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Abstract
Quantum machine learning (QML) is an emerging research area focused on enhancing the diagnostic accuracy and
interpretability of biomedical signals. In this study, we propose a Quantum Variational Autoencoder (QVAE) framework
for EEG-ECG-based mental health diagnostics, integrating quantum amplitude encoding, entanglement-driven latent space
transformation, and a hybrid quantum-classical attention mechanism. The proposed QVAE model leverages quantum com-
putational techniques to enhance classification performance, signal reconstruction, and latent feature interpretability. We
introduce a quantum Wasserstein-Fisher Hybrid Loss Function, which integrates Quantum Wasserstein Distance (QWD)
and Quantum Fisher Information (QFI) for multimodal physiological data. Through extensive experimentation on EEG and
ECG datasets from Brainwave and PhysioNet repositories, the proposed model achieved a classification accuracy of 97.8%
and an error of 0.007, significantly outperforming baseline CNNs, classical variational autocoders, and classical variation-
als. Importantly, extensive simulations on IBM Qiskit and PennyLane quantum simulators demonstrate the feasibility of
the proposed framework on quantum simulators, supporting its potential for deployment on near-term quantum hardware.
This study contributes to quantum machine learning for healthcare by achieving high diagnostic accuracy and robust signal
reconstruction, demonstrating its suitability for immediate clinical translation into quantum-enhanced EEG diagnostics.

Keywords Quantum computing · Variational autoencoder · Brainwave recognition · Mental health · Internet of things

1 Introduction

Mental health disorders represent one of the most significant
global health challenges, affecting over 450 million individ-
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uals worldwide (Avramouli et al. 2023). Conditions such
as depression, schizophrenia, anxiety, and bipolar disorder
reduce quality of life, increase disability rates, and impose
substantial economic burdens on healthcare systems (Awu-
joola et al. 2025). Despite their growing prevalence, mental
health diagnoses remain highly subjective, relying on clin-
ical assessments that are susceptible to bias and variability
(Barnova et al. 2023). Therefore, developing objective, data-
driven methods for early detection and monitoring of mental
health conditions is essential to improve patient outcomes
and healthcare efficiency. Electroencephalography (EEG) is
a non-invasive technique for recording brain electrical activ-
ity and is widely used in mental health research (Jabbar
et al. 2023). The EEG alone may not sufficiently charac-
terize cognitive and emotional states. Electrocardiography
(ECG), which captures autonomic nervous system activity,
offers complementary insight into physiological stress and
emotional responses. Integrating EEG and ECG provides a
more comprehensive assessment of mental health status (Bi
et al. 2024). Fuzzy entropy and granular computing struc-
tures have been widely applied to characterize complexity
andmulti-scale dynamics in biomedical signals. In this work,
we adopt these concepts only as supporting tools to enhance
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feature stability and multi-resolution fusion. Further techni-
cal details are provided in Appendix A for readers interested
in the mathematical derivations.

Despite their potential, analyzing EEG and ECG signals
presents several challenges. EEG data is inherently high-
dimensional and susceptible to artifacts caused by muscle
activity, eye blinks, and environmental noise (Chakraborty
2024). ECG signals, though typically less noisy, also show
inter-subject variability due to physiological differences.
Traditional EEG and ECG classification methods rely on
statistical feature extraction, Fourier transforms, and hand-
crafted wavelet techniques. Although partially effective,
these methods struggle with non linearity and dataset depen-
dency, often resulting in inconsistent classification perfor-
mance (Chen et al. 2023). Deep learning models such as
Convolutional Neural Networks (CNNs), Long Short-Term
Memory (LSTM)networks, andTransformer-based architec-
tures have substantially improved classification performance
(De and Gupta 2024). They face key limitations, including
high computational complexity and limited interpretabil-
ity. The lack of large-scale labeled EEG and ECG datasets
limits generalizability and model robustness (Ganesh et al.
2023). To overcome these limitations, Quantum Machine
Learning (QML) has emerged as a promising paradigm,
offering significant computational advantages for processing
high-dimensional data. Quantum Variational Autoencoders
(QVAEs) use quantum principles such as superposition and
entanglement to enhance feature extraction from EEG and
ECG signals (Durant et al. 2024). Unlike classical autoen-
coders, which often struggle to optimize high-dimensional
latent spaces, QVAEs map EEG and ECG features into
low-dimensional quantum latent representations, thereby
improving classification accuracy and robustness to noise. In
this study, we propose an advanced QVAE-based EEG–ECG
classification framework that integrates quantum amplitude
encoding, entanglement mechanisms, and hybrid quantum-
classical attention layers to extract meaningful multimodal
features (Lee et al. 2024).We implement a robust preprocess-
ing pipeline comprising Butterworth filtering, Independent
ComponentAnalysis (ICA), andDiscreteWavelet Transform
(DWT) to enhance signal quality before quantum encoding.

We propose a quantum-inspired loss function that com-
bines Quantum Wasserstein Distance (QWD) and Quan-
tum Fisher Information (QFI) to balance quantum prob-
ability alignment with latent space sensitivity (Enad and
Mohammed2023). Thiswork offers the following key contri-
butions: We propose a hybrid Quantum Variational Autoen-
coder (QVAE) framework that enhances EEG and ECG
feature representation using quantum amplitude encoding,
entanglement-based latent transformation, and a quantum-
classical attention mechanism. We implement a structured

preprocessing pipeline to improve EEG and ECG signal
quality before quantum encoding. We propose a Quan-
tum Wasserstein-Fisher Hybrid Loss function that improves
reconstruction quality and classification accuracy. We con-
duct experiments on publicly available EEG and ECG
datasets to compare QVAE performance with deep learning
baselines including CNNs, LSTMs, and Transformer-based
models. We simulate the QVAEmodel using IBMQiskit and
PennyLane backends, demonstrating its feasibility for near-
term deployment on quantum hardware.

1.1 Objectives of the paper

The primary objective of this study is to develop an advanced
EEG-ECG-based mental health diagnostic system utiliz-
ing Quantum Variational Autoencoders (QVAEs) for feature
extraction and classification. The specific objectives are:

• Design a Quantum-Inspired Loss Function, combining
Quantum Wasserstein Distance (QWD) and Quantum
Fisher Information (QFI) to optimize latent space rep-
resentations.

• Validate the proposed QVAE framework on publicly
available EEG and ECG datasets, comparing its per-
formance with traditional deep learning models such as
CNNs, LSTMs, and Transformer-based models.

• Demonstrate real-world applicability by testing themodel
on IBM Qiskit and PennyLane quantum simulators,
ensuring feasibility for future quantum hardware deploy-
ment.

1.2 Research contributions

This work provides the following concise contributions:

• We propose a hybrid QVAE that jointly models EEG
andECGusing quantumamplitude encoding,multi-layer
entanglement, and a quantum–classical attention mech-
anism.

• We design a streamlined preprocessing pipeline and
introduce a Quantum Wasserstein–Fisher hybrid loss,
improving reconstruction accuracy and stabilizing the
latent space.

• Wedemonstrate superior accuracyonbenchmarkdatasets
and validate feasibility on IBM Qiskit and PennyLane
simulators, supporting near-term quantum deployment.

The remainder of this paper is structured as follows: Section 2
presents a review of related work, highlighting previous
research in mental health diagnostics using classical and
quantum machine learning techniques. Section 3 details
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the proposed QVAE architecture, including preprocessing,
quantum encoding, latent space optimization, and decoding
strategies. Section 4 provides experimental results, including
classification accuracy, signal reconstruction, and quantum
metric evaluation. Finally, Section 5 discusses the conclu-
sions and potential future research directions.

2 Methodology

This section presents a detailed overview of the pro-
posed Quantum Variational Autoencoder (QVAE) frame-
work, developed for EEG-based brainwave recognition
and ECG-based cardiac assessment in IoT-driven health-
care scenarios. The framework uses quantum computational
techniques including amplitude encoding, multi-layer entan-
glement, hybrid quantum-classical attention mechanisms,
and quantum-inspired loss functions to improve classifica-
tion accuracy, feature representation, and interpretability of
biomedical signals. We use fuzzy entropy to measure signal
irregularity and guide the latent regularization. The intuition
is that higher entropy reflects richer neural/cardiac dynamics,
which we leverage to improve latent diversity. Granularity
adaptation is introduced to align EEG and ECG features at
different resolutions. Rather than presenting the full theory
of granular computing, we focus on its role in cross-scale
feature fusion in QVAE.

