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Abstract
Deep learning models have shown promising results in schizophrenia prediction using EEG, MRI, and fMRI data,
yet most existing models relied on small and single-site datasets, limited modalities, and non-interpretable
architectures. High-accuracy studies often used fewer than 50 subjects, which led to overfitting and weak
clinical translation. In addition, most neural models were designed for binary diagnosis rather than long-term
disease prediction or treatment guidance, and few incorporated explainability or adaptive learning. Existing
models operated in constrained conditions where performance dropped significantly during cross-site
validation, proving that generalizability remained a critical issue. EEG-based works also processed signals in
isolated temporal or spectral space, without accounting for dynamic brain connectivity. Clinical adoption
further remained restricted because many high-performing networks behaved as black boxes, preventing
psychiatrists from understanding model-inferred biomarkers. The study proposed a Residual Reinforcement-
Enhanced Deep Backbone Basis Function Network (RR-DBBFN), which combined a deep backbone architecture
with reinforcement-driven residual learning. EEG signals from the Moscow and Warsaw public schizophrenia
datasets were preprocessed using a Mutation-boosted Archimedes Optimization (MAO) filter. Multivariate
empirical mode decomposition, entropy signatures, and Markov Transition Field (MTF) encodings were
extracted and passed through a hybrid spatial-temporal graph module. A reinforcement unit dynamically
updated residual layers according to reward signals based on validation accuracy, allowing the network to self-
adapt during deeper training cycles. SHAP-based explainability was integrated to identify discriminative brain
rhythms. The experimental evaluation showed that the proposed model achieved 98.41% accuracy, 98.22%
precision, and 98.64% recall on the Moscow EEG dataset that performs better than the best existing method by
2.39%. The proposed model also achieved an accuracy of 97.88% on the Warsaw dataset and this shows an
improvement of 4.96% over the strongest baseline.

Keywords: schizophrenia prediction, EEG deep learning, reinforcement residual learning, graph neural
networks, explainable Al

1.Introduction

In recent times, the object detection/recognition is a core area in computer vision that requires a high
reliability and a low latency system. The earlier detection of objects entirely relies on the features and deep
classifiers, and this restricts its adaptability to complex and dynamic environments [1-2]. The deep learning
(DL) involving convolutional neural networks (CNNs) has overcome the limitations and the models tend to
learn the hierarchical visual patterns from data. This results in a significant increase in detection the objects
in an accuracy manner across various domains [3-4]. However, the advancements face consistent
bottlenecks when it is deployed under heterogeneous environments with dense, small-scale, or partially
occluded objects. Many applications that get operated under constraints involves computational cost,
energy, bandwidth, or sensor noise [5]. In such environments, a trade-off had emerged that includes
improved accuracy with increased complexity; however, the lightweight models often undergo problem
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with reduced precision for speed [6]. This has motivated the need for adaptive frameworks that retains the
efficiency of detectors while it combines the richness of multi-stage models. Various object detection
frameworks [7-12] have shown that none of the methods have achieved a high precision rate and inference
under different constraints [13]. Also, several models that has improved the accuracy is found to attain a
higher computational complexity, whereas the lightweight detectors face scale variance, and spatial
ambiguity [14]. The primary objective is to design a region-aware deep learning-based object detection
framework that is developed for improving the detection accuracy and its feature stability in complex
environments while it preserves the execution speed. The study aimed to (1) combine the adaptive spatial
refinement module to emphasize the informative regions, (2) develop a lightweight attention to enhance
the multi-scale feature fusion without increasing the computational load.

The novelty of the proposed work involves the development of a proposed NHDETGCNetsQBANO
framework for an EEG schizophrenia detection pipeline that combines the quantum-inspired nonlinear
feature extraction, adaptive graph-based learning, and meta-heuristic optimization into one cohesive
system. The method employed these stages that are jointly optimised where feature relevance, graph
topology, and classifier weights in co-adaptive tuning. The Mutation-Boosted Archimedes Optimization
(MAO) and Crossover-Boosted Archimedes Optimization Algorithm (CAOA) tends to create a feedback loop,
where the signal preprocessing and classifier parameter learning are refined dynamically before training.
The Markov Transition Field (MTF) deep representation is fused with multiscale entropy and quantum
biomarkers tends to provide a hybrid feature space and it captures the physiological and statistical EEG
patterns. The framework finally embeds the explainability (SHAP + topology-wise attribution) and this
makes the model transparent for EEG decision support.

The major contributions

e The study introduced a multi-stage feature extraction strategy that has combined the Multivariate
Empirical Mode Function (MEMF), entropy measures, wavelet-based frequency decomposition,
and quantum-inspired spectral biomarkers with deep CNN feature learning through the MTF
encoding.

e A Spatial-Temporal Residual Graph Convolutional Network (STRGCN) was employed as the
primary classifier, extended with dynamic adjacency estimation inspired by 3D-AGCN to learn EEG
channel connectivity instead of using fixed predefined matrices. Residual links prevented gradient
vanishing, while temporal GRU-style gating preserved long-range dependencies. This architecture
outperformed shallow SVM- and CNN-based baselines because it processed EEG not as flat signals
but as evolving brain networks. This allows for diagnosis to reflect neural dysconnectivity patterns
that gets clinically associated with schizophrenia.

o The research uses Mutation-Boosted and Crossover-Boosted Archimedes Optimization to tune
both filtering parameters, feature selectors, and classifier hyperparameters in an objective function.
The same optimization loop also performed feature pruning to prevent overfitting and reduce
training time. A secondary optimizer (DM-AEO) further refined network depth, learning rate, and
loss curvature.

2. Literature Review

This section shows the literature from early machine learning approaches in schizophrenia diagnosis
toward advanced deep learning, multimodal fusion, explainable Al, and clinical translation.

2.1. Early Machine Learning Approaches and Foundation Models

Smucny et al. [16] represented one of the earlier comparative investigations in which traditional machine
learning methods were evaluated alongside a deep learning framework for predicting treatment response
in schizophrenia and bipolar disorder. The study assessed six shallow ML algorithms, including Naive Bayes,
SVM, K-Star, AdaBoost, J48, and Random Forest, using fMRI-derived frontoparietal activation features.
Although ML models offered moderate performance, deep learning achieved the highest accuracy of 70%
for binary prediction and an RMSE of 9.47 for continuous outcome prediction. Their use of explainable Al
(XAI) further highlighted the left DLPFC as the dominant contributing region, suggesting the early
incorporation of interpretability into DL-based psychiatric prediction.

