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Abstract: Schizophrenia (SZ) is a severe neuropsychiatric illness that interferes with cognitive and emotional functioning,
making early diagnosis essential. Traditional clinical assessments are often subjective, while EEG signals offer valuable
insights but are challenged by high dimensionality, noise, and non-linear patterns. To address these issues, a Novel
Heterogeneous Dual-Channel Edge-Enhanced Temporal Graph Convolutional Networks with Quantum-Based Avian
Navigation Optimizer (NHDETGCNets+tQBANO) is proposed for accurate schizophrenia prediction. The proposed
framework begins with the preprocessing of raw EEG signals obtained from the Moscow and Warsaw schizophrenia
datasets, employing the Adaptive Self-Guided Loop Filter (AS-GLF) to efficiently suppress noise, artifacts, and other
signal distortions while enhancing overall signal quality. Subsequently, informative features are extracted using the
Quaternion Quadratic-Phase Fourier Transform Domain (QQ-PFTD), capturing both the temporal and spectral
characteristics of the EEG signals. For predictive modeling, the NHDETGCNets architecture is utilized, which seamlessly
integrates A Novel Dual-Channel Temporal Convolutional Network (AND-CTCN) with a Heterogeneous Edge-
Enhanced Graph Attention Network (HE-EGAN), enabling robust relational modeling across EEG channels. To further
optimize performance, the Quantum-Based Avian Navigation Optimizer (QBANO) is employed for dynamic
hyperparameter tuning, ensuring faster convergence, minimized error rates, reduced computational overhead, and
enhanced scalability. Extensive experimental evaluations demonstrate that the NHDETGCNets+tQBANO framework
consistently achieves an outstanding prediction accuracy of 99.9%, outperforming existing state-of-the-art approaches
and establishing itself as a highly reliable and efficient tool for the early and precise prediction of schizophrenia. The
outcomes of the suggested framework provide reliable and precise schizophrenia prediction, accurately distinguishing
affected individuals, reducing errors, maintaining consistent performance, and demonstrating robustness and efficiency
for early detection.
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1. Introduction

Since electroencephalography (EEG) is non-invasive, has
an excellent temporal resolution, and is reasonably priced,
it has become a useful tool for researching brain function.
EEG signals capture subtle neural oscillations that reflect
underlying brain dysfunction, making them particularly
useful for identifying abnormalities associated with
schizophrenia [4]. Distinct patterns such as altered event-
related potentials, disrupted synchronization, and
irregular frequency bands have been reported in patients,
suggesting that EEG-based biomarkers can serve as
indicators for early diagnosis and prognosis. However,
identifying significant patterns in extremely complicated,
noisy, and non-linear EEG data is difficult [5-6].
Automating feature extraction and categorization in
medical signal processing has become possible due to
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With the A severe and long-lasting mental illness,

schizophrenia is typified by abnormalities in behavior,
emotions, perceptions, and thinking processes [1]. It
continues to be one of the most crippling mental illnesses,
affecting around 1% of the world's population and
frequently resulting in severe impairment in social,
vocational, and cognitive functioning. Improving patient
outcomes, lowering recurrence rates, and avoiding long-
term impairment all depend on early identification and
prompt management [2]. The pressing need for objective
and trustworthy biomarkers is underscored by the fact that
traditional diagnostic methods, which are primarily based
on medical interviews and behavioral evaluations, are
subjective and prone to variation among practitioners [3].
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recent developments in computer intelligence, particularly
deep learning. Deep learning models can automatically
construct structured models from raw data, in contrast to
typical machine learning methods, which mostly rely on
manually created features [6-8]. This ability to capture
complex patterns offers a promising pathway toward
highly accurate and scalable schizophrenia prediction
systems [9]. Despite these developments, challenges
remain in creating deep learning systems for EEG analysis.
Significant obstacles include inter-subject variability, the
high complexity of EEG signals, and the scarcity of large
datasets with labels [10-11].

Moreover, issues such as overfitting, interpretability of
deep models, and real-world generalization remain critical
barriers to clinical adoption. To address these limitations,
researchers are increasingly exploring transfer learning,
data augmentation, and explainable Al frameworks,
aiming to strike a balance between predictive accuracy and
clinical interpretability [12-13]. Additionally, integrating
multimodal data sources, such as functional MRI,
cognitive tests, and genetic information, with EEG may
enhance diagnostic precision. Nevertheless, EEG remains
particularly attractive because of its accessibility and
suitability for real-time monitoring [14]. Deep learning-
powered EEG analysis has the potential to completely
transform the early diagnosis and treatment of
schizophrenia with continued study, bringing the field one
step closer to unbiased, individualized, and therapeutically
useful treatments [15].

Existing methods face several challenges, including the use
of small datasets, noise, overfitting, poor interpretability,
and limited clinical applicability. The study is designed to
deal with the recognized challenges.

Novelty as well as contribution

The Novelty as well as the Contribution of the paper is as
follows:

« To develop a robust, scalable, and efficient
framework, NHDETGCNets+QBANO, for the
precise and early prediction of schizophrenia from
multi-channel EEG signals.

« To preprocess raw EEG signals using the AS-GLF,
effectively suppressing noise, removing artifacts,
and enhancing the overall signal quality for
reliable downstream analysis.

« To extract comprehensive temporal and spectral

features using the QQ-PFTD, capturing subtle non-

linear, spatial, and frequency-domain
characteristics of brain activity associated with
schizophrenia.

% To perform predictive modeling through
NHDETGCNets, this seamlessly integrates AND-
CTCN with a HE-EGAN for effective modeling of
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relational and inter-channel dependencies across
EEG channels.

% To optimize model performance via dynamic and
intelligent hyperparameter tuning using the

QBANO, minimizing error rates, reducing
computational complexity, ensuring scalability,
and enhancing robustness. This integrated

approach aims to achieve highly accurate, reliable,
and interpretable early detection of schizophrenia,
thereby promoting neuropsychiatric research and
facilitating informed clinical decision-making.

The rest of the manuscript is organized into five sections:
Section Two presents the Literature Review, Section Three
outlines the Suggested Methods, Section Four covers the
Results and Discussion, and Section Five concludes with
the Conclusion and Upcoming Projects.

2. Literature Survey

The papers related to neural network-based Accurate
Prediction of Schizophrenia are given below:

In 2022, Supakar et al [16] has introduced an RNN-LSTM
to diagnose schizophrenia that analyzes EEG signal data.
The model, consisting of three thick layers on top of a
hundred-dimensional LSTM, was evaluated using EEG
data from 45 patients with SZ as well as 39 healthy
individuals. With the complete characteristic set, the
model's precision was 98%; with the decreased feature set,
it was 93.67%. Model performance metrics, along with
combined measurements of performance, were used to
assess the model's reliability. When assessed against the
same data set using CNN or RNN, it outperformed them
with the entire dataset and was on par with conventional
machine learning classifiers.