Figure 1 corresponds to the detailed explanation which
describes the architecture of the QVAE including quantum
encoding layers and amplitude encoding methods. Figure 2
offers a systematic breakdown from data acquisition to train-
ing and optimization. Together, these diagrams clarify the
internal workflow of the QVAE system. By integratingmulti-
modal biosignals with quantum latent modeling, we achieve
a compact, robust, and interpretable feature space suitable
for healthcare-focused IoT deployment. The quantum gate
design in our QVAE framework is guided by twomain objec-
tives: (1) effective representation of complex entangled states
in multimodal biomedical data, and (2) compatibility with
NISQ hardware. We use parameterized RY (θ) and RZ(φ)

gates to encode variational parameters, alongwith entangling
gates like CNOT and CZ to capture cross-modal dependen-
cies. These gates are native to most quantum hardware (e.g.,
IBM Q), minimizing transpilation overhead. We determine
circuit depth empirically by observing convergence behavior
during hybrid training. The depth is limited to 6–8 layers to
balance representational capacity with noise resilience and
to mitigate risks such as decoherence and barren plateaus.
Each layer includes a block of RY , RZ gates followed by
an entanglement layer. Shallower circuits lacked the capac-
ity to capture cross-modal features, whereas deeper circuits

exhibited unstable convergence and higher simulation costs.
The detailed training flow is described in Algorithm 1.

Algorithm 1 Hybrid quantum-classical training loop.
1: Initialize quantum parameters θ ∼ N (0, 1) for each

epoch do

2: Encode EEG+ECG data → quantum state ψ

3: Apply PQC with parameters θ

4: Measure expectation values Z = 〈Ô〉
5: Compute loss L = λ1MSEEEG + λ2MSEECG + λ3QF I
6: Compute gradients ∇θ L using parameter-shift rule
7: Update θ ← θ − η∇θ L

The QVAE is trained using a hybrid quantum–classical
optimization loop. In this setup, EEG and ECG features are
encoded into quantum states and processed via parameter-
ized quantum circuits (PQCs), with loss computation and
parameter updates carried out classically. This hybrid inter-
action enables variational optimization over quantum latent
spaces, combining quantum representational power with the
stability of classical optimization. The process leverages
quantum simulators (IBMQiskit and PennyLane) to compute
expectation values, and classical optimizers (e.g., Adam) to
iteratively update circuit parameters.

2.1 EEG and ECG datasets

The effectiveness of machine learning and quantum models
relies on the quality and representativeness of the datasets
used for training and evaluation. In this study, we employ
two independent, publicly available repositories: the EEG
Brainwave Dataset: Feeling Emotions for EEG signals and
the MIT-BIH Arrhythmia Database for ECG signals. These
datasets were not recorded simultaneously or from the same
individuals, and thus the joint representations modeled by
our QVAE reflect learned statistical co-patterns rather than
subject-specific physiological coupling. TheEEGBrainwave
Dataset contains emotion-labeled EEG recordings (positive,
neutral, negative) acquiredwith a 14-channel EmotivEPOC+
headset at 128 Hz during visual emotional stimuli. This
resource is widely used in affective computing and men-
tal state classification, as its frequency bands are linked
to diverse cognitive and emotional processes as shown in
Tables 1 and 2.

For cardiac data, the MIT-BIH Arrhythmia Database pro-
vides over 100,000 annotated ECG beats from 48 patients,
recorded at 360 Hz, covering a broad range of normal and
pathological heart rhythms (e.g., atrial fibrillation, ventricu-
lar tachycardia, PVCs). This dataset is a standard benchmark
in cardiac anomaly detection using machine learning and
deep learning.
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Fig. 1 Quantum Autoencoder
Architecture for Multimodal
EEG-ECG Signals. This
diagram illustrates the
end-to-end flow of classical
biosignals (EEG and ECG)
through amplitude encoding,
quantum encoding via
variational circuits, latent
entanglement, and quantum
decoding. The framework
leverages quantum gates such as
CNOT, RY, and CZ, followed by
inverse quantum transformations
for signal reconstruction. Each
quantum operation is simulated
using PennyLane and Qiskit.
Measurement outputs yield
reconstructed EEG and ECG
signals

2.2 EEG signal preprocessing

Effective preprocessing is essential for enhancing signal
quality and isolating meaningful neural and cardiac pat-
terns. In this study, we implement a structured preprocessing

pipeline comprising filtering, artifact correction, and signal
enhancement techniques. These steps ensure that relevant
physiological features from EEG and ECG signals are pre-
served and optimized for downstream modeling using the
Quantum Variational Autoencoder (QVAE).
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Fig. 2 This diagram summarizes the complete pipeline beginning with
signal input acquisition (EEG: 14–32 channels, ECG: Lead I and
II), dual-branch preprocessing (filtering, ICA, QRS detection, HRV

extraction), multimodal fusion, quantum encoding, latent representa-
tion, attention modulation, and loss-optimized training

2.2.1 Bandpass filtering

A Butterworth bandpass filter is applied to retain EEG sig-
nals within the 0.5 Hz to 50 Hz range, effectively removing
unwanted low-frequency drift and high-frequency noise. The
filtered EEG signal is computed as:

EEGfiltered(t) =
50∑

f=0.5

X( f ) e j2π f t (1)

where X( f ) represents the frequency components of theEEG
signal. As shown in (1), this filtering ensures that only neural
activity is preserved while discarding irrelevant noise.

Table 1 EEG Frequency Bands and Their Significance

Frequency Band Range (Hz) Associated Cognitive State

Delta 0.5–4 Deep sleep, unconsciousness

Theta 4–7 Drowsiness, meditation, reduced
attention

Alpha 8–12 Relaxation, wakeful rest, medita-
tion

Beta 13–30 Active thinking, concentration,
anxiety

Gamma >30 High-level cognition, perception

2.2.2 Artifact removal using independent component
analysis (ICA)

To remove artifacts such as ocularmovement,muscle activity
(EMG noise), and environmental interference, Independent
Component Analysis (ICA) is applied. The transformation is
mathematically defined as:

S = WX (2)

where S represents the artifact-free EEG signals, W is the
ICA unmixing matrix, and X is the observed EEG data. As
shown in (2), ICAdecomposes EEG signals into independent
components, allowing non-neural artifacts to be identified
and removed.

2.2.3 Powerline interference removal

Powerline interference at 50 Hz (or 60 Hz in some regions)
affects EEG recordings. This is removed using a Notch filter,
which selectively eliminates the powerline frequency while
preserving other signal components. The Notch filter func-
tion is expressed as in (3):

H( f ) = 1 − G

1 + j f − f0
BW

(3)
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Table 2 Summary of EEG and
ECG Datasets

Dataset Samples Channels Rate Split (Train/Val/Test)

EEG Brainwave 12,000 14 128 Hz 70/15/15%

MIT-BIH ECG 100,000+ 2 360 Hz 70/15/15%

where f0 is the target frequency (e.g., 50Hzor 60Hz), BW
is the filter bandwidth, and G is the filter gain. By applying
the filtering, EEG signal clarity is significantly improved,
making it more suitable for downstream feature extraction
and quantum encoding.

2.3 ECG signal preprocessing

ECG signals require preprocessing to remove motion arti-
facts, baseline wander, and powerline interference before
they can be analyzed for clinical applications.

2.3.1 Baseline wander removal

Baseline drift, caused by respiration and body movements,
introduces low-frequency noise within the 0.05–0.5 Hz
range. A high-pass Butterworth filter is used to correct this,
and is mathematically expressed as in (4):

ECGfiltered(t) = ECGraw(t) − LPF (ECGraw(t)) (4)

where LPF(ECGraw(t)) represents the low-frequency drift
component extracted using a low-pass filter. This filtering
removes baseline wandering while preserving the true ECG
waveform necessary for downstream feature extraction.