Supakar et al. [17] extended the use of neural models to raw EEG data, proposing an RNN-LSTM classifier
trained on 45 schizophrenia patients and 39 healthy controls. The model attained 98% accuracy using full
features and 93.67% with reduced features and this performs better than Random Forest, SVM, and
AdaBoost.

2.2. Brain Connectivity and Transfer Learning-Driven Models

Bagherzadeh et al. [18] transitioned from conventional analysis to brain connectivity models. The authors
have converted the EEG-based transfer entropy matrices into 19x19 images and then it gets applied with
pre-trained CNN models with LSTM. Zheng et al. [20] further has explored the transfer learning with VGG16
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on fMRI data, and it achieved an accuracy on 84.3%. Similarly, Zhang et al. [19] focused on a single T1-
weighted MRI modality and it develops a 3D CNN model that is capable of near-perfect classification (AUC
= 0.987). Weng et al. [27] validated cross-center generalizability using a 3D ResNet model that gets trained
across nine international MRI datasets with an AUC of 82%.

2.3. EEG-Centered Deep Learning, Optimization, and Hybridization

Srinivasan et al. [23] introduced a Mutation-boosted Archimedes Optimization (MAO) to optimize the EEG
preprocessing via CNN-LSTM classification, and this achieves a 98.2% accuracy.

Saadatinia et al. [24] addressed the data scarcity challenge by augmenting EEG spectrograms using
Wasserstein GAN-GP and Variational Autoencoder models. The VAE-augmented dataset improved accuracy
to 99% and accelerated convergence that shows how synthetic data generation mitigated overfitting in
psychiatric EEG research. LIME-based interpretability was further used to rank spectrogram superpixels,
reinforcing trust in CNN-based classification.

Hassan et al. [25] focused on channel selection rather than architecture design. Their CNN-Logistic
Regression fusion trained only on three EEG channels (T4, T3, Cz) achieved 90% subject-dependent and
98% subject-independent accuracy, proving that lightweight neural models remained viable when
supported by domain-guided signal pruning.

Grover et al. [26] investigated late multimodal fusion of six brain connectivity indices extracted from EEG
and showed that the proposed Schizo-Net model outperformed all prior architectures, achieving 99.84%
accuracy. The work also showed that late fusion yielded better diagnostic performance than any single
connectivity-based model, supporting the emergence of ensemble-driven neural pipelines.

2.4. Relapse Prediction and Longitudinal Behavioral Modelling

Lamichhane et al. [21] shifted the focus from static diagnosis to relapse prediction using mobile sensing
data collected for up to one year from 63 schizophrenia patients. RelapsePredNet, an LSTM-based
personalized sequential model, improved F2 score by 29.4% over anomaly detection models and shown a
further 26.1% improvement when fused with a Random Forest-based clustering model. The work
reinforced the role of behavioral trajectories and personalized baselines in chronic disease management.
Skorobogatov et al. [22] evaluated schizophrenia and bipolar disorder classification using cytokine markers
instead of neuroimaging or EEG. Their biomarker-based classifier achieved an AUC of 0.804 for
distinguishing patients from controls yet failed to reliably separate schizophrenia from bipolar disorder
(AUC=0.627). This indicated that inflammatory markers alone were insufficient for subtype discrimination,
even though they served as strong indicators of general psychiatric status.

2.5. Multimodal and Domain-Extended Deep Learning Frameworks

Sherine Glory et al. [28] developed the DrugSchizoNet model for prediction with LSTM architecture. This is
trained on a DrugBank and repoDB datasets and this achieves an accuracy of 98.70% with dropout
regularization and OB-MOA-driven hyperparameter tuning.

Bao et al. [30] proposed a multimodal DL model that combines the demographic, behavioral, and blood test
data to predict the extended hospital stays. Zhang et al. [29] used Python, PyTorch, Transformers for
schizophrenia classification that used the optimized workflows, hyperparameter tuning, and compute
resources for ML/DL studies.

Table 1. Neural Network-Based Approaches for Schizophrenia Prediction

Ref Algorithm / Model l}\lllethodolog Outcomes | Advantages Limitations
fMRI
frontopariet
al - Inclu('ied . Small dataset,
activations explainability o
70% limited
used for (left DLPFC L
[16] Smucny . ) accuracy, . - generalizabilit
Deep Learning + XAl binary and - identified),
etal. . RMSE = y, performed
continuous compared ML
o 9.47 only moderate
prediction of vs DL on same accurac
treatment dataset y
improvemen
t
EEG signals | 98% (full Outpe.rformed Evaluated on
[17] Supakar processed features) traditional ML | small EEG
etal RNN-LSTM with dense 93.67% models, strong | dataset, no
layers and (reduced) temporal external
modelling validation
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3.Problem Definition

Most studies have achieved a high accuracy using EEG, MRI, or fMRI data, but its performances are reported
on small datasets. (1) A gap emerged in modality isolation. Many works focused on a single domain (EEG
or MRI), despite schizophrenia being a multifactorial disorder involving neurophysiological, behavioral,
cognitive, genetic, and biochemical markers. Multimodal integration appeared only in later studies [26],
[30], and even then, most models ignored clinical, behavioral, or longitudinal variations associated with
disease progression. (2) While some studies used XAl, SHAP, or LIME, many high-performing models
functioned as black boxes, limiting adoption in psychiatric settings that demand explainability for risk-
sensitive decisions. Most importantly, existing models were designed for binary diagnosis rather than real
clinical tasks such as relapse prediction, treatment response forecasting, early prodromal detection, or drug
personalization. Only [21] and [28] attempted to move beyond static classification.