In 2022, Sobahi et al [17] has introduced a novel CNN
approach to use EEG records for SZ detection. The
technique converts EEG input channels into EEG rhythms
using wavelet transformations and 1D native binary
pattern (LBP) embedded beats. The input EEG signal's
channels and columns are used to create the visuals. For
data augmentation, autoencoders (AE) based on extreme
learning machines (ELM) are employed. The classification
of SZ, as well as healthy patients, is done using deep
transfer learning using CNN models that have already
been trained. Using an EEG database from Lomonosov
State University in Moscow, the approach achieves an
accuracy score of 97.7%, outperforming other recently
reported methods.

In 2022, Sharma et al [18] has presented the SZ
heterogeneous neural network (SzHNN), a deep learning
model that improves EEG-based Sz prediction in remote
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applications. The model uses convolutional neural
networks (CNNs) and long short-term memories (LSTMSs)
to extract and categorize local information. Its accuracy in
classification, at 99.9%, was the highest when compared to
other models. Additionally, the model demonstrated
improved accuracy with subject-wise testing using just five
electrodes, achieving 90.11% and 89.60% accuracy for
databases 1 and 2, respectively.

In 2023, Parija, et al [19] has introduced a SCAMBO-
MVMKRVFLN technique to identify schizophrenia in EEG
data; this combines a multikernel random vector
functioning link network with minimum variance with
DSEMELMAE. The DSEMELMAE network uses inputs for
the SCAMBO-MVMKRVFLN method of classification to
extract distinct unsupervised features from brain signals.
The method's exceptional classification accuracy,
improved computing simplicity, and quicker learning
speed make it superior to existing approaches. Using
publicly accessible schizophrenia EEG datasets, the
technique obtains accuracy levels in classification of
99.989%, 95.012%, and 96.69%.

In 2022, Aslan et al [20] has introduced a VGG16-CNN
technique that uses 2D temporal frequency characteristics
to automatically identify SZ from EEG recordings. The
feature extraction procedure is automated, unlike
conventional machine learning techniques. The Visual
Geometry Group-16 (VGG16) and CNNs are utilized in the
approach to classify SZ patients with an accuracy of 98%
and healthy individuals with an accuracy of 99.5%. To

depict learning results and differentiate between SZ and
healthy individuals, the study used strategies such as
Gradient-weighted Class Activation Mapping, Saliency
Map, and Activation Maximization.

In 2022, Jindal et al [21] has presented an MSST-Bi-CNN
technique for identifying SZ using multichannel EEG
stimulation. For precise diagnosis, the system employs a
Bi-CNN model based on the multisynthetic transform
(MSST). Feature extraction, categorization of decomposed
EEG, and 2D time-frequency visualization of EEG activity
are all part of the process. The results show that this
method is effective for early detection and screening of SZ
sickness, with a precision of 84.42%. For early diagnosis,
this improvement in medical diagnostics is essential.

In 2023, Grover et al [22] has introduced a Schizo-Net, a
very reliable and accurate approach for identifying spinal
cord injury (SCZ), which is a late heterogeneous
combination of anticipated brain connection indicators
using EEG activity. For SCZ in particular, the framework is
the first to consider a wide range of brain connectivity
metrics. Along with highlighting the significance of the
Brain Connection Index (BCIl) in finding illness
biomarkers, the study identifies abnormalities in the brain
connection associated with SCZ. In diagnosing SCZ,
Schizo-Net outperforms single-architecture-based
predictions with an accuracy of 99.84%. An explanation of
the current methods is given in Table 1.

Table. 1 A summary of the current methods

References Methods Advantages Disadvantages

Supakar et al. RNN-LSTM  Outperforms CNN/RNN on the Computationally heavy (3 thick layers +

(2022) [16] same dataset. Robust with 100-dim LSTM). Risk of overfitting due
combined performance measures.  to dataset size.

Sobabhi et al. CNN Uses data augmentation with AE-  Requires pretrained CNNs dependency

(2022) [17] ELM to boost robustness. on external models. Performance may
Employs deep transfer learning vary with different EEG datasets.
for generalization.

Sharma et al. SzHNN Effective with minimal electrodes  Validation is limited to only two

(2022) [18] (5), maintaining ~90% accuracy. datasets. Model complexity may hinder
Suitable for remote/distant deployment on low-resource systems.
applications.

Parija et al. SCAMBO-  Faster learning speed & reduced The method is highly specialized, less

(2023) [19] MVMKRVF  computational cost. Superior to interpretable. Requires validation on

LN existing approaches in simplicity  larger, diverse datasets.

and robustness.

Aslan et al. VGG16- Automated feature extraction (no  VGG16 is computationally expensive.

(2022) [20] CNN manual engineering). Uses For real-time applications, it might not

explainability methods (Grad-
CAM, Saliency Maps).

be effective.
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Jindal et al. MSST-Bi- Introduces Bi-CNN with Lower accuracy than other models.
(2022) [21] CNN multichannel EEG analysis. Uses  Performance gap compared to state-of-
MSST for effective time-frequency the-art approaches.
decomposition.
Grover et al. Schizo-Net  First to integrate diverse brain Model complexity (multimodal

(2023) [22]

connection indices. Identifies
brain connectivity abnormalities
(biomarker potential).

integration). May require large,
multimodal datasets not always
available.

Problem statement

Early and precise diagnosis is essential for successful
treatment and management of schizophrenia, a complex
neuropsychiatric illness that severely compromises
cognitive and functional abilities. Subjective evaluations
and variations in clinical symptoms frequently pose
challenges to traditional diagnostic techniques. EEG
signals have several drawbacks, including high
dimensionality, spatial complexity, and noise interference,
but they can offer important insights into brain function.
To tackle these issues, this study proposes a hybrid
optimized deep learning algorithm, leveraging Novel
Heterogeneous Dual-Channel Edge-Enhanced Temporal
Graph Convolutional Networks with Quantum-Based
Avian Navigation Optimizer (NHDETGCNets+QBANO),
to enhance prediction accuracy, reduce error rates, and
minimize computational complexity.