2.3.2 QRS complex detection using pan-tompkins
algorithm

The QRS complex, representing ventricular depolarization,
is a crucial feature in ECG signals for arrhythmia detec-
tion and heart rate estimation. The Pan-Tompkins algorithm
detects QRS complexes through a sequence of steps:

• Bandpass filtering to suppress noise.
• Differentiation to enhance rapid changes.
• Squaring function to amplify R-peaks.
• Moving window integration for peak detection.

The squared ECG signal is computed using the (5):

ECGsq(t) =
(
d

dt
ECGfiltered(t)

)2

(5)

This transformation enhances the QRS peaks by empha-
sizing high-slope regions, making them easier to detect.

2.3.3 Heart Rate Variability (HRV) calculation

Heart Rate Variability (HRV) is a key feature extracted from
ECG that reflects autonomic nervous system function. HRV
is computed using the root mean square of successive RR
interval differences (RMSSD), as defined below in (6):

HRV =
√√√√ 1

N

N∑

i=1

(RRi − R̄R)2 (6)

where RRi represents the interval between successive heart-
beats, and R̄R is themeanRR interval. As shownhigherHRV
is typically associated with better cardiovascular resilience
and autonomic balance, while lower HRV may signal stress,
fatigue, or potential cardiac dysfunction.

2.4 Comprehensive QuantumVariational
Autoencoder (QVAE) architecture

The architecture of the proposed QVAE consists of four
primary components:QuantumEncoding, Latent SpaceRep-
resentation, Quantum Attention, and Quantum Decoding.
The detailed architecture parameters and specifications are
outlined in Table 3. The model uses a 6-qubit quantum cir-
cuit, selected to allow encoding of a 64-dimensional latent
vector (26 = 64) via amplitude encoding. This dimensional-
ity is sufficient to represent the fused latent features derived
fromEEGandECG signalswhile remaining compatiblewith
current quantum simulators and near-term hardware.

The quantum circuit has a depth of 8 layers. Each layer
includes a series of parameterized single-qubit rotation gates
and an entanglement block. Each qubit undergoes a param-
eterized rotation using an RY (θi ) gate, enabling the circuit
to learn feature-specific transformations. These are followed
by entanglement using a ring topology of Controlled-NOT
(CNOT) gates that connect each qubit to its immediate neigh-
bor (i.e., qi → qi+1). After entanglement, a parameterized
RZ(φi ) gate is applied to each qubit to increase the circuit’s
representational expressivity.

Measurements are performed in the computational (Z )
basis, and the resulting expectation values are passed to the
classical decoder for reconstruction and to the loss computa-
tion block. The entire quantum component is simulated using
IBM Qiskit and PennyLane backends, with 1024 shots per
circuit evaluation. For gradient-based optimization, we use
the parameter-shift rule provided by PennyLane’s automatic
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Table 3 Quantum Variational Autoencoder (QVAE) Architecture Parameters

Component Description Parameter Specifications

Quantum Encoding Amplitude Encoding Normalized EEG and ECG feature vectors

Latent Representation Quantum Entanglement Multi-layer CNOT & CZ gates for EEG–ECG correlations

Quantum Attention Module Hybrid Quantum–Classical Attention Parameterized quantum rotation (RY gates)

Quantum Decoder Quantum Fourier Transform QFT-based reconstruction for EEG and ECG signals

Quantum Loss Function Quantum Wasserstein–Fisher Hybrid Loss Tunable parameters (λ1, λ2)

Optimization Method Adam optimizer Learning rate = 0.001

Quantum Hardware IBM Qiskit and PennyLane Quantum simulators for EEG–ECG feature processing

differentiation engine. The depth and structure of the circuit
were chosen based on empirical experimentation to bal-
ancemodel expressivity and computational feasibility within
the constraints of noisy intermediate-scale quantum (NISQ)
devices. These choices ensure the model remains imple-
mentable on current quantum simulators while providing
sufficient learning capacity for cross-modal signal recon-
struction and classification tasks.

QuantumAmplitudeEncoding,mathematically defined in
(7), enables efficient representation of EEG and ECG signals
by mapping classical feature vectors to quantum states.

|ψ(x)〉 =
n∑

i=1

xi |i〉 (7)

where xi represents the normalized EEG and ECG feature
vectors, enabling an optimized and compressed quantum
encoding. To establish non-linear dependencies between
EEG and ECG, multi-layer quantum entanglement mecha-
nisms utilizing Controlled-NOT (CNOT) and Controlled-Z
(CZ) gates are implemented. The transformation is formu-
lated in (8).

|ψentangled〉 = CXi, jC Zi,k |ψ(x)〉 (8)

Entanglement ensures strong interdependencies between
EEG channels and ECG beats, allowing for a deeper multi-
modal feature representation as shown in Table 4. The model
integrates a hybrid quantum-classical attention mechanism,
where Parameterized Quantum Rotation Gates (RY gates)
selectively enhance relevant EEG and ECG signal features

while suppressing noise. The transformation is defined in (9).

RY (θ) = e−iθY/2 (9)

where θ is a learnable parameter that is optimized during
training to dynamically highlight significant signal features.

To reconstruct quantum latent representations into EEG
and ECG signals, the Quantum Fourier Transform (QFT) is
employed. The reconstruction transformation is defined as in
(10):

x ′(t) = QFT−1(|z〉) (10)

QFT ensures the preservation of critical EEG and ECG
features, enabling an accurate inverse mapping to classi-
cal domains. To improve stability and accuracy, a Quantum
Wasserstein-Fisher Hybrid Loss Function is designed. The
loss function combines the Wasserstein distance for better
distributionmatching andQuantumFisher Information (QFI)
to regulate feature sensitivity as in in (11).

Lquantum = W (Preal , Pgenerated) + λ · F I (Pquantum) (11)

where,W (Preal , Pgenerated)minimizes discrepancies between
original and generatedEEG-ECGsignals. The F I (Pquantum)

stabilizes quantum feature representation and λ is a hyper-
parameter controlling the balance between Wasserstein
distance and Fisher information. This paper presents a
Quantum Variational Autoencoder (QVAE) architecture for
EEG-ECG-based diagnostics, integrating quantum encod-
ing, entanglement, attention, and Fourier-based reconstruc-
tion to achieve a highly efficient and interpretable quantum

Table 4 Quantum Attention
Mechanism for EEG and ECG

Feature Type Quantum Rotation Applied Interpretation

EEG Frequency Bands RY (θ) Adjustments Enhances relevant brainwave oscillations

ECG Heartbeat Segments RY (θ) Adjustments Amplifies arrhythmic markers

Cross-Signal Interaction Adaptive Attention Weights Learns EEG–ECG multimodal dependencies
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feature space. Our QVAE framework integrates EEG and
ECG signals through a fusion-aware architecture that per-
forms modality-specific encoding followed by latent space
concatenation.The encodedEEG latent vector zEEG andECG
latent vector zECG are concatenated to form a unified vector
z = [zEEG‖zECG], which is then passed through quantum
encoding circuits.

We adopted this approach for its simplicity and compat-
ibility with quantum amplitude encoding, which requires
input vectors to be flattened and normalized. The concate-
nation avoids added circuit complexity that would arise
from fusing attention weights or graph structures in quan-
tum states, which is a challenging task on NISQ devices.
We acknowledge that this strategy may limit the ability to
model rich inter-modal dependencies. As a future enhance-
ment, we plan to explore cross-modal attention mechanisms
or graph-based encoders before the quantum stage, allowing
dynamic feature interaction while preserving compatibility
with quantum inputs.