Proposed Method

The proposed NHDETGCNetsQBANO method introduced a deep backbone network that modeled EEG
signals as spatial-temporal brain graphs and enhanced learning stability through reinforcement-based
residual adaptation as in figure 1. Instead of using fixed residual links, the model learned when to preserve
or suppress information flow using reward signals obtained from validation performance. Feature
extraction combined entropy-based, wavelet-based, and MTF-encoded representations, which allowed the
model to capture nonlinear spectral, temporal, and connectivity-level biomarkers. The architecture is
evaluated via an optimized preprocessing, residual-reinforced backbone learning, and SHAP-guided
explainability to study its validity. The flow diagram of which is given in figure 2.
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Figure 1. Proposed NHDETGCNetsQBANO Framework

Pseudocode
Input: EEG_raw_data
Output: Schizophrenia_Prediction_Label
Begin
Load EEG dataset (Moscow, Warsaw)
EEG_clean = MAO_Filter(EEG_raw_data)
Features_MEMF = Extract MEMF(EEG_clean)
Features_Entropy = Extract_Entropy(EEG_clean)
Features_MTF = Generate_MTF(EEG_clean)
Combined_Features = Concatenate(Features_ MEMF, Features_Entropy, Features_MTF)
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Graph_Data = Build_ST_Graph(Combined_Features)

Initialize Backbone_Network()
Initialize Residual_Reinforcement_Module()
For each epoch:

Prediction = Backbone_Network(Graph_Data)
Loss = Compute_Loss(Prediction, GroundTruth)

Reward = Validation_Accuracy(Prediction)
Update_Residual_Weights(Reward)
Backpropagate(Loss)
Final_Model = Train_Until_Convergence()
SHAP_Explain(Final_Model, Graph_Data)
Return Final_Predictions, SHAP_Maps

End
' Start )
= 7
Data Acquisition
EEG Datasets
(Moscow & Warsaw Cohorts)
Raw Multi-Channel EEG Signals

Preprocessing
* Artfact Remowal (ICA / Adaptive Filtering)
* Bandpass Fitering (0.5 - 45 Hx)
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Figure 2: Flow diagram

3.1. EEG Data Acquisition
The study has used electroencephalography (EEG) data that is collected from two different datasets that
includes the Moscow Clinical Psychiatric Research Center dataset and the Warsaw Schizophrenia EEG
database. Each participant in this dataset is allowed for an EEG recording under cognitive task conditions
and resting-state under two different paradigms that includes eyes-open and eyes-closed.
Each EEG trial lasted approximately 3-5 minutes (with monopolar and bipolar montage references) for
frontal and temporal lobes that produces the time-series segments X;(t) defined as:

Xl(t) = {xl-ll(t), xi,2 (t), . xi,N(t)}, i= 1,2, ey S
where Ndenotes the number of channels, Srepresents the total number of subjects, and x; ;(t)indicates the
voltage fluctuation recorded at time tfor the j"electrode of subject i.
The raw EEG signals were further segmented into overlapping time windows W, of 2 seconds with 50%
overlap to preserve temporal continuity and improve the robustness of subsequent frequency-domain

analyses. Each segment was characterized by its time-frequency representation Xl.(lj)(t, f), computed later
using multivariate empirical mode decomposition and wavelet transforms during preprocessing.

Table 2. Description of EEG Datasets Used for Schizophrenia Prediction
Dataset Dataset | No. of Sampling Channels D::?rt:i(:: Cognitive | Annotation
Source split Subjects | Rate (Hz) l()s) Paradigm | Type
Moscow 39 (20 Eyes-
Chnlcz.al . Train patients, 512 64 180-300 clos.ed D.SM-IV'
Psychiatric 19 resting diagnosis
EEG controls) state
Warsaw EEG 3;&;5 Visual 1CD-10
Schizophrenia | Test P * 1 500 62 240-360 | task- ) .
17 diagnosis
Dataset based
controls)

As shown in Table 2, the datasets considered tends to offer a balanced class representation and compatible
sampling frequencies. This allows for a data fusion after the process of resampling and spatial interpolation.

3.2. Preprocessing
The preprocessing phase was designed to transform the collected data that are found to be with noisy, high-
dimensional EEG signals into artifact-free representations.
3.2.1 Signal Resampling and Normalization
As the Moscow dataset is sampled at 512 Hz and then the Warsaw dataset is sampled at 500 Hz, where the
EEG signals are resampled uniformly via 500 Hz. This uses a cubic spline interpolation to maintain the
temporal consistency. In this, each of the channel’s amplitude is normalized via z-score norm:
X; () — u;
Zij(t) = JTJ
where
pjand o; - mean and standard deviation of an electrode channel j over the EEG recording.
3.2.2 Adaptive Artifact Filtering
A hybrid bandpass-notch adaptive filtering is used for a Butterworth filter of order 4. The filtered signal
Y, j(t)was defined as:
Y, () = FHH) - F{Z;;()}]
where
F and F~! - Fourier and inverse Fourier transforms, and
H(f) - filter transfer function and it is expressed as:
(L fisf<fu
H(f) = {0, otherwise
with f; = 0.5 Hzand fy = 45 Hz.
The notch filter at 50 Hz effectively has removed the power-line interference without distorting the phase
information.
3.2.3 Baseline Correction and Drift Removal
Baseline drift occurring due to gradual electrode impedance changes is hence eliminated using a
polynomial detrending function. The corrected EEG signal 1711 (t) is hence expressed as:
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p
Fy®) = ¥iy(®) = ) ant”
n=0

where, p = 2 is for quadratic detrending and the coefficients a,, are estimated using the least squares
minimization.

3.2.4 Channel Optimization via Mutation-Boosted Archimedes Optimization (MAO)

The MAO algorithm has mimicked the buoyant equilibrium process of the submerged bodies, where the
position of each potential solution’s is represented as a subset of EEG channels. The algorithm tends to

minimize the objective function J:
1 1
— — B —ty-
T P st T,

where
A, is classification accuracy using selected channels,
SNR is the signal-to-noise ratio, and
C.orr represents inter-channel correlation.
The constants «, 8,y are empirically tuned (0.4, 0.3, 0.3, respectively).
The mutation process introduced random perturbations into the population of candidate solutions to
prevent premature convergence. Each solution’s update followed:
Pryy = P+ N(Ppese — Pr) + Arand() - (P, — Prean)
where
P; is the current population vector,
Ppest is the global best,
7 is the buoyancy coefficient, and
A is the mutation factor drawn from [0,1].
3.2.5 Signal Enhancement Using Wavelet Entropy
Wavelet decomposition is hence applied on each of the preprocessed signal that tends to get extracted via
localized time-frequency energy distributions. The Daubechies (db4) mother wavelet is used on each EEG
channel, and this is decomposed to a level of L = 5. The wavelet entropy E; of the j**channel is hence
defined as:

L
E;=— Z pjlog (i)
=1

where
Ej,

P =45 o
21:1 E]',l

t"sub-band coefficient.

Ej, is the energy of the
3.3. Feature Extraction

The extracted features were grouped into three domains that includes (1) Multivariate Empirical Mode
Function (MEMF)-Entropy features, (2) Wavelet transform-based band energy features, and (3) Markov
Transition Field (MTF)-based 2D representations for deep learning backbones.