3. Proposed Methodology

Signal Acquisition

4

Feature Extraction

Pre-processing using Using Quaternion

Adaptive Self- -
Guided Loop Filter E:> Quadratic-Phase
(AS-GLF) Fourier Transform

Domain (QQ-PFTD)

This study proposes a comprehensive and resilient
framework, termed A Novel Heterogeneous Dual-
Channel Edge-Enhanced Temporal Graph Convolutional
Networks with Quantum-Based Avian Navigation
Optimizer (NHDETGCNets+QBANO), for the precise
and reliable prediction of schizophrenia. The framework is
meticulously structured as a five-phase diagnostic
pipeline, specifically engineered to systematically enhance
classification accuracy and clinical reliability. The
sequential phases are as follows: (1) Signal Acquisition —
acquisition of raw EEG signals sourced from both the
Moscow as well as Warsaw schizophrenia EEG benchmark
datasets, ensuring cross-cohort diversity; (2) Preprocessing
— noise reduction, artifact removal, and normalization of
EEG signals for optimal signal quality; (3) Feature
Extraction — identifying meaningful temporal, spatial, and
frequency-related patterns from the EEG signals; (4)
Prediction -to predict both local and global brain
connectivity patterns; and (5) Optimization - refining
parameters and adjusting the model to achieve the highest
level of predictive accuracy. As shown in Figure 1, the
NHDETGCNets+tQBANO architecture illustrates the end-
to-end workflow and data flow,

Moscow and Warsaw schizophrenia

EEG datasets

\D Prediction using A Novel
Heterogeneous Dual-
Channel Edge-Enhanced
Temporal Graph
Convolutional Networks
(NHDETGCNets)

S|

Optimization using
Quantum-Based
Avian Navigation

Optimizer (QBANO)

" Schizophrenia )

Healthy
Control

Figure. 1 The complete workflow NHDETGCNets+QBANO architecture
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3.1. Image Acquisition

The input EEG signals are collected from benchmark
schizophrenia datasets, including the Moscow and
Warsaw cohorts, ensuring diverse subject representation.
Although these raw signals are highly prone to noise and
artifacts caused by eye blinks, muscle movements, and
environmental interference, they do capture neuronal
oscillations that are essential for assessing brain activity.
As a result, the data undergoes a preprocessing stage,
during which methods such as filtering, normalization,
and artifact removal are employed. This step ensures high-
quality signals, providing a robust foundation for
subsequent analysis, as detailed below.

3.2. Pre-processing using Adaptive Self-Guided Loop
Filter (AS-GLF)

Preprocessing is the initial data refinement step that
removes noise and enhances the signal for analysis. The
AS-GLF [23] adaptively smooths EEG signals using edge-
aware filtering. It suppresses noise while preserving sharp
transitions, ensuring enhanced preprocessing of Moscow
and Warsaw schizophrenia EEG datasets for accurate
downstream prediction.

EEG data is segmented into blocks (or time—frequency
windows). Each block is classified based on variance to
determine its filtering strength as given by equation (1):

UNyee =Clip3(0,un, =L un, ;) )

1 initi

where, UN, ;. is an initial block index, Un,. is a clipped

initi
block index, UN, is the total number of classes. Blocks with

high variance (rich texture or edges) get less filtering,
while smoother blocks get stronger filtering.

Each EEG sample at position (p,q) is filtered as a

weighted combination of itself and its local neighbourhood
mean as given by equation (2):

L..(p.9) =e(p,q)xL;,(p,q) +s(p,q) xmean; ,,(P.d) ()

where, L, (p,q) is an input EEG sample at (p,q) ,
mean,;,sw(P,d) is a mean within the local filtering
window, e(p,q) and S(p,q) are adaptive weights.
L. (p,q) is a filtered output sample.

Weights are determined from local variance and edge-
aware factors as given by equation (3):

Siniti ( P, CI) =1- Ciniti ( P, q) €)

where, S, (P,0)and €, (P, q)are the initial weights.
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Final weights are obtained by averaging across
overlapping windows as given by equations (4 and 5):

h

e (h)] @

h=1

e(p,q)zﬂ

=

S(p’Q) :ﬁ( : Siniti (h)] ®)

AS-GLF preprocessing combines block-level variance
analysis and local edge-aware filtering. By adjusting
weights through adaptive statistical factors, it reduces
artifacts, preserves essential EEG oscillations, and
significantly improves the reliability of schizophrenia
prediction using Moscow State and Warsaw EEG datasets.
After AS-GLF preprocessing, the denoised and edge-
preserved EEG signals are fed into the feature extraction
process.

3.3. Feature Extraction Using Quaternion Quadratic-
Phase Fourier Transform Domain (QQ-PFTD)

The extraction of features is the process of transforming
unstructured data into useful, condensed representations
that capture essential patterns for analysis. The QQ-PFTD
[24] extends the standard Quaternion Fourier Transform
(QFT) by introducing quadratic phase modulation,
allowing better capture of time-frequency—phase
variations in multi-channel EEG signals. This makes it
well-suited for analyzing the non-stationary EEG activity
observed in schizophrenia.

For an EEG signal j(I), the QQPFT is defined as equation
(6):

(00 ikeo :% i 2O e 2 W0 (35O e 2k ) (6)
where, j=(],,],) is a time variables (2D time
coordinates), o =(¢;,@,) is a frequency variables
corresponding to j,, j,, (OQl'AZj)(a) is a EEG signal in
QQ-PFTD of j(I), X,and X, are a Quadratic coefficients
(control curvature in time), Y, and Y, are a time—frequency
scaling factors (must be nonzero), Z, and Z, are a
qguadratic coefficients in frequency domain (frequency
curvature), W, and W, are a linear phase shift coefficients

(time), U, and U, are a linear phase shift coefficients
(frequency).

From the transformed EEG signals, features are extracted
as energy features (Parseval’s relation) as given by
equation (7):

2 2

TE(P?)

= |Y1Y2 molng ]

i )

TZ(P2xP?)
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is a quaternion TZ2(p®) -norm

-112
where, ||

Iz e
|Y1Y2| is a
normalization/scaling factor in inversion and Parseval
formulas. These entropies provide complexity measures of
EEG signals.

(energy/complexity measure),

The QQ-PFTD maps raw EEG signals into a quadratic-
phase quaternion spectral space, from which energy,
entropy, and statistical features are extracted. These

features, when applied to Moscow and Warsaw
schizophrenia EEG datasets, provide highly
discriminative biomarkers, ensuring accurate

schizophrenia prediction. The extracted features are input
into NHDETGCNets, enabling the accurate prediction of
schizophrenia versus healthy controls.

3.4, Prediction using A Novel Heterogeneous Dual-
Channel Edge-Enhanced Temporal Graph
Convolutional Networks (NHDETGCNets)

After feature extraction, prediction is performed using the
NHDETGCNets framework, which integrates an AND-
CTCN with HE-EGAN. To further improve accuracy in
Schizophrenia prediction, A Novel Heterogeneous Dual-
Channel Edge-Enhanced Temporal Graph Convolutional
Networks (NHDETGCNets) model is proposed. This offers
a robust and comprehensive solution, summarized as
follows:

3.4.1. A Novel Dual-Channel Temporal Convolutional

Network (AND-CTCN)

The AND-CTCN [25] model predicts schizophrenia from
EEG signals using a dual-channel structure. The Moscow
State University and Warsaw Schizophrenia EEG
datasets are used for predicting schizophrenia. Each
channel processes temporal patterns independently, and
their outputs are concatenated. The fused features are
passed to a prediction layer with softmax activation to
determine whether an individual has schizophrenia or a
healthy status.