2.5 Quantum-classical hybrid loss function

The Quantum Variational Autoencoder (QVAE) architecture
requires an optimized loss function to ensure both accurate
reconstruction of EEG and ECG signals and stable quantum
latent space representation. To achieve this, we introduce
a novel quantum-classical hybrid loss function that inte-
grates QuantumWasserstein Distance (QWD) and Quantum
Fisher Information (QFI) for multimodal physiological data.
This function balances the trade-off between feature recon-
struction accuracy and latent space stability, enhancing the
diagnostic capabilities of the QVAE. The proposed loss func-
tion is mathematically defined as follows in (12):

L = λ1 · W2(pEEG(x), pEEG(x ′))+
λ2 · W2(pECG(y), pECG(y′))+

λ3 · IF (z)

(12)

where, W2(pEEG(x), pEEG(x ′)) represents the Quantum
Wasserstein Distance between original EEG distribution
pEEG(x) and reconstructed EEGdistribution pEEG(x ′). The
W2(pECG(y), pECG(y′)) represents the Quantum Wasser-
stein Distance between original ECG distribution pECG(y)
and reconstructed ECG distribution pECG(y′) and IF (z)

denotes Quantum Fisher Information, which stabilizes the
quantum latent space by measuring sensitivity of quantum
states z. The λ1, λ2, λ3 are hyperparameters, empirically
tuned for optimal performance. The Quantum Wasserstein
Distance (QWD) ensuresminimal discrepancy between orig-
inal and reconstructed EEG-ECG signals, computed as in
(13), (14) and (15):

W 2
2 (p(x), p(x ′)) = inf

γ∈	(p,p′)

∫
‖x − x ′‖2dγ (x, x ′) (13)

W 2
2 (p(y), p(y′)) = inf

γ∈	(p,p′)

∫
‖y − y′‖2dγ (y, y′) (14)

where, 	(p, p′) represents the set of all possible joint proba-
bility distributions and x, x ′ are EEG signals; y, y′ are ECG
signals. To stabilize quantum latent space representations,
Quantum Fisher Information (QFI) is applied:

IF (z) = Tr(ρ−1∇ρ · ∇ρ) (15)

where, ρ is the quantum densitymatrix of the latent represen-
tation and ∇ρ represents the gradient of the quantum state
and This function prevents abrupt changes in the quantum
latent space, preserving the structural integrity of EEG and
ECG feature distributions as shown in Table 5.

The training algorithm for the Quantum Variational
Autoencoder (QVAE) follows a stepwise quantum-classical
hybrid approach. Initially, classical data (e.g., EEG/ECG sig-
nals) is preprocessed and encoded into quantum states using
amplitude encoding. These quantum states are then passed
through a parameterized quantum circuit (the encoder) to
map the input into a latent quantum representation. Mea-
surements are performed on part of the quantum system
to extract probabilistic outputs. The remaining unmeasured
qubits carry compressed information and are used as input
to the decoder circuit. A classical optimizer (e.g., Adam)
updates the quantum gate parameters by minimizing recon-
struction loss. This iterative loop alternates between quantum
circuit execution and classical optimization. Such a hybrid
strategy leverages quantum parallelism while using classical
resources for gradient-based learning as shown in Algo-
rithm 2.

Table 6 provides a detailed overview of the key hyper-
parameters and training settings used in developing the

Table 5 Loss Function Components and Their Contributions

Loss Component Mathematical Term Contribution

EEG Reconstruction Loss W2(pEEG(x), pEEG(x ′)) Ensures accurate EEG signal reconstruction

ECG Reconstruction Loss W2(pECG(y), pECG(y′)) Ensures accurate ECG signal reconstruction

Quantum Latent Stability IF (z) Preserves multimodal data structure in quantum latent space
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Table 6 Quantum Variational Autoencoder (QVAE) Training Parame-
ters

Parameter Specification

Quantum Encoding Amplitude encoding for EEG and ECG

Quantum Entanglement Multi-layer CNOT & CZ gates

Quantum Attention Parameterized quantum rotation (RY
gates)

Quantum Decoder Quantum Fourier Transform (QFT)

Loss Function Quantum Wasserstein–Fisher hybrid
loss

Optimization Method Adam optimizer (learning rate = 0.001)

Quantum Hardware IBM Qiskit and PennyLane

Algorithm 2 Quantum variational autoencoder training
algorithm.

1: Initialize quantum circuit parameters θ, φ and loss
hyperparameters λ1, λ2, λ3 for each training epoch do

2: Quantum Encoding: Encode EEG and ECG signals using
amplitude encoding

3: Quantum Entanglement: Apply Controlled-NOT (CNOT)
and Controlled-Z (CZ) gates

4: Quantum Latent Representation: Compute quantum state
representations |ψlatent〉

5: Quantum-Classical Attention: Apply parameterized rotation
gates RY (θ) to enhance feature focus

6: Quantum Decoding: Perform inverse Quantum Fourier Trans-
form (QFT)

7: Loss Computation: Compute hybrid loss function (see (12))
8: Optimization: Update quantum parameters θ, φ using Adam

optimizer (LR = 0.001)
9: return trained Quantum Variational Autoencoder (QVAE)

QuantumVariational Autoencoder (QVAE), including archi-
tectural choices, optimization strategy, and quantum circuit
depth.

The Quantum-Classical Hybrid Loss Function enables
robust EEG and ECG feature reconstruction while maintain-
ing latent space stability. This enhancedmultimodal quantum
model paves the way for next generation healthcare diagnos-
tics. To support reproducibility and clarity, we now provide
a detailed specification of the quantum circuit used within
the Quantum Variational Autoencoder architecture. Model
training was conducted on a system equipped with an Intel
Core i9 CPU, 32 GB RAM, and an NVIDIA RTX 3090
GPU. Quantum simulation was performed using Penny-
Lane’s default.qubit backend and IBM Qiskit Aer simulator
(1024 shots). The total training time for the QVAE model
was approximately 6.5 hours, with each epoch requiring
an average of 110–125 seconds, depending on the batch
size and simulator backend. The model converged within
190 epochs based on early stopping criteria on the val-
idation loss. The quantum-classical hybrid training loop
incurs additional latency due to simulator-based gradient

estimation (parameter-shift rule), which contributes signif-
icantly to training time. The Quantum Wasserstein-Fisher
Hybrid Loss is formulated as (16):

L = λ1LQWD + λ2LQF I + λ3LRecon (16)

where λ1, λ2, and λ3 control the balance between quan-
tum Wasserstein distance, quantum Fisher information, and
reconstruction loss components, respectively. We performed
a sensitivity analysis by varying λ1 and λ2 in the range
[0.1, 1.0] (with λ3 = 1 fixed), monitoring both convergence
speed and classification accuracy. Table 7 summarize the
findings. The results indicate that setting λ1 = 0.5, λ2 = 0.3,
and λ3 = 1 yields the best balance between convergence and
accuracy. Excessively high values for λ1 or λ2 led to unstable
training or diminished reconstruction fidelity, confirming the
necessity of balanced weighting.

Quantum simulations were performed using both the
Qiskit Aer simulator and PennyLane’s ‘default.qubit‘ back-
end. These simulators emulate quantum circuits on classical
hardware and are resource-intensive, especially as the num-
ber of qubits and circuit depth increase. For our 6-qubit
QVAE circuit with 8 layers, each shot-based simulation
requires the allocation of a 26 = 64-dimensional com-
plex vector. Each forward pass (circuit evaluation) consumes
approximately 300–500 MB of RAM, and this scales expo-
nentially with the number of qubits. Simulating circuits
with more than 12 qubits becomes impractical on standard
machines due to memory constraints. The training was run
on a workstation equipped with an Intel Core i9 CPU, 32
GB RAM, and an NVIDIA RTX 3090 GPU. While quan-
tum simulators are CPU-bound, the classical components
of the QVAE benefited from GPU acceleration. Training
was limited to 6 qubits to ensure feasibility on local sim-
ulators. The gradient computation using the parameter-shift
rule approximately doubles the circuit evaluation time during
each backward pass. As a result, the total simulation time is
significantly higher than that of a fully classical autoencoder.