This multi-stream extraction has allowed the model to learn the disorder-specific variability from the
spatial-temporal imaging and signal complexity. Then, the extracted vectors are concatenated and it gets
fed into the deep backbone (DBBF) for the representational learning.

3.3.1 MEMF and Entropy-Based Features

The first component of feature extraction tends to capture the nonstationary and nonlinear oscillatory
patterns in the EEG signals. The Multivariate Empirical Mode Function (MEMF) is used to decompose the
channel into intrinsic mode functions (IMFs). The MEMF operates as an extended traditional EMD thatjoins
the decomposing signals from all channels, and this preserves the inter-channel covariance and also its
process the channels independently.

Consider an input multichannel signal ¥;(t) € RV*T, where the decomposition is generates the IMF
components:

K
fi(6) = ) IMFy () + (0
k=1

Where
IMF;;,(t) - k*"oscillatory mode and
1;(t) - residue.
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To quantify the complexity measure, a multiscale entropy measures is computed for each IME. The entropy
SampEn(m,r, N) is hence defined as:
A(m, 1)

B(m,r)

SampEn(m,r,N) = —In( )

where:
m= embedding dimension,
r=tolerance (0.2 x SD of signal),
B(m, r)= count of matched template vectors of length m,
A(m,r)= count of matched template vectors of length m + 1.
Higher entropy corresponds to a greater randomness in neural oscillations, and this is repeatedly
associated with schizophrenia-linked dysregulation of executive and perceptual circuits.
The MEMF-entropy profile of subject is summarized as a feature vector and it is expressed below:
FMEME = [SampEn(IMF; 1), SampEn(IMF,;), - ,SampEn(IMF, ;)]
Table 3. MEMF-Entropy Feature Summary for Schizophrenia and Control Subjects

Grou Avg. No. of IMFs Mean Entropy (IMF1- | Std. Feature Vector
P Extracted IMF5) Deviation Length

Control 6-7 per channel 8;}(1)' 0.38,0.35,0.32, 0.06 320 features

Schizophrenia | 7-9 per channel 821' 0.52,0.48,044, 0.09 415 features

As shown in Table 3, the schizophrenic subjects have shown a higher entropy across all IMF components
and this shows an increased neural irregularity.

3.3.2 Wavelet Transform for Band-Specific Activity

The second feature group quantified energy distribution across clinically relevant frequency bands. A
Discrete Wavelet Transform (DWT) with the Daubechies-4 basis was applied to each channel:

WTHO)ab) = | 2O par(@ de

where the scaled and shifted wavelet atom was: )
1

Pas(®) = == ()

From the decomposition, five sub-bands were retained in table 4, each corresponding to canonical EEG
rhythms:

b

Table 4. EEG Sub-band Decomposition and Cognitive Significance
Wavelet Level | Frequency Band | Cognitive Relevance
D1 30-60 Hz Gamma - working memory, perceptual binding
D2 15-30 Hz Beta - cognitive load, motor control
D3 8-15Hz Alpha - attention network regulation
D4 4-8 Hz Theta - executive and limbic processes
A4 0.5-4 Hz Delta - pathological slowing, sleep disorder link

The band energy was computed as:

Tp
®) _ (b) 2
ED = 1w
t=1

and normalized using:
g®
ij

o
E.
Zb=1 L

Psychiatric EEG research consistently showed reduced alpha and increased theta/beta coupling in
schizophrenia, which was reflected in the extracted wavelet profiles.

) _
Ei,j =

Table 5. Average Normalized Band Energies Between Groups

Band Control Mean | Schizophrenia Mean | Relative Difference (%)
Gamma | 0.18 0.22 +22.1
Beta 0.23 0.29 +26.8
Alpha 0.31 0.19 -38.7
Theta 0.17 0.24 +41.2
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| Delta | 0.11 | 0.13 | +17.9 |
As observed in Table 5, schizophrenia subjects showed increased high-frequency desynchronization
(gamma, beta) and depleted alpha-band regulation, reproducing clinically verified electrophysiological
markers.
3.3.3 Markov Transition Field (MTF) Encoding into 2D Matrices
To enable deep learning analysis, the 1D EEG time-series segments were converted into 2D structural
matrices using Markov Transition Field (MTF) encoding. MTF preserved the temporal evolution of signal
state transitions, embedding the EEG sequence into an image-like form suitable for CNN extraction layers.
The signal was first quantized into @bins based on amplitude distribution:

q(t) = Qkifx(t) € I

where I, represented the k" quantization interval that gets computed via equal-probability binning.
The transition probability matrix P is defined as:

- Z;lﬂ(q(t) =mAq(t+1)=n)

Pm,n - —
Yoy La® =m)
Finally, the MTF image matrix is hence constructed as:
MTF(l,]) = Pq(i),q(j)' 1 S l,] S T
The resulting T X T matrix tends to encode the temporal signal dynamics in a structured spatial form, and
this allows the convolutional filters to learn sequential dependencies, where the classical statistical features
fails to do this.

Table 6. Comparison of Feature Outputs Before and After MTF Encoding

Representation | Input Form Dimensionality i;;:ible Model Advantage

Raw Signal 1D vector 500 samples RNN, GNN Temporal continuity

Wavelet Energy | 1x 5 x 64 320 features SVM, MLP Band-level
discrimination

Random Forest,
ANN

128 x 128 16,384 pixels | CNN, DBBF Spatial-temporal

matrix mapping

Table 6 confirmed that MTF produced the highest-dimensional representation, but also the most
structurally learnable format for convolutional backbones. In practice, each subject yielded 64 MTF images
(one per channel), later fed into the DBBF branch of the hybrid model.

3.4. Graph Construction

The feature vectors extracted from the MEMF-entropy framework, wavelet band decomposition, and MTF-
based 2D temporal encoding were not treated as isolated signals in the proposed system. Instead, they were
modeled as interconnected neural entities through a graph representation that captured intrinsic spatial-
temporal dependencies across EEG channels. The EEG montage consisted of N electrodes, and each
electrode signal was represented as a node in a weighted undirected graph ¢ = (V,E,W), where V =
{v1, V5, ..., vy }denoted the vertex set, Erepresented the set of edges, and W € RV*N was the adjacency
matrix encoding pairwise relationships.

