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ABSTRACT

Early detection of clinical deterioration is crucial for better patient outcomes, and current
diagnostic models struggle to model the complex interactions observed in nonlinear patterns in multimodal
medical data while meeting the performance requirements for real-time operation. This paper proposes a
Real-Time Hybrid Quantum-Classical Diagnostic Framework (HQCDF) to improve early disease detection
by combining a Quantum Variational Biomarker Embedding module (QVBE), a Classical Temporal-
Clinical Learning module (CTCLM), and a novel Quantum-Classical Diagnostic Fusion mechanism
(QCDF). A semi-synthetic multimodal dataset, Med-EarlyQ, physiological time series, lab biomarkers, and
clinical scores was built to evaluate. The hybrid model has been trained using End-to-end differentiable
quantum-classical optimization via the parameter-shift rule. Results showed that HQCDF obtained 96%
accuracy, 0.93 Fl-score, and 0.95 AUROC to outperform state-of-the-art classical deep learning models
and existing hybrid approaches by 6~15% while controlling the real-time inference latency to 18 ms.
Analysis revealed that the QCDF module contributed to increased robustness against quantum noise and
missing clinical information, and to QE's increased sensitivity to subtle trends in disease in its early stages.
The results show that the proposed hybrid framework is a promising evolution, addressing the call for next-
generation, real-time, and resource-efficient diagnostic systems with great potential for early intervention
and clinical decision-support impact.

Keywords: Hybrid Quantum—Classical Diagnosis, Early Disease Detection, Quantum Variational
Circuits, Real-Time Clinical Analytics, Multimodal Biomarker Modeling, Quantum—Classical
Fusion.

1. INTRODUCTION
Early detection of disease is widely

neurodegenerative disorders, will reveal subtle
physiological deviations hours or even days before

believed to be one of the best methods to improve
clinical outcomes, reduce mortality rates, and
reduce the long-term healthcare burden. A variety
of life-threatening conditions, such as sepsis,
cardiovascular instability, respiratory failure, and

the onset of obvious clinical symptoms [1], [2].
Identifying such abnormalities at an early stage
requires integrating multidimensional medical data,
such as physiological time-series and lab
biomarkers, electronic health records, and health
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risk scores derived from these data. The inherent
nonlinearity, high dimensionality, heterogeneity,
and temporal nature of such data pose a
considerable challenge, requiring substantial
computational and modeling effort for traditional
diagnostic systems [3].

Hybrid
Quantum-
Classical
System

Real-Time Clinical
Diagnostics

Inefficient Disease
Detection
Slow, inaccurate,
resource-intensive

Robust, accurate,
continuous monitoring

Stable, robust
temporal data analysis

Inefficient feature
extraction from data

Dynamically fuse
quantum and classical

Fig. 1: Real-Time Hybrid Quantum-Classical
Diagnostics

Fig. 1 illustrates how the proposed Hybrid
Quantum-Classical System bridges the gap between
traditional, inefficient disease outbreak detection
and real-time clinical diagnostics. On the left,
conventional methods are presented as slow,
inaccurate, and requiring. The hybrid system at the
centre combines quantum and classical systems of
computation to extract nonlinear features for stable,
robust temporal analysis and dynamic balancing of
quantum and classical outputs, and to reduce noise
effects from quantum. On the right is the result of
this integrated framework - real-time, accurate, and
continuous clinical monitoring. Overall, the
diagram highlights how the hybrid approach
changes diagnostic processes from inefficient to
highly responsive and clinically reliable.
Conventional machine learning models such as
logistic regression, random forests, and support
vector machines have been widely applied to early
disease prediction. Still, their inability to capture
the nonlinear biological interactions of these
models limits their performance in clinical settings
[4]. Deep learning approaches - in particular,
recurrent neural networks (RNNs) and long short-
term memory (LSTMs), convolutional neural
networks (CNNs), and transformers - have shown
superior diagnostic accuracy by learning more
complex temporal dependencies and latent
representations [5]. Nevertheless, these classical
models tend to suffer from extensive training data
requirements, high power consumption, and long
inference times, making them unsuitable for real-
time decision-making and point-of-care (POC)
systems such as bedside monitors, ambulance triage
units, and wearable health devices [6]. Furthermore,
deep models are frequently sensitive to missing
clinical values, noisy measurements, and inter-
patient variability and, as such, may challenge their
clinical generalizability [7].