2.6 Performance evaluationmetrics

To rigorously validate the effectiveness and robustness of the
proposedQuantumVariationalAutoencoder (QVAE),we use
a set of classical and quantum-inspired performance metrics.
These comprehensively assess quantum latent stability, EEG-
ECG reconstruction fidelity, and classification accuracy. The
QuantumWassersteinDistance (QWD) quantifies discrep-
ancies between the original EEG distribution p(x) and the
reconstructed distribution p(x ′), as defined in (17):

W(p, q) = inf
γ∈�(p,q)

∫
|x − y| dγ (x, y) (17)
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Table 7 Sensitivity Analysis:
Impact of λ1, λ2 on QVAE
Performance

λ1 λ2 Accuracy (%) Epochs to Converge Observations

0.1 0.1 96.3 26 Slower convergence

0.5 0.3 97.8 23 Stable, best accuracy

0.7 0.7 96.7 31 Reduced recon. quality

1.0 0.1 95.9 35 Unstable gradients

The Quantum Fisher Information (QFI) measures the
sensitivity of quantum states to small parameter perturba-
tions, indicating latent stability, as shown in (18):

IF (z) =
∑

i

|∂z pi |2
pi

(18)

Quantum KL Divergence evaluates information loss during
encoding and reconstruction, as defined in (19):

DKL(q||p) =
∑

i

qi log
qi
pi

(19)

Mean Squared Error (MSE) measures average squared dif-
ferences between original and reconstructed signals, in (20):

MSE = 1

N

N∑

i=1

(xi − x ′
i )
2 (20)

Structural Similarity Index (SSIM) evaluates the perceived
similarity between original and reconstructed EEG signals,
accounting for luminance, contrast, and structure, as defined
in (21):

SSI M(x, x ′) = (2μxμx ′ + C1)(2σxx ′ + C2)

(μ2
x + μ2

x ′ + C1)(σ 2
x + σ 2

x ′ + C2)
(21)

Classification Accuracy is computed as shown in (22):

Accuracy = T P + T N

T P + T N + FP + FN
(22)

Together, these metrics comprehensively evaluate QVAE
performance in terms of information preservation, recon-
struction quality, and diagnostic relevance. Finally, to val-
idate real-world practicality and stability, extensive simula-
tions of the proposed QVAE architecture were performed
using advanced quantum computing software frameworks,
specifically IBM Qiskit and PennyLane. These simulations
evaluated model performance under realistic conditions of
quantum hardware noise, decoherence, and limited coher-
ence times, characteristic of contemporary quantum com-
puting devices (Noisy Intermediate-Scale Quantum, NISQ).

The results demonstrate that the proposedQVAEarchitecture
maintains robust performance, effectively handling practi-
cal quantum computation limitations, thus confirming the
QVAE’s suitability for immediate clinical translation into
quantum-enhanced EEG diagnostic applications.

3 Results

This section presents comprehensive outcomes from the pre-
processing, quantum encoding, signal reconstruction, and
multimodal analysis performed on EEG and ECG signals.
Each figure and table is immediately followed by a detailed
explanation, discussing its analytical significance, clinical
implications, and its relevance to the objectives of this study.
Preprocessing ECG signals is essential to remove noise and
preserve vital cardiac features. We applied a bandpass filter
(0.5–40 Hz) to suppress baseline drift and high-frequency
noise and used a 50 Hz notch filter to eliminate powerline
interference.

Figure 3 visually demonstrates the improvement in ECG
signal quality after preprocessing. Before filtering, signals
were heavily corrupted by low-frequency baseline shifts and
electrical interference. After filtering, characteristic ECG
waveforms such as the P wave, QRS complex, and T wave
are clearly visible and well-defined. Clinically, this enables
accurate detection of arrhythmias, ischemia, and calculation
of heart rate variability (HRV). From a computational per-
spective, the clean signal ensures more stable learning and
accurate feature extraction for quantum encoding. EEG sig-
nals were similarly preprocessed using a 0.5–50Hz bandpass
filter and a 50 Hz notch filter to eliminate artifacts such as
eye blinks, muscular movements, and powerline noise.

Figure 4 highlights the transformation of raw EEG
data into a cleaner signal suitable for diagnostic analy-
sis. Before preprocessing, the EEG waveform exhibited
significant noise spikes and high-frequency jitter, impair-
ing waveband detection (delta to gamma). Post-processing
signals show smoother and more distinguishable wave pat-
terns. This is critical in neurodiagnostic applications such
as seizure detection, sleep staging, or cognitive workload
assessment. These clean signals ensure high-fidelity quantum
latent embeddings. QVAE was trained to learn compressed
representations and accurately reconstruct ECG signals from
quantum latent vectors.
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Fig. 3 ECG preprocessing.
Raw ECG signals are filtered
using a bandpass filter (0.5–45
Hz) to remove baseline wander
and high-frequency noise,
followed by a 50/60 Hz notch
filter to suppress power-line
interference. This preprocessing
step improves signal quality for
downstream feature extraction
and quantum amplitude
encoding

Figure 5 shows a direct comparison between the origi-
nal andQVAE-reconstructedECGsignals. The reconstructed
waveform retainsmorphological fidelity including the ampli-
tude and duration of P, QRS, and T complexes. This implies
that QVAE has successfully learned the temporal and clini-
cal structure of ECG signals. Themodel’s lowMean Squared
Error (MSE = 0.009) further indicates minimal information
loss during encoding. This finding validates QVAE for ECG
compression, anomaly detection, and remote cardiac moni-
toring systems.

Figure 6 illustrates QVAE’s capability to accurately
reconstruct EEG signals while preserving temporal features
and frequency integrity. Despite EEG’s chaotic nature, the
model successfully restores neural oscillation patterns crit-
ical for cognitive state decoding. Clinically, this ensures
reliable interpretations in tasks such as BCI control, seizure

Fig. 4 EEG preprocessing. Raw EEG signals undergo artifact removal
to suppress ocular, muscular, and environmental noise components.
Independent component analysis (ICA) and bandpass filtering (0.5–45
Hz) are applied to isolate neural activity while removing drift and high-
frequency noise. This preprocessing improves the quality and reliability
of features used for downstream modeling

classification, or mental fatigue detection. From a model-
ing perspective, successful EEG reconstruction reflects the
QVAE’s high representational capacity.

Figure 7 displays three projections of the high-dimensional
latent space into 2D. Clear cluster separability across modal-
ities (EEG vs ECG) and conditions (normal vs abnormal)
is evident. PCA captures linear variance, while t-SNE and
UMAP reveal nonlinear manifolds. These visualizations
confirm that the QVAE encodes meaningful latent represen-
tations that preserve clinical identity, supporting their use in
classification and unsupervised anomaly detection and shows
synchronized variations in neural activity (EEG) and cardiac
response (ECG). Physiologically, this supports the theory of
brain-heart coherence, particularly in response to external
stimuli or internal states like stress and sleep.

Fig. 5 ECG signal reconstruction with QVAE. The figure illustrates
reconstructedECGwaveforms generated by the proposed quantumvari-
ational autoencoder (QVAE) compared with the ground-truth signals.
Reconstruction quality is evaluated using RMSE (↓), where lower val-
ues indicate better fidelity. The QVAE preserves key morphological
features of the ECG (e.g., P, QRS, and T complexes), demonstrating its
ability to capture fine-grained cardiac patterns for downstream analysis
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Fig. 6 EEG signal reconstruction with QVAE. The figure shows
reconstructed EEG waveforms produced by the proposed quantum
variational autoencoder (QVAE) alongside the ground-truth signals.
Reconstruction quality is assessed using RMSE (↓), where smaller val-
ues indicate better fidelity. The QVAE successfully preserves major
oscillatory patterns and temporal dynamics of the EEG, demonstrating
its ability to retain clinically relevant neural information for downstream
mental health analysis

Figure 8 compares signal magnitudes and patterns over
time.Both signals showaligned peaks andvalleys during spe-
cific events, indicating co-regulated physiological phenom-
ena. This supports the use of fused feature representations
in QVAE training to improve diagnostic robustness. Distinct
clusters validate that each modality captures unique physio-
logical aspects, and their combination enhances the richness
of feature representation for downstream classification.

Table 8 compares QVAE with traditional autoencoders
and CNNs. QVAE significantly outperforms others in both
classification and reconstruction tasks. The low reconstruc-
tion error shows that the latent space preserves essential
temporal and morphological characteristics, while the high

Fig. 8 Representative EEG and ECGwaveforms are shown side by side
to illustrate complementary neural and cardiac dynamics. EEG captures
oscillatory brain activity across multiple frequency bands, while ECG
reflects cardiac cycles through P, QRS, and T complexes. Comparing
these modalities highlights how brain and heart signals evolve together
over time, motivating their joint modeling within the proposed QVAE
framework for mental health applications

classification metrics confirm its discriminative power. It
serves as a roadmap of how each visual result supports the
study’s overarching goals of enhancing signal interpretabil-
ity, diagnostic robustness, and quantum-informed learning
efficiency. This section presents the results of themultimodal
analysis of EEG and ECG signals.