At each timeli, the EEG input is given by equation (8):

Z, =77, g} €Qus
(8)

where, 2i is an EEG input at time i, Qis the number of

EEG channels, Z is an EEG signal from channel at time .

The EEG sequence is simultaneously processed by two
independent TCN channels, where Channel 1 captures
temporal patterns associated with schizophrenia-related
neural activities, while Channel 2 extracts complementary
patterns to enhance overall discrimination.
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Predicted outputs of both channels are combined as
equation (9):

Zi = (Zs ) ZF ) 9)

where, Zg is an output of Channel 1, Z is an output of

Channel 2, Z; is a fused representation of both channels.
The fused vector is mapped to the output space through a

prediction layer as given by equation (10):

70 =glez )+ 24 (10)

where, ZY s a predicted class (0 = healthy, 1 =

schizophrenia), G(Z*“™) is a weight parameter of the
prediction layer, 2% is a bias parameter, 5[] is a
softmax activation function.

Schizophrenia prediction is achieved through EEG input
modeling using AND-CTCN. Two temporal channels
capture distinct brain activity patterns, which are fused
and mapped to an output layer. The model directly
classifies subjects as schizophrenia patients or healthy
controls, ensuring accurate diagnostic prediction.

3.4.2. Heterogeneous Edge-Enhanced Graph Attention

Network (HE-EGAN)

EEG is represented as a heterogeneous structure using HE-
EGAN [26], in which electrodes serve as nodes and
connection edges represent interactions. Type-specific
encoders, edge-enhanced attention, and gated brain priors
extract dynamic features, enabling accurate prediction of
schizophrenia across Moscow and Warsaw EEG datasets.
For schizophrenia EEG data, the EEG channels/subjects act
as heterogeneous agents, and their interactions (functional
connectivity, coherence, etc.) form a heterogeneous edge-
featured graph.

The input at timel as given by equation (11):

W, = [NI 1E] (11)

where, N, ={n/,n/,...,n"} historical EEG states of m
electrodes/patients, = is an auxiliary context (could be a
brain region map).

The output: predicted schizophrenia state trajectory
(healthy vs patient) as given by equation (12):
R, :{r,l,r,z,....,r,w} (12)

Each EEG sequence is passed through a type-specific
encoder (for different electrode regions or dataset sources)
as given by equations (13 and 14):

S|a = GRUhgst (nla)

(13)
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G, ={s{,S/,....5'} (14)

where, S'is a dynamic feature of the electrode/region a,

¢ is a type (dataset/patient group/EEG region), G, is the all
nodes’ features. EEG electrodes/patients are nodes; their
correlations are edges. Interaction features extracted with
HE-EGAN (HEAT) are given by equation (15):

0, ={o¢,0%,.....0" |= HEAT, (R, F) (15)

where, F is an edge set (EEG connectivity, coherence,

mutual information), 0" is an interaction feature of a node
n.

Final classification/prediction uses agent-type-specific
predictor as given by equation (16):

n,ab

HE-EGAN leverages edge-aware attention to integrate
connectivity and temporal EEG features. Node
embeddings are aggregated into graph-level
representations for classification. Applied to Moscow and
Warsaw schizophrenia EEG datasets, it achieves a reliable
distinction between schizophrenia patients and healthy
controls with enhanced accuracy.

df

yla = IStm ?uture (|_Slé1 (16)

NHDETGCNets integrates AND-CTCN with HE-EGAN,
capturing multi-type brain connectivity. Fusing temporal
and graph features enables robust classification, achieving
accurate schizophrenia prediction on Moscow State
University and Warsaw EEG datasets. The QBANO
algorithm enhances the NHDETGCNets framework by
lowering computational cost, complexity, error rate, and
execution time, while boosting detection accuracy. Its
optimization process follows the key stages outlined
below:

3.5. Optimization using  Quantum-Based  Avian
Navigation Optimizer (QBANO)
QBANO optimizes the weight parameters of the

NHDETGCNets model to improve overall performance,
while bias correction reduces processing time, error rate,
computational complexity, and costs. The QBANO [27]
mimics bird navigation using quantum strategies to
optimize the hyperparameters of NHDETGCNets by
combining bird-inspired flocking, quantum mutation, and
qubit crossover. It balances exploration and exploitation,
evaluates fitness with accuracy and complexity, and
converges efficiently to optimal solutions for robust EEG
classification performance. Figure 2 presents the QBANO
workflow, with each phase explained below.

Stepl: Initialization
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Population of candidate hyperparameters is initialized

randomly as given by equation (17):

a,(1+1)=C,(I)x Yy, + (lo+ (up—1lo)xrand(0,1))
(17)

where, C, (I) is a position vector of the 8" bird/agent at

iteration | (candidate hyperparameters), Up and lo are

the lower and upper bounds of hyperparameters. The
population is divided into multiple flocks with a V-echelon
topology: a header (leader), left-line birds, and right-line
birds.

Step 2: Random Generation

Candidate hyperparameter vectors are initialized
randomly in continuous space, and then converted to
binary for discrete parameters using a threshold or transfer
function, enabling hybrid exploration of continuous and
discrete NHDETGCNets hyperparameters.

Step 3: Evaluation of Fitness Function

The fitness function is designed to improve model
performance by simultaneously maximizing accuracy and
minimizing the error rate, as shown in equation (18):

fts, = min imize(Z (k‘l))max imize(G(z (k—l)))
(18)

where, G(Z®?Y) is to maximize accuracy, while

VA minimizing error rate, computational cost, runtime,
and model complexity.

Step 4. Exploration Phase (Quantum-Based Navigation)

Exploration utilizes quantum-inspired mutations to
probabilistically move agents, taking into account both
short-term and long-term memory, as well as neighbors,
thereby enabling a wide search of the hyperparameter
space to avoid local optima.

Exploration is guided by two mutation techniques as given
by equations (19 and 20):

@, (I +1) = Yo (1) + Co (1) X (Yyeen (1) = Yeam (1) +

Ca (1) > (Yveen (1) = Vst (1) + Co (1) X (Yecrm (1) = Yicon (1)
(19)

@, (1 +1)=C, (1) X (Yost (1) = Yaeen (1)) + Co (1) x (Yo (1) = Yicr

(20)

where, C_(I) is a quantum orientation, Y, (l) is an
echelon neighbor, Y,_,, (I) and Y, g, (1) are the samples

from long/short-term memory, Y, (I)is the best solution
found so far.
Step 5: Exploitation Phase (Qubit-Crossover & Update)
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Exploitation utilizes  qubit-based  crossover  to
probabilistically combine parent and mutant solutions,
fine-tuning hyperparameters around promising candidates
for NHDETGCNSs, thereby improving accuracy while
reducing error and computational cost.

Crossover combines parents and mutants given by
equation (21):

Yo (1 -1), |l9a>g > rand

T, (1+1) =
I+ @, (1-1), |9,), <rand

(21)
This allows probabilistic switching between solutions for
fine-tuning hyperparameters.

