporal dynamics and Deep Support Vector
Machines (DSVM) to form a good decision boundary
Compared to the current literature, this ensemble is
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more reliable when it comes to addressing complicated
patterns of speech data.
New Hyperparameter Optimization using RUA-SOA:
Our novel method takes advantage of the Revised
Uniform Attribute based Sculptor Optimization
Algorithm (RUA-SOA) which optimizes paramount
parameters like learning rate and epoch dynamically as
contrast to the preceding algorithms using fixed or
heuristically selected parameters. This leads toward
quick convergence, and large MCC values, even with
high-dimensional applications.
Regularization to Predict Severity: Current models’
application is centered on binary detection of
depression. In order to make the model more real and
less vulnerable to overfitting and more clinically
applicable, our method includes severity classification
and regularization to AHNet in a distinct manner, so
that the model is robust on a wide range of datasets.
State-of-the-Art level of performance demonstrated:
As reported in Table II, and as shown in Fig. 8 and Fig.
9, the suggested RUA-SOA-AHNet has achieved
higher performance levels, accuracy of 97.7%, and F1-
score of 97.2% (Sigmoid activation). The model also
attains strong result across all tested activations (mean
accuracy of 96.1%, mean Fl-score of 95.1%),
indicating consistent improvements over the baselines.
This outstanding performance implies that our working
model is extremely useful in ascertaining the accuracy
and severity of detection.
We present the confusion matrix and class specific
measures of depression detection to enhance transparency
on the performance of the model across different classes
and address the issues encountered regarding the
imbalance in the classes.

The confusion matrix of the proposed RUA-SOA-
AHNet model, shown in Fig. 11, shows that the two classes
of the depressed and non-depressed are classified with
very good precision.

Confusion Matrix for Depression Detection

Non-Depressed

True Label

Depressed

>
&
(Q/
&
&

>
<
Q&éj
o?/

Predicted Label

Fig. 11. Confusion matrix of the proposed RUA-SOA-AHNet model for
depression detection showing high classification accuracy across both
classes.

Table III gives per-class precision, recall and F1-score
measures of the proposed model, showing the evenly
balanced evaluation of the class’s performance.
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TABLE III. CLASS-WISE PERFORMANCE METRICS FOR DEPRESSION

DETECTION
Class Precision (%) Recall (%) F1-Score (%)
Non-Depressed 97.3 97.5 97.4
Depressed 96.5 96.8 96.36

VII. CONCLUSION AND FUTURE WORK

This study proposed an advanced depression and
severity detection framework that leverages speech signals
as reliable biomarkers for mental health assessment. The
framework integrates Spatio-Temporal Attention-based
Convolutional Autoencoder (STA-CAE) for feature
extraction with an Adaptive Hybrid Network (AHNet)
composed of Deep Support Vector Machine (DSVM) and
Pyramid Dilated Temporal Convolutional Network
(PDTCN). Additionally, the Revised Uniform Attribute-
based Sculptor Optimization Algorithm (RUA-SOA) was
employed for hyperparameter optimization, ensuring
robust convergence and improved Matthews Correlation
Coefticient (MCC).

Comprehensive experiments conducted on the DAIC-
WOZ benchmark dataset demonstrate that the proposed
model achieves superior performance compared to state-
of-the-art approaches, attaining an accuracy of 97.7% and
an Fl-score of 97.2%. Importantly, class-wise
performance metrics and confusion matrices confirm
balanced detection across both depressed and non-
depressed classes, addressing class imbalance concerns.
Regularization strategies integrated within AHNet further
enhance severity-level assessment, making the model
clinically relevant.

The performance improvements of the proposed RUA-
SOA-AHNet can be attributed to its ability to capture
spatio-temporal dynamics in speech signals via STA-CAE
and PDTCN, while DSVM provides robust decision
boundaries in high-dimensional feature spaces. The
inclusion of RUA-SOA ensures optimal hyperparameter
tuning, reducing overfitting and improving generalization.
These combined design choices enable the model to
effectively handle variability in speaker characteristics and
deliver consistent performance across diverse speech
patterns.

Future work will extend this framework to incorporate

voiced activity regions, emotional attributes, and
phoneme-level analysis for enhanced accuracy.
Additionally, multimodal fusion with visual and

physiological signals will be explored to develop a more
comprehensive depression screening system for real-world
clinical applications.
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