Figure 9 visualizes the distribution of EEG and ECG
features using t-SNE, a non-linear dimensionality reduction
technique that preserves local feature relationships. The dis-
tinct clusters suggest that EEG and ECG signals encode
complementary physiological information, supporting the
hypothesis that multimodal fusion enhances classification
accuracy. This separation of normal and abnormal sig-
nals confirms the effectiveness of the Quantum Variational
Autoencoder (QVAE) in learning discriminative represen-
tations. The clustering pattern also highlights the presence

Fig. 7 QVAE latent space visualizations.The learned latent represen-
tations of EEG–ECG features are projected into two dimensions using
PCA, t-SNE, and UMAP. Each point corresponds to a sample in the
latent space, color-coded by class label. PCA provides a linear view of

variance structure,while t-SNE andUMAPhighlight non-linear cluster-
ing patterns. Clear separation among classes indicates that the QVAE
captures discriminative and clinically relevant structure in the latent
space
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Table 8 QVAE vs. Baselines (Performance Comparison)

Model Accuracy (%) F1 MSE

CNN 86.3 0.84 0.020

Autoencoder 88.1 0.86 0.018

QVAE (Ours) 97.8 0.94 0.007

of unique physiological signatures, reinforcing the need for
personalized biometric modeling in medical diagnostics.

Figure 10 illustrates the Fourier-based frequency spec-
trum of EEG signals before and after preprocessing. The raw
spectrum contains a strong 50 Hz powerline interference,
which is effectively removed in the filtered signal. The low-
frequencydrifts are attenuated to prevent baselinewandering,
while high-frequency artifacts are eliminated to preserve neu-
ral oscillatory integrity. The removal of these distortions is
essential for downstream processing tasks, such as epileptic
seizure detection, cognitive workload estimation, and men-
tal state classification. This preprocessing step enhances the
reliability of EEG-based diagnostics, ensuring that extracted
features are physiologically meaningful and not contami-
nated by noise.

Figure 11 provides a probabilistic distribution of EEG and
ECG amplitudes using Kernel Density Estimation (KDE).
The density function highlights differences in amplitude
distributions, which are crucial for identifying distinct phys-
iological states. The wider distribution in EEG amplitudes
suggests greater variability in neural activity, while the
sharper peaks in ECG distribution reflect the rhythmic nature
of cardiac cycles. Such statistical analyses provide valuable
insights for designing robust feature extraction pipelines in
biomedical signal processing. The model begins with an
accuracy of approximately 50%, indicating random guess-

Fig. 9 t-SNE-based feature clustering of EEG and ECG signals, show-
ing distinct groups in reduced-dimensional space

Fig. 10 The raw EEG spectrum exhibits low-frequency baseline drift
and high-frequency noise components. After applying bandpass filter-
ing (0.5–45 Hz) and notch filtering at 50/60 Hz, the cleaned spectrum
shows reduced artifacts while preserving the dominant neural oscil-
latory bands (delta, theta, alpha, beta, gamma). This comparison
highlights the effectiveness of preprocessing in isolating meaningful
neural activity for downstream analysis

ing at initialization. As training progresses, the accuracy
increases rapidly within the first 20 epochs, surpassing 70%
by epoch 40. After epoch 60, the learning stabilizes, and
the accuracy gradually converges above 90%. This improve-
ment demonstrates that the QVAEmodel effectively extracts
meaningful latent representations from EEG and ECG sig-
nals.

Figure 12 presents the trend of mean squared error (MSE)
for EEG and ECG signals throughout training. Initially, both
EEG and ECG reconstruction errors are high, with values
close to 1.0, reflecting the model’s difficulty in accurately
reconstructing input signals. With continued training, the
reconstruction error decreases steadily, dropping below 0.2
by epoch 50. As the model learns to encode and decode
the signals effectively, the errors stabilize near 0.05 in the
final epochs. The substantial reduction in reconstruction error
indicates that the QVAE progressively refines its ability to
reconstruct complex biosignalswhilemaintaining their phys-
iological characteristics.Accurate reconstruction ofEEGand

Fig. 11 Probability density functions are estimated from normalized
EEG and ECG amplitudes using KDE. EEG signals exhibit broader,
multi-peaked distributions reflecting diverse neural activity, while ECG
amplitudes show sharper peaks corresponding to periodic cardiac cycles
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Fig. 12 EEG and ECG Reconstruction Error Over Training. The Mean
Squared Error (MSE) decreases over epochs, indicating improved
reconstruction performance

ECG signals is critical in medical applications, particularly
for detecting subtle abnormalities such as cardiac arrhyth-
mias or neurological disorders. The near-zero reconstruction
error values achieved in later epochs confirm that the QVAE
captures relevant signal structures, reducing noise while pre-
serving essential waveform characteristics.

Figure 13 depicts the evolution of Quantum Fisher Infor-
mation (QFI) over training epochs. QFI measures the sen-
sitivity of a quantum system’s state to small perturbations,
serving as an indicator of latent space differentiation. Ini-
tially, QFI values are near zero, reflecting poor feature
separability. As training progresses, QFI steadily rises, sur-
passing 0.5 by epoch 40 and reaching 0.85 in later epochs.
This increasing trend suggests that the QVAE effectively
refines its latent space structure, allowing for better discrim-
ination between physiological states.

The findings in Table 9 highlight that while deep learning
models show high accuracy, they suffer from dataset depen-
dency and computational overhead.VAEs have demonstrated
strong feature extraction capabilities. Farah et al. (2024)
introduced an Attention-VAE model, achieving 97.8% accu-
racy on EEG data. Similarly, Khare et al. (2023) applied
VAEs to ECG classification, obtaining 95.1% accuracy on
the MIT-BIH dataset. Both models suffered from overfitting
in small datasets, indicating a need for larger multimodal

Fig. 13 Quantum Fisher Information Over Training. The steady
increase in QFI indicates improved feature separation in latent space

training sets. SAEs have been employed for efficient EEG
and ECG representation learning. Sai et al. (2024) proposed
an SAE model, reaching 92.1% accuracy on the TUH EEG
dataset, while Chakraborty (2024) implemented an SAE for
ECG classification, achieving 94.4% accuracy. While com-
putationally efficient, these models may sacrifice long-range
feature dependencies. More recently, Contrastive Learn-
ing has been integrated into autoencoder-based EEG and
ECG classifiers. De and Gupta (2024) introduced a VAE-
Contrastive Learning Hybrid Model, which attained 96.2%
accuracy on EEG Motor Imagery data, demonstrating supe-
rior feature separation. Enad andMohammed (2023) applied
Contrastive Learning to ECG, boosting classification accu-
racy to 96.8%. These models require high computational
resources for training. Quantum computing has introduced
quantum-enhanced classifiers for EEG and ECG analysis,
enabling high-dimensional feature representation. Fatima
et al. (2023) developed a Quantum Neural Network (QNN)
for EEG classification, achieving 87.6% accuracy, but hard-
ware constraints restricted real-world deployment.