Initialization

Initialize the parameters of QBANO for optimizing the
weight and bias parameters of NHDETGCNets

y

Random Generation

A

Fitness Function I

v

Updation of QBANO for Optimizing the weight and bias
parameters of NHDETGCNets

y

Exploration Phase (Quantum-Based
Navigation) for improving accuracy

v

Exploitation Phase (Qubit-Crossover & Update) for
reducing error rate, processing time, computational

complexity and cost

.No_{

Halting Criteria

.Yes |4

Increased accuracy and minimizes error rate,

Figure. 2 The QBANO process

Step 6: Termination

Termination occurs when the maximum iterations
(max)are reached or the fitness of the best solution falls
below the threshold.

This study presents a new framework, A Novel
Heterogeneous Dual-Channel Edge-Enhanced Temporal

Graph Convolutional Networks with Quantum-Based
Avian Navigation Optimizer (NHDETGCNets+tQBANO),
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computational complexity

{ Termination }

developed to achieve highly accurate prediction of
schizophrenia. The methodology begins with AS-GLF-
based preprocessing, which refines and enhances raw
EEG signals to improve data quality. Next, QQ-PFTD-
based feature extraction is employed to capture intricate
patterns from the processed signals. These extracted
features are then passed through the NHDETGCNets
architecture to provide robust and reliable predictive
modeling. To further fine-tune performance, the
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predictions are optimized using the QBANO, ensuring
higher  precision and  generalization  capability.
Comprehensive experimental evaluations, along with an
in-depth explanation of the results, are presented in the
subsequent section.

4. Experimental Results and Discussions

This section presents the findings and discussion of the
NHDETGCNetstQBANO model, developed in Python.
The key implementation parameters are summarized in
Table 2.

Table. 2 Implementation Parameters

Parameters Description
Programming Language Python
Version 3.7.14
oS Windows 10
Proposed Neural NHDETGCNets
Network
Optimization QBANO
Datasets

Moscow and Warsaw
schizophrenia EEG datasets

3.6. Dataset Description

This section presents a thorough summary of accurate
schizophrenia prediction, with a particular focus on the

Raw EEG Si

Amplitude (pV)

Fp2 - Raw
—— Cz-Raw

Time (s)

@

Moscow and Warsaw schizophrenia EEG datasets. The
following subsection offers a thorough explanation of these
datasets.

3.6.1. Moscow Schizophrenia EEG dataset

This study utilized the EEG Schizophrenia Database,
which is openly accessible and originates from the
Laboratory for Neurophysiology and Neuro-Computer
Interface at Lomonosov Moscow State University. It
includes EEG recordings from 84 teenagers between the
ages of 11 and 14 (mean age 12.3), 45 of whom have been
diagnosed with SZ, while 39 of whom are healthy controls.
Every participant satisfied the ICD-10 diagnostic criteria
for schizophrenia after being evaluated at the Mental
Health Research Center (MHRC). A 16-channel electrode
configuration in accordance with the 10-20 international
standard (01, O2, P3, P4, Pz, T5, T6, C3, C4, Cz, T3, T4, F3,
F4, F7, F8) was used to capture EEG data while the subjects
were at rest with their eyes closed. At a sampling rate of
128 Hz, all recordings lasted 60 seconds and yielded 7680
measurements per channel, which were then saved in
conventional ASCII format. Preprocessing was performed
to ensure signal quality and consistency, involving the
application of z-score normalization, bandpass filtering
within the 4-45 Hz range, and manual artifact removal.
20% of the dataset was used for testing, while the
remaining 80% was used for training. The example output
photos from this dataset are shown in Figure 3.

Preprocessed EEG Signals

—— Fp1l - Preprocessed
15 Fp2 - Preprocessed
—— Cz - Preprocessed

Amplitude (uV)
o
o

Time (s)

(b)

EEG Band Power Features

Figure. 3 The sample output images result from the Moscow Schizophrenia EEG dataset (a) Raw EEG Signals, (b)

Preprocessed EEG Signals, and (¢) EEG Band Power Features
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3.6.2. Warsaw Schizophrenia EEG dataset

EEG signals from 14 patients with paranoid schizophrenia
(seven men and seven females, mean ages 27.9 + 3.3 as well
as 28.3 = 4.1 years, respectively), along with 14 healthy
controls who were matched for age and gender, were
recorded. The Institute of Psychiatry and Neurology in
Warsaw, Poland, is making the dataset publicly accessible,
and all subjects provided their informed consent.
Following the usual International 10-20 system, a 19-
channel setup was used to collect EEG data. The Fp1, Fp2,

Input EEG Signals (Raw)
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F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1,
along with O2 channels were all referred to FCz. For 15
minutes, recordings were made at a sampling rate of 250
Hz while the subjects were at rest and had their eyes
closed. Independent Component Analysis (ICA) was used
to denoise the data, and a 50 Hz notch filter was used to
eliminate power-line interference. 20% of the dataset was
used for testing, while the remaining 80% was used for
training. Figure 4 presents the sample output image results
from this dataset,
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Figure 4. The sample output images result from the Warsaw Schizophrenia EEG dataset, (a) Input EEG Signals (Raw), (b)
Preprocessed EEG Signals (Filtered + Normalized), (c) Feature Extraction (Bandpower per Channel), and (d) EEG

Frequency Bands

3.7. Performance metrics

The suggested NHDETGCNets+tQBANO method is
benchmarked against several cutting-edge models. The
comparison for the Moscow Schizophrenia EEG database
consists of RNN-LSTM [16], CNN [17], SzHNN [18], and
SCAMBO-MVMKRVFLN [19]. In the case of the Warsaw
Schizophrenia EEG dataset, the baseline models are
SzHNN [18], SCAMBO-MVMKRVFLN [19], VGG16-CNN
[20], and MSST-Bi-CNN [21]. The evaluation framework
incorporates a comprehensive set of performance metrics,
namely computational time, precision, accuracy,
specificity, recall, sensitivity, error rate, and F1-score.
Formal mathematical definitions of these indicators are
summarized in Table 3, while their derivations and
detailed interpretations are elaborated in the subsequent
sections.
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True Positive (tr,) : Correctly identifies early signs of

schizophrenia from EEG patterns when schizophrenia is
actually present.

False Positive (fa,): Incorrectly indicates schizophrenia

from EEG patterns when schizophrenia is not present.

False Negative (fa,): Fails to detect schizophrenia from
EEG patterns when schizophrenia is actually present.

True Negative (try) : Correctly identifies no signs of

schizophrenia from EEG patterns when schizophrenia is
not present.
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Table 3: Performance metrics as well as the equation

Performance metrics Equations (22-27)

Accuracy tr<> -|-trV
tr, +tr, + fa, + fa, 22)
Precision tr<>
tr, + fa, (23)
Recall tr<>
tr, + fa, (24)
Specificity tr,
tr, + fa, (25)
Sensitivity tr,
tr, + fa, (26)

Fl-score 2x(pn, xrey)
pn. +re, 27)
where, pn_ represents the precision as well as

e represents the recall.