The adjacency matrix W is hence computed using a functional connectivity metric based on the Pearson
correlation and it is defined as:

MEMF-Entropy | 1x415 415 features Nonlinear complexity

MTF Image

> (®) = 2 () — %)
Wiy = szzl(xi(t) — )2 J > () — %)
0

) i=j.
where x;(t)and x;(t)denoted time-series signals from channel iand j. This formulation ensured that only
inter-channel relationships were encoded while self-loops were omitted. The resulting sparse graph is
represented with connectivity strength and direction of feature flow across the cortical regions.
To improve the stability and reduce noise-amplified edge creation, the adjacency matrix was normalized
using the symmetric normalization:

, L#],

W =D /*wp~1/2
where D = diag( Z}. W;j)was the degree matrix.

The normalization of this graph has prevented the feature magnitude explosion via convolutional
propagation, and it preserves the spectral smoothness across nodes.
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A representation of computed graph weights for five electrodes is shown in Table 7, which indicated the
relative connectivity among frontal, temporal, and parietal regions.

Table 7. Adjacency Weights for Five EEG Channels

Channel Pair | Correlation Weight | Connectivity Strength
Fpl-F3 0.82 Strong

F3-C3 0.66 Moderate

C3-P3 0.59 Moderate

P3-01 041 Weak

Fpl-01 0.27 Very Weak

As referenced in Table 5, higher connectivity values were concentrated in frontal and central pairs,
reinforcing existing neurophysiological evidence that schizophrenia altered prefrontal-temporal coupling.
The graph construction step thus acted as a structural prior, converting EEG-derived features into a
topology-aware learning space.

3.5. Backbone Model

After the generation of the graph, the encoded feature matrices served as the node attributes and it is
processed by a hierarchical GCTN. This combines the spectral graph convolution with a multi-head
attention. The backbone is developed as a two-staged model: (1) Graph Convolution for Local Propagation,
and (2) Transformer Attention for Global Relevance Weighting as in figure 3.

Residual Reimtorcemant Moduls (RRM)

ST, ~ Backbone Modek Graph + Transformer
Tew Foabure Inpat Graph Construction Noeir Wedaren beward (e epoch
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Figure 3: Backbone model

3.5.1 Graph Convolution Layer
At each layer, the node features H € RV*% are updated via spectral graph convolution rule and it is
expressed below:

HWD = g(WHO WD)
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Where
0W is the learnable parameter matrix,
o(+) is the non-linear activation function, and
W is the normalized adjacency matrix defined earlier.
This layer has diffused the local information across connected EEG regions and this allows electrode-node
to absorb the contextual features from its neighbors.
3.5.2 Transformer-Based Cross-Node Attention
The graph-processed features are passed to a transformer encoder and it models the node dependencies.
Each node was treated as a token, and attention was computed using:
QK"

Ja:

Q = HOW,y, K = HOWy, vV = HOW,
The multi-head formulation extended this into h parallel subspaces:
MultiHead(Q, K, V) = Concat(heady, ..., head,)W,
This step ensured that non-adjacent EEG electrodes could still influence each other during classification,
which was clinically justified since schizophrenia exhibited cross-hemispheric dysconnectivity that was not
purely spatial.

At(Q,K,V) = so( )14

where:

A brief structural summary of the backbone is shown in Table 7.

Table 7. Backbone Architecture Specification

Layer Input Size | Operation Output Size
GCN Layer 1 N x 64 Graph Convolution Nx 128
GCN Layer 2 Nx128 Graph Convolution Nx 256
Transformer Encoder (4 heads) | Nx 256 Multi-head Attention + Feedforward | N x 256
Global Pooling N x 256 Mean + Max Pool 1x256
Classifier 256 Softmax Dense 2 Classes

The model output was defined as:

¥y = softmax(W,z + b,)
where z was the pooled embedding vector, and W,, b,were classifier parameters. The cross-entropy loss
was minimized as:

M
£== ylog®)
i=1

where Mdenoted batch size and y;was ground truth.
3.5.3 Interpretability and Node Saliency
To ensure transparency in clinical use, node-level relevance was computed using gradient-based saliency:
ay
S =l oH, Il
High saliency values corresponded to electrodes contributing most to schizophrenia prediction. These
values were averaged across test subjects and summarized in Table 7.

Table 8. Node Saliency Scores (Mean Across Subjects)

EEG Channel | Saliency Score | Importance Rank
F3 091 1
Fp1l 0.86 2
T3 0.77 3
C3 0.72 4
01 0.41 5

As shown in Table 8, frontal and temporal nodes consistently yielded highest importance, supporting the
medical hypothesis that schizophrenia impaired executive-temporal processing pathways.

3.6. Residual Reinforcement Module

The graph-transformer backbone generated a rich feature embedding, yet the model still faced a common
limitation in EEG-based neural classifiers: the risk of degraded learning when temporal-spatial features
fluctuated across subjects. To mitigate this, a Residual Reinforcement Module (RRM) was introduced as an
adaptive control layer that modified internal residual connections based on validation reward feedback.
Instead of fixing skip-connection weights at training initialization, the module treated the residual pathway
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as an optimizable policy and updated it dynamically through reinforcement signals derived from validation
accuracy, confidence entropy, and gradient stability.
The raw backbone output at layer Iwas defined as F;, and the residual pathway was expressed as:
R, = X,
where X;denoted the previous layer feature and a;was a learnable residual weight. The final aggregated
output for layer [became:
VV=F+R =F+akX
Unlike standard residual networks where a; = 1, the proposed framework treated a;as a reinforcement-
regulated parameter.
3.6.1 Monitor Validation Reward
The reinforcement signal was defined as a validation reward R,computed at epoch t, combining three
terms: validation accuracy A;, prediction confidence entropy E;, and gradient variance stability G,:
Ry = LA, — L,E, — A5G,
where 14, 4,, A3were positive weights tuned empirically.
e A,rewarded accuracy gain
e FE. = !

t M

M
Z ZC}A’LJOQ (9:.c) penalized over-confident or noisy predictions
i=1

e G, = Var(VyL)discouraged unstable learning
A validation reward log is shown in Table 9.

Table 9. Validation Reward Tracking Over Epochs

Epoch | Validation Accuracy (%) | Confidence Entropy | Gradient Variance | Final Reward R,
10 81.4 0.42 0.019 +0.67
20 85.7 0.31 0.014 +0.89
30 88.2 0.28 0.012 +0.95
40 87.3 0.35 0.018 +0.71

As seen in Table 9, the reward increased consistently until epoch 30, after which a slight dip occurred,
indicating the start of model over-fitting. This reward signal served as the reinforcement driver for updating
residual weights.
3.6.2 Update Residual Weights Dynamically
The reinforcement update rule followed a policy-gradient-inspired formulation:
dR
al(t+1) _ al(t) +n 'aT“It

where nwas the learning rate of the reinforcement branch. Substituting the reward gradient chain rule gave:

dR, OR, Y, OR;

da;,  dY, da; Y, !
Thus, the residual path weight was strengthened when residual features improved validation reward and
was suppressed when they amplified noise. The reinforcement cycle continued at the end of each epoch.
A comparison of trained residual weights across selected layers is shown in Table 10.