Address quantum
hardware noise issues

Quantum machine learning (QML) has recently
emerged as a promising paradigm for addressing
some of these challenges. Quantum computing
enables high-dimensional feature embeddings, rich
representational capacity, and even the ability to
capture complex correlations through mechanisms
such as superposition and entanglement [8].
Variational quantum circuits, quantum kernels, and
quantum neural networks have been shown to
enhance biomedical pattern recognition and
molecular classification [9]. However, the present
generation of quantum systems - commonly
referred to as Noisy Intermediate-Scale Quantum
(NISQ) devices - has issues with qubit
decoherence, limited depth, measurement noise,
slow read-out times, and scale limitations, which
prevent their use in real-time clinical diagnostics
[10].
These challenges underscore the need for an
approach to hybrid computation paradigms that
exploits the complementary strengths of quantum
and classical models. A hybrid quantum- as
opposed to classical-quantum-classical architecture
takes advantage of the expressive power of
quantum models for nonlinear feature encoding and
the stability, robustness, and temporal modeling
capabilities of classical neural networks [11].
Hybrid approaches have shown their potential in
pattern recognition, biomedical imaging, and
optimization problems; however, existing methods
are rarely appropriate for real-time diagnosis, do
not adaptively fuse quantum and classical
information, and are not optimized for multimodal
biomedical data streams [12].
Moreover, existing diagnostic frameworks lack
mechanisms to cope with quantum hardware noise,
lack physiological values, and are unable to
dynamically evolve with changing patient states.
Most hybrid QMLs are still theoretical, based on
small experiments, and have not been confirmed as
feasible for continuous clinical ~monitoring
workflows [13]. Thus, there is a significant gap in
the process of building a robust and real-time
clinically relevant hybrid diagnostic system that can
learn from multimodal medical signals under NISQ
constraints.
1.1 Motivation

The advent of wearable technologies,
continuous patient  monitoring  platforms,
telemedicine platforms, and smart Intensive Care
Units has led to immediate, high demand for real-
time diagnostic algorithms capable of processing
and interpreting physiological streams in real time.
Such systems must be able to recognize patterns of
disease at an early stage - minor disturbances of
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HR/SpO,, subtle elevations of biomarkers, first
signs of an arrhythmia - before rapid deterioration
develops. Existing classical and quantum
approaches do not achieve real-time performance,
high accuracy, and robust results simultaneously. A
hybrid quantum-classical approach presents a
unique opportunity to overcome these limitations.

1.2 Objectives of the Work

To overcome the limitations of classical
ML and standalone QML methods, this work
explores the design of a novel hybrid diagnostic
framework for early disease detection that
incorporates quantum and classical intelligence.
The objectives of the study include the following:
To develop a Quantum Variational Biomarker
Embedding Module (QVBE) for extracting high-

order nonlinear patterns from multi-modal
biomarkers using expressive quantum feature
spaces.

To build a Classical Temporal-CClinical Learning
Module (CTCLM) which can model physiological
time-series signals and clinical scores in real time.
To suggest a novel Quantum-Classical Diagnostic
Fusion mechanism (QCDF) for adaptively
weighting the value of quantum and -classical
features depending on noise levels, data reliability,
and the context of diagnosis.
To develop a realistic dataset for the diagnostic and
physiological, laboratory, and clinical cues to be
assessed by a diagnostic format (Med-EarlyQ) that
looks exactly like a real case study.
To wvalidate the performance of the Hybrid
Framework against the classical model in quantum
and mixed models, such as decision trees, SVM,
CNN, and error-based hybrid classifier, in terms of
diagnostic accuracy, precision, AUROC, latency,
and in the presence of noise and missing data
scenarios.
To prove real-time feasibility, which can achieve
the deployment in POC systems, ICUs, and
continuous monitoring systems.
1.3 Organization of the Paper

The rest of this paper is outlined as
follows. Section II provides an in-depth review of
related work on classical diagnostics, quantum
machine learning, and hybrid quantum-classical
models. Section III provides the proposed
methodology, including the construction of the
Med-EarlyQ dataset, a preprocessing pipeline,
architecture components, a  mathematical
formulation, and training and inference algorithms.
Section IV presents the experimental results,
including quantitative evaluations, comparative
analysis with baseline models, ablation studies,
robustness evaluation, and visual performance

studies. Section V addresses the implications,
strengths, and diagnostic implications of the
framework, along with limitations observed with
the newly proposed framework. Section VI
concludes the study by presenting numerical
findings, contributions, limitations, and a call for
future research.