3.8. Performance analysis of suggested methods

The performance of the NHDETGCNets+QBANO method
is assessed in this section.

3.8.1. Performance analysis of the Maoscow

Schizophrenia EEG dataset

The assessment results for the Moscow Schizophrenia EEG
dataset are presented below, with Table 4 providing a
comparison of the proposed method’s performance on this
dataset.

Table. 4 Performance comparison of the suggested approach on the Moscow Schizophrenia EEG dataset

Metrics RNN-LSTM  CNN  SzHN  ¢-apgo. NHDETGCNets+QBANO
Methods [16] [17] [18] NL\:::IA ES]V (Proposed)

Accuracy (%) 91.6 95.2 93.1 945 99.9

Sensitivity (%) 90.3 93.1 91.6 89.5 99.8

Specificity (%) 92.1 94.6 88.2 91.6 99.8

Precision (%) 91.5 85.4 94.9 92.9 99.8

Recall (%) 90.3 93.9 88.9 91.9 99.8

F1- score (%) 90.4 82.7 91.6 92.9 99.8

Table 4 presents a performance comparison of various
models on the Moscow Schizophrenia EEG dataset.
Traditional models, such as RNN-LSTM, CNN, SzHNN,
and SCAMBO-MVMKRVFLN, achieved accuracies
ranging from 91.6% to 95.2%. However, the proposed
NHDETGCNets+tQBANO model significantly
outperformed them, attaining 99.9% accuracy, sensitivity,

- 40
=
=
9
e 30
©
2
K- 20
<5
1)
S
o 10
N
=
1%}
(1]

Heallthy Schizophrenia
Predicted

(a)

Figure. 5 The (a) Confusion; (b) Correlation Matrices

Jack Sparrow Publishers © 2026, IJRDES, All Rights Reserved

www.jacksparrowpublishers.com

recall, and Fl-score, along with 99.8% specificity and
precision. These findings demonstrate the suggested
hybrid approach's resilience and excellence in managing
intricate EEG data, ensuring a minimal error rate, higher
precision, and reliable classification for schizophrenia
prediction compared to existing methods. Figure 5 shows
the (a) Confusion and (b) Correlation Matrices,

Il.o
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Healthy

-0.0

Classes

Schizophrenia

-—0.5

I- .0

Healthy Schizophrenia
Classes

(b)
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Figure 5(a) shows the confusion matrix representing the
classification results between healthy individuals and
schizophrenia patients. Out of the total samples, the model
correctly classified 39 healthy and 45 schizophrenia cases,
with only one misclassification in each class,
demonstrating strong predictive accuracy.

Figure 5(b) presents the correlation matrix of the two
classes, where the diagonal values are +1.00, indicating that

each class has a perfect correlation with itself. However,
the off-diagonal values are -1.00, representing a complete
negative  correlation between the healthy and
schizophrenia groups. Figure 6 shows the comparison of
Featurel distributions,

8 ] [0 Healthy -.
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Figure. 6 Comparison of Featurel distributions: (a) histogram, (b) scatter, (c) bar

Figure 6 illustrates the variations in Featurel between
healthy and schizophrenia groups using three
visualization methods. Subfigure (a) displays a histogram
with density plots, highlighting distinct distribution
patterns where healthy subjects cluster around lower
Featurel values, while schizophrenia patients exhibit a
higher range. Subfigure (b) presents a scatter plot, clearly
separating the two classes, with healthy individuals
grouped between 8 and 13 and schizophrenia patients
spread across 15 and 25. Subfigure (c) displays a bar chart
across sample indices, highlighting consistent differences
where schizophrenia values consistently remain higher
than those of healthy individuals. Collectively, these plots
demonstrate clear separability between groups based on
Featurel. Figure 7 shows the feature comparisons between
groups.

Figure 7 shows a comparative analysis of healthy and
schizophrenia groups using different plots. Subfigure (a)
presents a scatter plot of Featurel versus Feature2, where
schizophrenia samples consistently show higher values
than healthy ones, forming two distinct linear clusters.
Subfigure (b) depicts violin plots for Featurel, indicating
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that healthy individuals have lower, narrowly distributed
values, while schizophrenia patients exhibit higher,
broader distributions. Subfigure (c) uses line plots across
indices, reinforcing the consistent difference, with
schizophrenia values maintaining a higher trend relative to
healthy values. Together, these visualizations demonstrate
a strong separability of classes based on Featurel and
Feature2. Figure 8 displays the (a) distribution of classes as
well as (b) feature ECDF comparison.

Figure 8(a) displays the distribution of classes between the
healthy and schizophrenia groups, indicating nearly
balanced samples, with slightly more schizophrenia cases.
This balance is important for fair model training and
unbiased evaluation. Figure 8 (b) illustrates the ECDF of
Featurel for both classes. It reveals a clear separation,
where healthy individuals cluster around lower values,
while schizophrenia cases align with higher values. Such
distinct patterns suggest that Featurel has potential
discriminative power for effectively distinguishing
between the two groups. Figure 9 shows the (a) ROC
Curve, (b) PR Curve, (c) Error Rate Comparison,
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Figure. 7 Feature comparisons between groups: (a) scatter, (b) violin, (c) line
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Figure 9 illustrates the performance evaluation of various
models, including RNN-LSTM, CNN, SzHNN, SCAMBO-
MVMKRVFLN, and the proposed model. Subfigure (a)
displays the ROC curve, which achieves a maximum AUC
of 1.00 using the suggested model, demonstrating superior
classification capability. The accuracy-recall (PR) curve is
shown in Subfigure (b), where the suggested model
performs better than the others once more, with an AUC of
0.997, indicating an improved balance of accuracy and
recall. Subfigure (c) illustrates the error rate comparison,
where the proposed model exhibits the lowest error rate,
underscoring its effectiveness and reliability in comparison
to traditional and existing methods. Figure 10 shows the
training as well as testing performance,
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Figure 10: Training as well as testing performance

Figure 10 illustrates the training and testing performance
of a model across 200 epochs. In the top plot, effective
learning is indicated by the rapid drop in training and
testing losses during the first epochs, followed by their
stabilization near zero. In the bottom plot, the training and
testing accuracies increase consistently with the number of
epochs, demonstrating improved performance. The
training accuracy reaches slightly higher values compared
to testing accuracy, suggesting mild overfitting. Overall,
the model achieves stable convergence with high accuracy
and low loss, indicating strong generalization capability.

3.8.2. Performance analysis of the Warsaw

Schizophrenia EEG dataset

The assessment results for the Warsaw Schizophrenia EEG
dataset are presented below, with Table 4 comparing the
proposed method’s performance on this dataset.