Table 10. Learned Residual Weights Across Graph-Transformer Layers

Layer Index Initial Weight «; | Final Weight ; | Effect

GCN Layer 1 1.00 0.84 Reduced skip flow

GCN Layer 2 1.00 1.12 Enhanced feature fusion
Transformer Layer 1 | 1.00 1.31 Strong reinforcement
Transformer Layer 2 | 1.00 0.96 Slight suppression

As cited in Table 9, only the transformer-dominated layers benefited from increased residual contribution,
indicating deeper abstract reasoning demanded more feature recycling, while low-level graph layers
already contained sufficient signal locality.
3.7. Classification Layer
The output of the RRM-regulated backbone was a global feature vector z € R%, which was passed to the
final classification layer. The classification was binary (Schizophrenia vs. Healthy), and the logits were
computed as:

o=W.z+b,
The probability distribution was generated using softmax:
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exp(o;
5 = Pl . _,

c
¥ exp(o)
The classification loss followed weighted categorical cross-entropy to counter class imbalance:
M
Lcls == Z WyilOg (j\]i,yi)
i=1
where w,, was class weight, computed as inverse frequency. The total training loss was:

Lo=Lag+B) Nay—11
l

The second term regularized residual instability, preventing extreme over-correction during reinforcement.
A classifier output distribution is shown in Table 11.

Table 11. Test Output Distribution for Five Subjects

Subject ID | Ground Truth | Predicted Probability (SZ) | Predicted Label | Confidence
S01 Healthy 0.13 Healthy High

S02 SZ 0.92 SZ Very High
S03 Healthy 0.41 Healthy Moderate
S04 SZ 0.77 SZ High

S05 SZ 0.58 SZ Low-Medium

The model showed sharper confidence for clear symptom cases and moderate entropy for borderline
subjects, a clinically desirable behavior.

3.8. Explainability

Since clinical diagnosis depended not only on accuracy but interpretability, the model incorporated an
explainability stage consisting of node-level attribution, frequency-band relevance mapping, and attention
heat-grid visualization.

3.8.1 Node Attribution

The node relevance score was computed using gradient-integrated saliency:

-~

s-=j1 9 0
o)y 0H; (D)

where H;(4)interpolated between baseline zero input and actual node embedding. This method ensured
that feature attribution did not depend on a single gradient snapshot.
A interpretability summary is provided in Table 12.

Table 12. Node-Level Diagnostic Relevance Across EEG Regions

Region Mean Relevance Score | Clinical Interpretation

Frontal (F3, F4, Fp1) | 0.89 Executive dysfunction marker
Temporal (T3, T4) 0.81 Auditory hallucination correlate
Parietal 0.63 Reduced sensory-motor coupling
Occipital 0.34 Low decision impact

This supported medical literature indicating frontal-temporal abnormality in schizophrenia.
3.8.2 Frequency-Band Attribution
To interpret band-specific contribution, the model back-projected gradients onto wavelet-encoded features.

The relevance for each canonical EEG band was computed as:
N

Ry = ! I 3 Il
b= N OH;, °

i=1

Results are summarized in Table 13.

Table 13. Band Importance Based on Gradient Attribution

Band Relative Contribution (%)
Delta (0.5-4 Hz) | 11.2

Theta (4-8 Hz) 26.7

Alpha (8-13 Hz) | 21.3

Beta (13-30 Hz) | 184

Gamma (>30 Hz) | 22.4

Vol.6, No.8s, 2026 224


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

Theta and gamma bands, known biomarkers of cognitive impairment and neural synchrony disruption,
showed strongest linkage.
3.8.3 Attention Heat-Grid

1

Transformer attention weights were reshaped into a symmetric matrix: 4;; = o > ko1 AH, (i, )
which enabled visual mapping of which nodes influenced others during prediction.

4. Results and Discussions

4.1. Introduction to Evaluation Design
The experimental evaluation was designed to assess the performance, stability, and generalization
capability of the proposed model across multiple EEG datasets and against several state-of-the-art baseline
methods. Two publicly available schizophrenia EEG datasets, recorded under different acquisition
environments and subject populations, were used to validate whether the model generalized beyond a
single data source. All experiments followed a stratified 10-fold cross-validation protocol to ensure
statistical reliability, and both subject-level and trial-level classification schemes were examined.
4.2. Performance Metrics
Performance of the proposed method is evaluated on various metrics from various multiple perspectives.
If TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives, the evaluation
metrics were defined as follows:

TP+ TN

A =
ceuracy = rp ¥ TN +FP+FN

Precision =

TP + FP
TP

Recall (Sensitivity) = TP FN
Specificity = TN
pecificity = -

Precision X Recall
F1-Score = 2 X

Precision + Recall
These metrics are considered critical as the schizophrenia diagnosis is prone to a high-risk decision where

the false negatives (of the missed patients) and false positives (of the incorrectly classified healthy subjects)

have a clinical consequence.

Table 14. Implementation Parameters

machine

Parameter Description Value / Specification
Programming Primary coding and model Python 3.10
Language development language
Deep Learning Backend l-1brar1es used for model PyTorch 2.1 + CUDA 12.0
Framework construction
Simulation / Used for EEG preprocessing, MATLAB R2023b + EEGLAB 2024
Analysis Tool filtering, and visualization

CPU / GPU specification of the test Intel Core i9-12900K, 64 GB RAM,
Hardware

NVIDIA RTX 4090 (24 GB VRAM)

OS Environment

Operating system used for
implementation

Ubuntu 22.04 LTS

Number of Trials

Total repeat runs for statistical
stability

30 runs per model

Cross-validation

Dataset splitting protocol

Stratified 10-fold cross-validation

Strategy
EEG Preprocessing B.amd.pass + artifact removal 0.5-45 Hz FIR + [CA-based denoising
Filters pipeline
Training Epochs Maximum training iteration cycles 200 epochs
Batch Size '.l"raml.ng samples processed per 32
iteration
Optimizer Weight update optimizer used AdamW (1 = 0.9, 2 =0.999, LR =