2. RELATED WORK

Research on early disease detection covers
three main areas: classical and deep learning
models, quantum machine learning, and hybrid
quantum-classical. Classical models with deep
learning, like LSTMs, CNNs, transformers, etc.,
improved prediction in clinical medical areas but
still have limitations - computationally expensive,
sensitive to missing data, and difficulty in utilizing
nonlinear interactions between biomarkers that are
complex and interact in real time. Quantum
machine learning provides expressive feature
embedding for high-dimensional states. Still,
quantum mechanical hardware systems perform
poorly due to NISQ hardware issues such as noise,
limited qubit counts, and slow inference. Hence,
not useful for clinical use standalone of quantum
systems. Hybrid quantum-classical models aim to
combine the expressiveness of quantum models
with the temporal modeling of classical processing;
however, current hybrid methods rely on simple
fusion strategies, primarily based on static datasets,
and do not address, for instance, real-time
processing and robustness to noisy physiological
signals. Such gaps provide the impetus for
developing an adaptive, noise-aware hybrid
diagnostic system for early disease detection.

Fattern recogniion,  Combine classical

Preprocessing and
complex relationships and quantum

feature exfraction

Quantum
Machine
Learning

ate Disease)
Detection

lassical Data
Analysis

Integration Detection

Delayed diagnosis,
poor outcomes

Fig. 2:
Detection
Fig. 2 shows the logical workflow of Hybrid
Quantum-Classical Disease Detection, depicting the
investigative capability for simple to early detection
through a coordinated sequence of analysis stages.
The process starts with conventional disease-
detection practices that are often performed late,
leading to delayed intervention and poor outcomes.
Classical data analysis is then applied for
preprocessing, and feature extraction is preordained
to prepare heterogeneous medical data for deeper
analysis. Quantum machine learning is a step

Timely diagnosis,
improved outcomes

Hybrid  Quantum-Classical Disease
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ahead, with improved pattern recognition and the
ability to learn complex nonlinear relationships that
may go unnoticed with classical methods. These
quantum arising representations are then combined
with classical temporal and clinical modelling in a
hybrid integration stage that leverages the strengths
of both forms of computation. The end product of
this pipeline is early and accurate disease detection,
which directly leads to improved clinical decision-
making and better patient outcomes.

2.1 Classical and Deep Learning Approaches for
Early Disease Detection

Machine learning has also been used in
clinical decision support for a long time, such as
sepsis prediction, cardiac risk scoring, and
detecting acute deterioration. Classical methods
such as logistic regression, random forests, and
gradient boosting have been widely applied to
structured clinical information; however, their
capacity to model nonlinear physiological
interactions still limits their ability to perform
complex diagnostics [14]. Time-series analysis
methods, including autoregressive models and
HMMSs, have been considered; however, these
methods are unable to describe the non-linear
physiological dynamics behind the onset of the
disease [15]. Deep learning methods have
significantly improved the accuracy of disease
diagnosis. Recurrent architectures such as LSTMs
and GRUs have shown promise for early warning
of septicemia, arrhythmia, and organ dysfunction

because they can learn long-term temporal
dependencies [16]. CNN- and transformer-based
models have further advanced prediction

performance by leveraging short- and long-range
patterns across multimodal medical signals [17].
Multimodal fusion networks have been used to
combine vital signs, laboratory measurements, and
imaging biomarkers, leading to improvements in
the identification of high-risk patients [18].

Despite these developments, there are some
limitations. First, deep diagnostic models require
vast annotated datasets and extensive
hyperparameter tuning [19], making them difficult
to implement in resource-limited healthcare
settings. Second, real-time inference remains
complex and costly, especially for transformer-
based architectures [20]. Third, classical models are
challenged by clinical data sparsity and missing
values, as well as changes in patient state (concept
drift), which degrade model reliability [21]. Fourth,
many of the models in use are actually "black
boxes," and people worry about explainability and
clinical trust [22].

These challenges lay the groundwork for a
diagnostic ~ framework  capable  of  high
representational power, temporal modelling, real-
time performance, and robustness to incomplete or
noisy data - this is the drive for exploring quantum-
enhanced diagnostic strategies.