Table. 5 Performance comparison of the suggested approach on the Warsaw Schizophrenia EEG dataset

Metrics SzHNN SCAMBO- VGG16- MSST-Bi- NHDETGCNets+QB
Methods 1ol MVM[T:;]VFLN NN tzol eRN (Prﬁpl)\lo(s)ed)
Accuracy (%) 95.2 96.1 93.2 92.8 99.9
Sensitivity (%) 93.9 90.5 89.4 91.5 99.8
Specificity (%) 91.5 92.8 90.3 88.9 99.8
Precision (%) 92.8 935 91.5 90.4 99.8
Recall (%) 90.6 88.7 91.7 93.8 99.8
F1- score (%) 89.8 91.5 90.7 92.8 99.8
Table 5 presents a performance comparison of various the model’s effectiveness in accurately predicting

methods applied to the Warsaw Schizophrenia EEG
dataset. The suggested NHDETGCNets+QBANO model
performs better than current methods, attaining the best
outcomes on every metric. In terms of accuracy, sensitivity,
specificity, precision, recall, and F1-score, it records 99.9%,
99.8%, and 99.8%, respectively. Compared to prior models,
such as SZHNN, SCAMBO-MVMKRVFLN, VGG16-CNN,
and MSST-Bi-CNN, which achieved significantly lower
performance, the proposed method demonstrates superior
robustness, reliability, and efficiency. These results confirm
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schizophrenia, minimising errors and surpassing earlier
deep learning and hybrid approaches. Figure 11 shows the
(a) Confusion matrix; (b) Correlation matrix.

The categorisation of healthy and paranoid schizophrenia
participants is represented by a confusion matrix in Figure

11(a), where off-diagonal values denote incorrect
classifications and diagonal values indicate accurate
predictions. Specifically, 2 Healthy and 2 Paranoid

Schizophrenia samples were correctly

.
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identified, while 1 sample from each class was
misclassified. Figure 11(b) depicts the correlation matrix
between the classes, highlighting a positive correlation
(1.00) along the diagonal and a negative correlation (-1.00)
across different classes, signifying inverse relationships.
Figure 12 shows the (a) Feature distribution and (b) class
balance visualisation.

Figure 12 (a) illustrates the distribution of Featurel values
across healthy and paranoid schizophrenia groups,
showing distinct segment allocations between the two
classes. This highlights the variability of Featurel and its
contribution to separating the groups.
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Figure. 11 (a) Confusion matrix; (b) Correlation matrix
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Figure 12(b) presents the class count distribution,
demonstrating that both healthy and paranoid
schizophrenia samples are well-balanced with equal
representation. Such a balance ensures unbiased training
and evaluation of classification models. Together, these
plots emphasise the potential role of Featurel in
distinguishing between the two classes. Figure 13 shows
the feature visualisation for the Healthy and Paranoid
Schizophrenia groups.
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Figure. 12 (a) Feature distribution and (b) class balance visualisation

Figure 13 demonstrates visual comparisons between the
extracted features of Healthy and Paranoid Schizophrenia
subjects. Subplot (a) shows the distribution of Featurel
across the two classes, indicating clear separation between
Healthy (orange) and Paranoid Schizophrenia (blue).
Subplot (b) highlights the relationship between Healthy
Featurel and Paranoid Schizophrenia Feature2, with a
color intensity scale reflecting similarity values. Subplot (c)
depicts the scatter plot of Featurel versus Feature2, clearly
distinguishing the two classes through clustering patterns.
When taken as a whole, these visualisations highlight the
ability of characteristics to discriminate, which helps with
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the precise categorization of individuals with
schizophrenia in comparison to healthy controls. Figure 14
shows the feature 1 analysis for Healthy and Paranoid
Schizophrenia subjects.

Figure 14 illustrates different analyses of Featurel for
Healthy and Paranoid Schizophrenia groups. Subplot (a)
presents the trend of Featurel values against the index,
showing consistently higher values in the Paranoid
Schizophrenia group compared to the Healthy group.
Subplot (b) uses a violin plot to display the distribution
and variability of Featurel across the two classes, where
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the Paranoid Schizophrenia group exhibits higher median
values and a narrower spread than the Healthy group.

effectively differentiates

Healthy

Ramya T et, al.

individuals

from

schizophrenia patients. Figure 15 shows the (a) ROC

Subplot (c) shows normalised frequency histograms of curves, (b) Precision-Recall curves, (c) Error rate
Featurel, highlighting a clear separation between the comparison,
groups. Together, these plots confirm that Featurel
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Figure. 15 (a) ROC curves, (b) Precision-Recall curves, (c) Error rate comparison

Figure 15 illustrates the performance evaluation of
different models using ROC curves, Precision-Recall
curves, and error rate comparison. The suggested model
outperforms other models, such as SzZHNN, SCAMBO-
MVMKRVFLN, VGG16-CNN, and MSST-Bi-CNN in terms
of classification accuracy, as evidenced by the ROC curve
in subfigure (a), which displays the greatest AUC of 1.00.
Subfigure (b) presents the Precision-Recall curve, where
the proposed model outperforms others with the highest
precision and recall values, indicating robust predictive
capability. Subfigure (c) highlights the error rate
comparison, where the proposed model achieves the
lowest error rate, demonstrating its effectiveness and
reliability for the given task. Figure 16 shows the training
as well as the Testing Performance.
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Figure. 16 Training as well as Testing Performance
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Figure 16 illustrates the effectiveness of a deep learning
model throughout 200 epochs of training and evaluation.
The loss values are displayed in the top figure, where
training and testing losses both drop very quickly in the
early epochs before stabilising close to zero, signifying
successful convergence. Accuracy is shown in the bottom
plot; both training and testing accuracy increase gradually
and surpass 97%, indicating a high capacity for
generalisation. The training and testing curves' near
alignment indicates that the model successfully prevents
overfitting while retaining a high level of accuracy.

3.8.3.  Performance comparison of

method using both datasets

the suggested

This section presents a comparison of the proposed
methodology across the two datasets. Table 6 highlights
the computation times and error rates achieved by various
methods.

Table 6 compares different methods based on
computational time and error rate. Traditional models,
such as RNN-LSTM and CNN, along with their variants,
exhibit computational times ranging from 0.70 to 0.88
seconds, with error rates varying from 6.4% to 8.8%. With
the quickest calculation time of 0.20 seconds and the
lowest error rate of 0.1%, the suggested
NHDETGCNets+tQBANO performs noticeably better than
the others. This indicates that the proposed method is not
only highly efficient but also more accurate, making it
superior for tasks requiring both speed and precision in
computation compared to conventional deep learning
approaches.
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Table. 6 Comparison of Methods Based on Computational
Time as well as Error Rate

Method Computationa Error rate
I time (sec) (%)
RNN-LSTM [16] 0.89 6.4
CNN [17] 0.70 7.6
SzHNN [18] 0.78 6.9
SCAMBO- 0.84 8.8
MVMKRVFLN [19]
VGG16-CNN [20] 0.76 8.4
MSST-Bi-CNN [21] 0.85 8.7
Schizo-Net [22] 0.88 7.3
NHDETGCNets+QBAN 0.20 0.1

O (Proposed)

3.9. A Comparison of the Suggested Approach with
Existing Techniques Statistically

Five statistical tests were employed to assess the
effectiveness of the recommended strategy. Performance
differences were evaluated using the Friedman test (FT),
the Wilcoxon signed-rank test (WSR), and the Kruskal-
Wallis H test. The data's normality was further evaluated
using the Shapiro-Wilk (SW)and the Kolmogorov-
Smirnov (KS) tests. Table 7 presents a comparative
variance evaluation between the suggested technique and
current approaches.