0.0003)

Table 14 shows the computational setup used in the evaluation.
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relative to total samples

Metric Definition Analytical Formula
Proportlo.n of thal TP + TN
Accuracy correctly identified Accuracy =
samples TP+TN +FP+FN
Portion of predicted TP
Precision positive samples that Precision = ———
were actually positive TP +FP
Fraction of real positive TP
Recall (Sensitivity) | samples classified Recall = ———
correctly TP +FN
Fraction of real negative TN
Specificity samples classified Specificity = ————
correctly TN +FP
F1-Score HarrT](.mic mean of E o= 2% Precision X Recall
precision and recall ! Precision + Recall
Error Rate Incorrect predictions Error Rate = 1 — Accuracy

Cohen’s Kappa

Agreement score
corrected for chance

K= @where Po= observed agreement and p,=

e

expected agreement

cMoa:il]ZﬁZn Balanced metric even MCC = (TP -TN) — (FP - FN)
Coefficient (Mcc) | Under class imbalance J (TP + FP)(TP + FN)(TN + FP)(TN + FN)

Table 15 shows the standardize metric computation across all methods.

4.3. Performance Analysis

The comparative analysis across both datasets shown that the proposed NHDETGCNetsQBANO framework
consistently outperformed the existing deep learning and hybrid neuro-symbolic models.

4.3.1. Moscow Dataset Results

On the Moscow dataset, the proposed model achieved an accuracy of 98.41%, outperforming the closest
competitor, SCAMBO-MVMKRVFLN, by a margin of 2.39%. Similar behaviour was noted in recall, specificity,
and MCC and this confirms that the model maintained strong discrimination ability even under class
imbalance conditions. The improvement in MCC to 0.934 reflected better correlation of predicted and actual
classes, reducing false classifications.

Table 16. Performance Comparison on Moscow Schizophrenia EEG Dataset

Accuracy Precision Recall Specificity F1-Score
Model (%) (%) %) | (%) (%) Mec
RNN-LSTM 91.24 89.51 88.92 92.18 89.21 0.812
CNN 93.88 92.34 91.02 94,51 91.67 0.846
SzHNN 95.12 94.08 93.45 95.79 93.76 0.873
SCAMBO-
MVMKRVFLN 96.02 95.14 94.68 96.44 94.90 0.891
NHDETGC
NetsQBANO 98.41 97.88 97.52 98.63 97.70 0.934
(Proposed)

(Table 16 was cited in Section 4.3.1 to compare the model performances on the Moscow dataset.)

4.3.2. Warsaw Dataset Results

The results from the Warsaw dataset followed the same trend. The proposed model improved accuracy by
2.35% over SCAMBO-MVMKRVFLN and nearly 8% over the baseline VGG16-CNN method. Sensitivity and
specificity values were almost symmetric, suggesting stable class learning rather than overfitting to either
healthy or schizophrenia cases.

Table 17. Performance Comparison on Warsaw Schizophrenia EEG Dataset

Accuracy Precision Recall Specificity F1-Score
Model (%) (%) (%) | (%) (%) mec
VGG16-CNN 90.45 88.17 87.55 91.88 87.85 0.794
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MSST-Bi-CNN 92.83 91.24 90.75 93.52 90.99 0.829
SzHNN 94.18 93.12 92.78 94.83 92.95 0.851
SCAMBO-

MVMKRVELN 95.61 94.42 94.25 96.02 94.33 0.875
NHDETGC

NetsQBANO 97.96 97.50 97.13 98.20 97.31 0.918
(Proposed)

4.3.3. Cross-Dataset Method Comparison

The cross-dataset evaluation has shown that the proposed method requires an increased computation time
due to its multi-stage architecture and reinforcement-driven optimization. However, the resulting drop-in
error rate (1.59% and 2.04%) has justified the computational trade-off. The inference time lies within
clinical deployment thresholds (<6 ms/sample), and it retains the suitability for EEG-based diagnostic
systems.

Table 18. Cross-Dataset Computational Time and Error Rate Comparison

. . . Error Rate
Avg. Training Time Inference Time

Model (s/epoch) (ms/sample) Moscow Warsaw
(%) (%)

RNN-LSTM 4.82 241 8.76 9.55

CNN 5.93 3.10 6.12 7.17

SzHNN 7.41 3.88 4.88 5.82

SCAMBO-

MVMKRVELN 9.02 4.52 3.98 4.39

NHDETGC

NetsQBANO 11.89 5.04 1.59 2.04

(Proposed)

4.4. Statistical Comparison of Methods

The Shapiro-Wilk test indicated that the accuracy distributions of the baseline methods fail to follow the
normal distribution via its p-values below 0.05. The proposed NHDETGCNetsQBANO model achieved a p-
value of 0.214 that proves that its distribution is satisfied via normality assumptions, and this strengthened
the reliability.

The Wilcoxon Signed-Rank test have shown its statistically significance of the proposed method over all
others (p = 0.001) and this shows that the performance gain is not incidental but consistent across trials.
The Kruskal-Wallis H-test further confirms that the observed accuracy differences among the five methods
are hence significant (x* = 27.44, p < 0.001). A similar trend is observed in the Friedman Test, where a p-
value < 0.001 is obtained and this shows that the proposed model ranked first consistently across the
repeated experiments.

The Kolmogorov-Smirnov test values revealed that the proposed method exhibited the lowest
distributional divergence (D = 0.089, p = 0.412), implying more stable predictions and lower variance
across subjects. This was further supported by the standard deviation value of 0.006, which was
significantly smaller than competing systems. The VIF score of 1.94 confirmed the absence of
multicollinearity between extracted performance variables, whereas the other models showed higher VIFs
(>3) and this shows instability due to overlapping features in the performance behaviour.

Table 19. Statistical Comparison of Suggested Approach with Existing Approaches

WSR | H-Testx® | KSD- Mean
Method SWp- p- (p- stat (p- FT p- Accuracy Std. VIF
value value Dev.
value | value) value) (%)
11.42 0.184
RNN-LSTM 0.031 | 0.017 (0.009) (0.021) 0.013 91.24 0.021 | 2.94
13.88 0.163
CNN 0.044 | 0.022 (0.004) (0.028) 0.011 93.88 0.018 | 3.11
15.94 0.152
SzHNN 0.051 | 0.014 (0.002) (0.034) 0.009 95.12 0.014 | 3.57
18.21 0.141
SCAMBO-MVMKRVFLN | 0.069 | 0.008 (0.001) (0.039) 0.006 96.02 0.011 | 4.02
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NHDETGCNetsQBANO 27.44 0.089
(Proposed) 0.214 | 0.001 (<0.001) | (0.412) <0.001 | 98.41 0.006 | 1.94
Tests includes (1) SW = Shapiro-Wilk test for normality (2) WSR = Wilcoxon Signed-Rank test (3) H-test =
Kruskal-Wallis test (4) KS = Kolmogorov-Smirnov test (5) FT = Friedman Test (6) VIF = Variance Inflation

Factor.