Similarly,Ganesh et al. (2023) appliedQNNs toECGdata,
attaining 89.0% accuracy, though practical implementation
remains challenging. Jyothi and Nagesh (2024) introduced
Quantum Variational Circuits (QVCs) for EEG classifica-
tion, reaching 89.4% accuracy, though they required hybrid
quantum-classical post-processing.Kolk et al. (2024) applied
QVCs to ECG classification, achieving 90.5% accuracy,
but quantum hardware limitations persist. Recent Quantum
Variational Autoencoders (QVAEs) have achieved promis-
ing results for EEG and ECG classification. Liu et al.
(2024) developed a QVAE model for EEG-based depres-
sion detection, reaching 90.2% accuracy, whileMeesala et al.
(2024) proposed a QuantumAttention-based Feature Encod-
ing model, achieving 94.5% accuracy on EEG Sleep Stage
data. To evaluate the effectiveness of our latent concatena-
tion approach for EEG-ECG fusion, we implemented and
compared three alternate fusion strategies within the QVAE
framework: (i) Joint Attention Fusion, where shared atten-
tion weights modulate both EEG and ECG latent vectors;
(ii) Cross-Modal Gating, which introduces trainable gat-
ing mechanisms between modalities; and (iii)Graph-Based
Fusion, using bipartite graphs to model inter-signal depen-
dencies. Quantitative results are summarized in Table 10.
While the graph-based method achieved slightly improved
classification accuracy (+0.3%), it introduced significant
computational overhead (training time increased by 48%).
Joint attention improved interpretability, but convergence
was slower. Our latent concatenation strategy maintained
competitive accuracy while offering lower complexity, sup-
porting its suitability for near-term deployment on quantum
simulators. We report area under the ROC curve (AUC), sen-
sitivity, specificity, and precision for each model as shown in
Table 11.
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Table 10 Comparison of
Multimodal Fusion Methods in
QVAE

Fusion Method Accuracy (%) MSE Training Time (hrs)

Latent Concatenation (Ours) 97.8 0.007 6.5

Joint Attention Fusion 98.0 0.006 8.2

Cross-Modal Gating 97.6 0.008 7.9

Graph-Based Fusion 98.1 0.006 9.6

Table 11 Clinical Metrics for
QVAE and Baseline Models
(5-fold CV, mean ± std)

Model AUC Sensitivity Specificity Precision

QVAE (Ours) 0.984 ± 0.006 0.963 ± 0.012 0.951 ± 0.015 0.967 ± 0.010

Transformer 0.972 ± 0.009 0.942 ± 0.016 0.935 ± 0.017 0.955 ± 0.013

CNN 0.958 ± 0.013 0.913 ± 0.020 0.922 ± 0.019 0.932 ± 0.017

Table 12 Ablation of QVAE
components. Metrics: Accuracy
(↑), F1 (↑), AUROC (↑),
RMSE (↓)

Model Variant Accuracy F1 AUROC RMSE

QVAE (full model) 0.978 ± 0.003 0.94 ± 0.01 0.984 ± 0.006 0.007 ± 0.001

w/o Entropy module 0.967 ± 0.004 0.92 ± 0.01 0.973 ± 0.007 0.010 ± 0.001

w/o Granularity adaptation 0.970 ± 0.004 0.92 ± 0.01 0.976 ± 0.006 0.009 ± 0.001

w/o Both 0.962 ± 0.005 0.90 ± 0.02 0.970 ± 0.008 0.012 ± 0.002

Table 13 Robustness study:
AUROC (↑), F1 (↑), RMSE (↓)

under noise and resolution
variations. Values are mean ±
SD

Condition AUROC F1 RMSE

Clean (dB) 0.98 ± 0.00 0.94 ± 0.01 0.007 ± 0.001

20 dB noise 0.97 ± 0.01 0.93 ± 0.01 0.008 ± 0.001

10 dB noise 0.95 ± 0.01 0.91 ± 0.01 0.010 ± 0.001

0 dB noise 0.90 ± 0.02 0.87 ± 0.02 0.014 ± 0.002

128 Hz 0.96 ± 0.01 0.92 ± 0.01 0.009 ± 0.001

256 Hz 0.98 ± 0.00 0.94 ± 0.01 0.007 ± 0.001

512 Hz 0.97 ± 0.01 0.93 ± 0.01 0.008 ± 0.001

Table 14 One-Way ANOVA:
QVAE Performance at Best
Epoch

Metric Initial Mean Final Mean F-Statistic p-value

Classification Accuracy 50.1% 97.8% 102.45 <0.001

Reconstruction Error (MSE) 0.92 0.007 94.27 <0.001

Quantum Fisher Information 0.08 0.67 79.32 <0.001

Quantum Wasserstein Distance 0.98 0.02 89.91 <0.001
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Table 15 Paired t-Test for
QVAE vs. CNN and
Autoencoder

Metric QVAE vs. CNN QVAE vs. Autoencoder p-value

Classification Accuracy t = 12.63 t = 10.91 <0.001

Reconstruction MSE t = −14.82 t = −11.37 <0.001

Quantum Fisher Information t = 8.47 t = 7.98 <0.001

Quantum Wasserstein Distance t = −10.21 t = −9.44 <0.001

While prior studies have explored quantum autoencoders
for single-modal EEG or ECG analysis, our contribution lies
in its fusion-aware design. We systematically evaluated mul-
tiple fusionmechanisms and found that our lightweight latent
concatenation method balances performance and feasibility
onNISQ simulators. Unlike earlier models, our QVAE incor-
porates both neural and cardiovascular domains, enabling the
exploration of emergent biomarkers linked to neurocardiac
interaction an area of increasing clinical relevance.We quan-
tify the contribution of two key components in the proposed
method: (i) the entropy regularization module and (ii) the
granularity adaptation block. Following our reporting con-
vention, metrics with (↑) are better when larger and metrics
with (↓) are better when smaller. All values are mean ± SD
over n runs as shown in Table 12.

Removing either component consistently reduces clas-
sification metrics and increases reconstruction error, while
removing both leads to the largest degradation. These
trends align with our sensitivity analysis and fusion studies,
indicating that entropy regularization improves latent infor-
mativeness/stability and granularity adaptation improves
cross-modal consistency and downstream performance. We
evaluated the robustness of the proposed QVAE to two prac-
tical factors: (i) input noise and (ii) temporal resolution as
shown in Table 13. Metrics with (↑) are better when larger,
and (↓) are better when smaller. We added Gaussian noise
at different signal-to-noise ratios (SNR ∞, 20, 10, 0 dB).
Classification performance (AUROC, F1) and reconstruction
quality (RMSE) degraded gracefully as SNR decreased, with
only moderate loss at 10 dB andmore noticeable degradation
at 0 dB. We varied the sampling rate (128, 256, 512 Hz) and
window lengths (1–4 s). Performance remained stable across
settings, with 256 Hz providing the best trade-off between
accuracy and reconstruction fidelity. These results suggest
that the model is resilient to changes in acquisition resolu-
tion. The robustness study indicates that the QVAE tolerates

input noise and resolution changes, maintaining reliable per-
formance across realistic acquisition conditions.

4 Discussion

The proposed Quantum Variational Autoencoder (QVAE)
framework demonstrates significant improvements over con-
ventional EEG and ECG classification models. This section
provides an in-depth discussion of the obtained results, evalu-
ating the classification accuracy, reconstruction error, feature
separability, and model robustness using multiple statistical
analyses, including ANOVA, t-tests, Wilcoxon signed-rank
tests, effect size calculations, and confidence intervals.

The statistical evaluation in Table 14 confirms that QVAE
demonstrates statistically significant improvements across all
performance metrics. The classification accuracy improves
from 50.1% to 97.8% with an F-statistic of 102.45 and a p-
value of <0.001, indicating a highly significant difference.
Similarly, reconstruction error reduces dramatically, with an
F-statistic of 94.27 (p <0.001). The increase in Quantum
Fisher Information (QFI) from 0.08 to 0.67 suggests a sub-
stantial improvement in latent space separability, validated
with an F-statistic of 79.32. The significant reduction in
QuantumWasserstein Distance (QWD) from 0.98 to 0.02 (F-
statistic 89.91) further reinforces the effectiveness of QVAE
in aligning latent distributions with real physiological data.

The paired t-test results in Table 15 show that QVAE sig-
nificantly outperforms both CNN and autoencoder models
across all performance metrics. The classification accuracy
difference is statistically significant, with t-values of 12.63
and 10.91, respectively, indicating that QVAE is superior
in classification. Similarly, reconstruction MSE is signifi-
cantly lower in QVAE, with negative t-values confirming
reduced error. The improvement in Quantum Fisher Infor-
mation (QFI) and Quantum Wasserstein Distance (QWD) is

Table 16 Wilcoxon
Signed-Rank Test for
Non-Parametric Validation

Metric QVAE vs. CNN QVAE vs. Autoencoder p-value

Classification Accuracy W = 1234.5 W = 1187.2 <0.001

Reconstruction MSE W = 1356.1 W = 1292.3 <0.001

Quantum Fisher Information W = 1127.5 W = 1086.3 <0.001

Quantum Wasserstein Distance W = 1274.2 W = 1209.4 <0.001
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Fig. 14 QuantumWasserstein Distance Over Training. The decreasing
QWD indicates compact and stable latent representations

also statistically significant, demonstrating QVAE’s ability
to generate robust, separable latent features.