Table 7 compares the proposed NHDETGCNets+QBANO
method with existing approaches (RNN-LSTM, CNN,
SzHNN, SCAMBO-MVMKRVFLN, VGG16-CNN, MSST-
Bi-CNN, Schizo-Net) across multiple statistical tests and
performance metrics. Lower p-values in SW, WSR/U-test,
H-test, KS test, and FT indicate NHDETGCNets+QBANO
significantly outperforms others. It also demonstrates
excellent accuracy and stability, achieving its smallest
mean, standard deviation, and variance inflation factor.
The suggested approach minimises error along with
statistical uncertainty, while demonstrating improved
dependability and decreased variability compared to
previous models, indicating its efficacy for the intended
application.

3.10.  Ablation study of the suggested approach

An ablation study was conducted to evaluate the
contribution of each component  within the
NHDETGCNetstQBANO  framework.  The  results,
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presented in Table 8, highlight the overall effectiveness of
the proposed approach and the performance
improvements delivered by individual components.

Figure 8 illustrates the ablation study evaluating the
impact of individual components AND-CTCN, HE-EGAN,
and QBANO on model performance. The baseline model,
without QBANO, achieves moderate results with an
accuracy of 91.4%. When AND-CTCN or HE-EGAN are
used independently, performance drops, highlighting their
limited standalone effectiveness. Incorporating QBANO
with either AND-CTCN or HE-EGAN significantly
enhances F1-score, accuracy, recall, and precision. The full
model, integrating all three components, achieves the
highest performance with 99.9% across all metrics,
demonstrating the complementary strengths and
synergistic effect of the combined modules.

3.11. Discussion

The experimental findings and comparative evaluations
clearly demonstrate the robustness and superiority of the
proposed NHDETGCNets+tQBANO framework for
accurate SZ prediction using EEG data. By integrating
advanced neural network design with optimised training
via QBANO, the model achieved near-perfect classification
performance across both the Moscow and Warsaw
schizophrenia EEG datasets, significantly surpassing state-
of-the-art approaches such as RNN-LSTM, CNN, SzHNN,
SCAMBO-MVMKRVFLN, VGG16-CNN, and MSST-Bi-
CNN. Notably, the proposed model consistently attained
99.9% accuracy, sensitivity, specificity, precision, recall,
and Fl-score,  while  simultaneously  reducing
computational time to 0.20 seconds and error rate to just
0.1%, establishing itself as both highly efficient and
reliable. Visualisation analyses, including confusion
matrices, correlation matrices, feature distributions, ROC
and PR curves, and error rate comparisons, provided
further evidence of its discriminative power and
generalisation ability. The ROC and PR analyses, in
particular, revealed AUC values of 1.00 and 0.997,
respectively, confirming an exceptional classification

capability with minimal false predictions. Statistical
validation tests reinforced these findings, with
significantly lower p-values indicating meaningful

improvements over existing methods, while reduced
variance inflation factors emphasized stability and
reliability. Additionally, the ablation investigation
emphasised the significance of every model element,
showing that while AND-CTCN and HE-EGAN
contributed positively, the synergy with QBANO was
essential for achieving the observed superior results.
Collectively, these outcomes emphasize the model’s
potential for  practical applications in  clinical
neurodiagnostics, where both accuracy and computational
efficiency are crucial for real-time decision support.
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Table. 7 Statistical Comparison of the Suggested Approach with Existing Approaches

Methods SW  WSRtest  H-test KStest FT p-Value Mean Standard Variance
Test /U-test  p-Value p-value Deviation Inflation
p- p-Value Factor
Value
RNN-LSTM [16]  0.427 0.364 0.86 0.087 0.088 278,730.79 3,330.20 1.79
CNN [17] 0.318 0.259 0.84 0.085 0.091 460,914.59 2,240.31 1.80
SzHNN [18] 0.349 0.168 0.94 0.083 0.084 81,807.39 3,185.45 1.83
SCAMBO- 0.450 0.249 0.86 0.089 0.077 384,923.85 2,370.52 1.94
MVMKRVFLN
[19]
VGG16-CNN 0.387 0.375 0.90 0.078 0.075 282,458.57 1,163.40 1.84
[20]
MSST-Bi-CNN 0.369 0.431 0.96 0.092 0.086 69,735.89 5,342.50 1.89
[21]
Schizo-Net [22] 0.296 0.312 0.93 0.081 0.087 66,813.39 1,322.13 1.75
NHDETGCNets  <0.001 <0.001 <0.001 <0.001 <0.001 65,873.67 6,758.30 1.001
+QBANO
(Proposed)
Table 8: Ablation study
Model Configuration  AND- HE- QBA  Accuracy Precision Recall F1 Score
CTCN EGAN NO (%) (%) (%) (%)
Baseline (Without v v X 91.4 90.2 92.6 90.4
QBANO)
AND-CTCN Only v X X 83.7 84.2 82.6 85.5
HE-EGAN Only X v X 85.7 86.8 80.3 86.8
AND-CTCN + v X v 92.5 91.7 90.4 90.9
QBANO
Full Model v v v 99.9 99.8 99.8 99.8
NHDETGCNets+QBA
NO
work could explore the incorporation of multimodal
5 Conclusion neuroimaging data, the development of real-time EEG-
based detection of schizophrenia, the integration of
In this manuscript, the NHDETGCNetstQBANO explainable Al techniques, and the enhancement of model

framework is effectively implemented to achieve accurate
prediction of schizophrenia. The input EEG signals from
the Moscow and Warsaw schizophrenia datasets were first
preprocessed using the AS-GLF technique, followed by
feature extraction via the QQ-PFTD method. Prediction
was then carried out using the NHDETGCNets model,
which combines AND-CTCN with HE-EGAN. To enhance
accuracy, reliability, and computational efficiency, the
QBANO was employed for fine-tuning. The suggested
model, fully implemented in Python, achieves outstanding
predictive performance, delivering an impressive accuracy
of 99.9% with a minimal error rate of only 0.1%. Future

Jack Sparrow Publishers © 2026, IJRDES, All Rights Reserved
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generalizability across diverse populations and clinical
settings.
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