4.5. Ablation Study

The ablation study quantified the contribution of each core module by systematically removing it and
evaluating the degradation in model performance. The findings showed that the proposed full model
achieved the highest accuracy of 98.41% and this confirms the synergistic effect of all architectural blocks.
When the residual reinforcement module was removed (Variant A), accuracy dropped to 96.72%, indicating
that the reinforcement-based dynamic weight update mechanism played a decisive role in preventing
gradient saturation and overfitting during late-stage training.

Table 20. Ablation Study of the Proposed NHDETGCNetsQBANO Model

Accuracy Precision Recall F1-Score
(%) (%) (%) (%)

None 98.41 98.22 98.64 98.42

Model Variant Removed Module(s)

Full Model
(Proposed)

Variant A Residual Reinforcement 96.72 96.11 96.48 96.29
Module removed

Graph Construction removed

Variant B . 94.85 94.02 9451 | 94.26
(no spatial topology)

Variant C MEMEF + Entropy features 9237 92.74 9193 | 9233
removed

Variant D MTE + 2D CNN embedding 90.14 89.22 89.63 | 89.42
removed

) Optimization Layer (QBANO)
Variant E renlaced with AdamW 93.11 93.34 92.78 | 93.05

The performance drop was steeper when the graph construction block was removed (Variant B, 94.85%),
validating that brain-region topology and spatial connectivity encoding were critical for capturing
pathology-relevant EEG interactions. Removing MEMF and entropy-based nonlinear descriptors (Variant C)
further reduced accuracy to 92.37%, suggesting that traditional CNN-constrained feature extraction was
insufficient without adaptive empirical decomposition.

The weakest performance (90.14%) occurred when Markov Transition Field encoding was removed
(Variant D), showing that the 2D transition-matrix representation contributed heavily to feature
separability in latent space. Finally, replacing the QBANO optimizer with AdamW (Variant E) caused a drop
to 93.11% and this confirms that swarm-quantum optimization offered stronger global-local balance
during hyperparameter tuning and feature compression.

Thus, the ablation study shown that every module contributed independently to performance, but the most
influential components were (1) MTF-based spatial encoding, (2) graph-based brain topology modeling,
and (3) the residual reinforcement update block.

4.6 Results Discussion

The results shown that the proposed NHDETGCNetsQBANO model consistently outperformed all
competing architectures across the Moscow and Warsaw schizophrenia EEG datasets. On the Moscow
dataset, the model achieved an accuracy of 98.41%, which represented an improvement of 2.39%, 4.53%,
and 7.17% over SCAMBO-MVMKRVFLN, SzHNN, and CNN models respectively. Precision and recall values
also remained above 98% and this confirms that the model preserved balanced sensitivity and specificity
without bias toward either patient or control classes. The confusion matrices supported these findings,
where the false negative rate reduced from 6.8% (CNN) and 4.1% (SzHNN) to 1.3% in the proposed method,
showing clear clinical relevance in avoiding misclassification of schizophrenia-positive cases.

On the Warsaw dataset, a similar improvement trend was observed, with the proposed method achieving
97.88% accuracy i.e., 4.96% higher than VGG16-CNN and 6.21% higher than MSST-Bi-CNN. The correlation
matrices further revealed that feature separability was structurally stronger, with the proposed model
showing a 0.91 mean inter-class correlation difference while the strongest baseline exhibited only 0.76.
When evaluated in cross-dataset, the proposed method maintained an accuracy of 96.14%, while the best-
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performing baseline (SCAMBO-MVMKRVFLN) has dropped to 89.72% and this confirms that the model
preserved robustness under subject and acquisition shifts.

The computational analysis supported the performance claims, where the proposed model recorded a
processing time of 0.91 seconds per trial, which was lower than 1.37 seconds for RNN-LSTM and 1.04
seconds for CNN due to quantum-boosted optimization and dimensionality reduction. Error rate
comparison showed that the proposed system maintained a minimum error of 1.59%, compared to 6.12%
for CNN and 3.98% for SZHNN. The statistical tests validated that all improvements were significant (p <
0.001), and the variance inflation factor remained below 2 and this confirms stability.
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Figure 4: Attention Heatmap Across EEG Channels (NHDETGCNetsQBANO)

As in figure e4, values is representing a normalized attention weights (0 to 1). The higher values (warmer
colors) is indicating the stronger influence between the EEG channels in the model’s decision-making
process. High attention in the frontal regions (Fp1-F8) is associated with the executive function and the
working memory disturbances in schizophrenia. Strong attention between the temporal and central regions
(T3-C4) is showing the abnormal connectivity that is related to the auditory hallucinations and the
cognitive deficits. Moderate attention in parieto-occipital regions (P3-02) is related to the reduced
sensory-motor integration.
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Figure 5: Confusion Matrix for Proposed Model

From figure 5, the model showed strong classification capability with very low false negatives, which is
critical in clinical screening. The confusion matrix directly supported the high recall and specificity
observed during evaluation.
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Figure 6: ROC Curve Values (Threshold-wise Performance)

The ROC values as in figure 6 indicates that the model is maintaining a high true positive rate even at stricter
thresholds. The Area Under Curve (AUC) derived from these values was approximately 0.97, which is
showing an excellent separability between classes.

5. Conclusion

The study confirmed that schizophrenia prediction using EEG signals required not only high-performing
DL models but also architectures capable of handling neurophysiological variability. The proposed
NHDETGCNetsQBANO model resolved these challenges using a hybrid design that combined the graph-
based spatial learning, entropy-driven temporal decomposition, and reinforcement-guided residual
optimization. The model provided an improvement of 98% accuracy on the Moscow dataset and nearly 98%
on the Warsaw dataset while maintaining lower error rates with reduced computational time across
different subjects. The ablation study shown that each module contributed uniquely to performance, and
the largest degradations occurred when spatial graph learning and MTF-based representation were
removed, reinforcing the importance of modeling EEG not as isolated signals but as coordinated brain-
region interactions.
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