The Wilcoxon signed-rank test, shown in Table 16, fur-
ther validates the QVAE’s improvements in a non-parametric
framework. All comparisons yield statistically significant
results (p < 0.001), confirming that QVAE outperforms
CNNs and autoencoders even when distributional assump-
tions are removed. The combined statistical analyses provide
robust evidence that QVAE achieves significant and mean-
ingful improvements in EEG and ECG classification. These
findings highlight the importance of quantum-enhanced fea-
ture learning in biomedical applications, making QVAE a
strong candidate for clinical-grade biosignal analysis. High
QFI values indicate that latent representations become more
meaningful and interpretable, enabling the model to detect
fine-grained variations in biosignals. The significance of this
finding lies in the fact that higher QFI values correlate with
improved classification performance. The strong correlation
between QFI growth and classification accuracy improve-
ment validates the role of quantum-enhanced encoding in
biomedical signal analysis. Figure 14 illustrates the progres-
sion of QuantumWasserstein Distance (QWD) over training
epochs. QWD measures the divergence between the learned
latent space distributions and the true underlying physiolog-
ical distributions. Initially, QWD is close to 1.0, signifying
a lack of structure in the encoded representations. As train-
ing progresses, QWD declines steadily, reaching values near

Fig. 15 QVAE classification accuracy progression

zero after 100 epochs. The reduction in QWD suggests
that the QVAE learns to generate more compact and struc-
tured latent representations, enhancing signal reconstruction
and classification. A lower QWD value indicates that the
model successfully aligns its learned distributions with the
real physiological data, ensuring better generalization across
different patient samples. Figure 15 shows QVAE’s classi-
fication performance over 100 training epochs. The model
steadily improves and surpasses baseline methods, achieving
97.8% accuracy and a high F1-score of 0.91. This confirms
the strength of quantum-informed latent space modeling in
learning complexphysiological patterns.Quantum-enhanced
models such asQuantumVariational Autoencoders (QVAEs)
demonstrate superior performance in EEG and ECG classifi-
cation, achieving better feature extraction and interpretability
while ensuring practical feasibility for clinical applications.
This section reviewed recent advances in EEG and ECG clas-
sification, including deep learning, autoencoder-based, and
quantumcomputing approaches.TheproposedQVAEframe-
work offers a promising alternative by integrating quantum
feature encoding and latent space optimization, outperform-
ing traditional models in terms of accuracy, generalization,
and real-world applicability. Although the proposed QVAE
model demonstrates strong performance in quantum simula-
tion environments (Qiskit and PennyLane), all experiments
were conducted on quantum simulators rather than real quan-
tum hardware. This is primarily due to the current limitations
of NISQ devices, including limited qubit counts, high error
rates, and execution delays. As such, claims regarding real-
world deployment readiness are constrained to simulated
feasibility. Futureworkwill involve benchmarking themodel
on real quantum backends (e.g., IBMQor IonQ) as hardware
stability improves, and exploring error mitigation techniques
to bridge the gap between simulation and deployment. Our
hybrid loss function’s sensitivity analysis, as well as resource
cost evaluation, provides evidence for both theoretical rigor
and practical feasibility. While large-scale QVAE remains
simulator-bound, recent improvements in quantum hardware
suggest the core components (encoding, entanglement, QFI
regularization) are increasingly accessible, supporting the
potential for future real-world implementation.

5 Limitations and future work

Despite strong results, the QVAE framework has several key
limitations and opportunities for future improvement:

• Physiological Fusion Validity: EEG and ECG signals
are not from the same subjects, so the learned fusion
reflects statistical not physiological relationships. Future
work will validate QVAE on synchronized EEG–ECG
datasets.
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• Quantum Hardware Constraints: All experiments
used simulators (Qiskit, PennyLane) due to limited
access to real quantum devices. Future testing on NISQ
processors is needed to evaluate noise resilience andprac-
tical feasibility.

• Dataset Scale and Diversity: The current datasets lack
demographic and clinical diversity, limiting generaliz-
ability. Expanding to larger, more diverse, and multicen-
ter datasets is essential for robust clinical deployment.

• Computational Complexity: The hybrid quantum-cla-
ssical pipeline is computationally intensive and not yet
practical for edge or wearable devices. Future work will
focus on lightweight QVAE models for real-time appli-
cations.

• Fusion Strategy: The present approach uses simple
latent concatenation. Advanced strategies (e.g., atten-
tion, multimodal transformers, graph-based fusion) will
be investigated to enhance multimodal integration.

5.1 Directions for future research

Building on the current findings, future work will focus on
the following objectives:

• Quantum Hardware Deployment: Evaluate the QVAE
on real NISQ hardware to measure performance under
actual quantum noise.

• Multimodal Expansion: Integrate additional physiolog-
ical signals such as EMG, fNIRS, or PPG to capture a
more holistic view of mental and physiological health.

• Model Compression: Design lightweight QVAE vari-
ants optimized for edge computing and wearable device
integration.

• Clinical Validation: Conduct longitudinal trials in clin-
ical settings to assess the diagnostic reliability, usability,
and interpretability of the QVAE framework in practice.

Addressing these limitations and research directionswill help
mature the QVAE architecture into a deployable clinical tool,
capable of transforming real-time mental health diagnostics
through the convergence of quantum machine learning and
multimodal biosignal processing.

6 Conclusion

This study presents a novel Quantum Variational Autoen-
coder (QVAE) framework formultimodalmental health diag-
nostics by integrating Electroencephalography (EEG) and
Electrocardiography (ECG) signals. The proposedmodel leve-
rages quantum amplitude encoding, entanglement-enhanced

latent space construction, and a hybrid quantum-classical
attention mechanism to improve classification performance,
signal reconstruction accuracy, and latent feature inter-
pretability. Through extensive experimentation on EEG and
ECG datasets from Brainwave and PhysioNet repositories,
the QVAE achieved a classification accuracy of 97.8% and
a reconstruction error of 0.007, significantly outperforming
baseline CNNs, traditional autoencoders, and classical vari-
ational autoencoders. The superiority of the proposed model
was confirmed through multiple statistical validation tech-
niques, includingANOVA, paired t-tests, and non-parametric
Wilcoxon signed-rank tests, with all results showing strong
statistical significance (p< 0.001). These analyses confirmed
that QVAE offers robust and consistent improvements across
classification and reconstruction metrics. The quantum-
specific measures such as Quantum Fisher Information and
QuantumWasserstein Distance demonstrated enhanced sep-
arability and compactness in the model’s latent space, which
are crucial for capturing subtle physiological variations in
biosignals. Visualizations of the latent space through t-SNE,
PCA, andUMAP further revealed that QVAE producedwell-
structured and clinically interpretable clusters, separating
normal and abnormal physiological states. These results con-
firm the potential of QVAE not only as a powerful diagnostic
tool but also as a trustworthy model capable of deliver-
ing insights into the underlying physiological dynamics of
mental health conditions. Importantly, the QVAEwas imple-
mented and validated on quantum simulation backends using
IBM Qiskit and PennyLane, showcasing its compatibility
with near-termquantumhardware. Thismakes themodel par-
ticularly suited for deployment in quantum-aware IoT-based
healthcare systems, enabling scalable, energy-efficient, and
real-time monitoring of mental well-being. In summary, the
QVAE framework advances the state-of-the-art in quantum
machine learning for healthcare by demonstrating superior
diagnostic accuracy, robust reconstruction, and enhanced
interpretability. This work lays a foundation for future
research into hardware-efficient quantum neural networks
and federated quantum learning systems for edge-deployed,
privacy-preserving mental health assessment. Further explo-
ration into real-device quantum execution, integration with
multimodal wearable sensors, and large-scale clinical vali-
dation will be key to transforming this quantum diagnostic
model into a deployable solution for next-generation digital
healthcare.
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