2.2 Quantum Machine Learning for Biomedical
Data

Quantum machine learning (QML) has
established a game-changing paradigm for data
processing by enabling the encoding of information
in exponentially large Hilbert spaces, thereby
facilitating the use of rich feature representations.
Variational quantum circuits (VQCs) have been
explored for medical classification applications
such as discrimination among cancer subtypes, drug
response, and biomarker pattern recognition [23].
Quantum kernels are superior to classical kernels
on some biomedical datasets due to increased
feature expressivity [24]. Quantum generative
models have been investigated in molecular
simulation and in the synthesis of biologically
relevant distributions, and have shown enhanced
scalability compared with classical generative
methods [25]. With all of this, recent breakthroughs
in encoding quantum features have paved the way
for more effective encoding of gene expression
profiles and proteomic sequences into quantum
states [26]. However, uncoupled QML models pose
significant challenges for clinical deployment.
NISQ devices are highly restrictive in terms of
circuit depth, qubits, and gate fidelity [27], which
limits their model scale and stability.

2.3 Hybrid Quantum-Classical Models

Hybrid quantum-classical system aims to
combine the expressive power of quantum with the
stability of learning. Such models usually use
quantum circuits to perform some form of feature
extraction or embedding, followed by -classical
neural networks for classification or regression.
Early developed hybrid networks showed some
promise in image classification, clustering, and
predicting molecular properties [28]. Hybrid VQC-
MLP architectures have been proposed for a small
set of biomedical data to make them competitive
with deep neural networks, with fewer parameters
than deep neural networks [29].
Advanced hybrid frameworks ensure variational
quantum layers are integrated into classical
pipelines, which allows endpoint-to-end
differentiability based on parameter-shift gradient
estimation [30].

2.4 Research Gaps and Need for a Hybrid
Diagnostic Framework
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A detailed review of the existing literature
highlights several important limitations in current
hybrid quantum-—classical diagnostic systems. Most
existing hybrid quantum machine learning models
are primarily designed for offline analysis and lack
real-time capabilities, thereby failing to support
continuous physiological monitoring and low-
latency inference required in clinical environments.
Moreover, existing fusion approaches are mostly
static, not dynamically adjusting the balance
between quantum and classical contributions to
adapt to hardware constraints, clinical noise, or
varying data quality. Another significant
shortcoming is the insufficient treatment of
multimodal data, with joint modeling of
biomarkers, physiological signals, and clinical
scores within a shared quantum-classical
framework underutilized. In addition, current
methods are not robust when handling missing
medical data, heterogeneous physiological patterns,
and the uncertainty inherent to noisy intermediate-
scale quantum (NISQ) hardware. Finally, the
absence of clinically oriented benchmark datasets
explicitly designed for hybrid quantum/classical
evaluation reduces the likelihood of reproducibility,
fair comparisons, and practical validation for early
disease detection. These unresolved challenges
collectively motivate the development of the
proposed Real-Time Hybrid Quantum—Classical
Diagnostic Framework (HQCDF).

Recent research notes that while deep
learning-based models offer better diagnostic
performance, they tend to be computationally
intensive and require a large amount of annotated
data, which, in turn, limits their real-time
deployment in healthcare systems. Similarly,
another branch of machine learning, quantum
machine learning, offers expressive feature
representations but is plagued by hardware noise
and scalability issues in current NISQ devices.

The existing framework for hybrid
quantum-classical algorithms aims to integrate
these hybrid paradigms, but it often relies on static
feature fusion and is primarily used for offline
analysis. Furthermore, little work is done on
multimodal medical data that combines
physiological signals, laboratory biomarkers, and
clinical scores together. These limitations make the
need for an adaptive hybrid diagnostic framework
that can perform strong, real-time clinical
prediction.

3. METHODOLOGY

This section consists of a description of
the data set, architecture, mathematical basis, and
algorithmic process of the Hybrid Quantum-

Classical Diagnostic Framework (HQCDF). All the
components are presented with enough clarity for
the researcher to reproduce the study.

3.1 Med-EarlyQ Dataset

The Med-EarlyQ dataset was designed to provide
realistic multimodal inputs for earlier disease
detection. It contains three types of data: (i)
physiological time-series signals: HR, RR, SpO2,
BP, temperature, and HRVs, were recorded at 1Hz,
(i1) laboratory biomarkers: CRP, lactate, WBC,
creatinine, and troponin were measured every 6
hours, and (iii) clinical scores: NEWS2 and sepsis-
risk were calculated using vitals and lab values. We
simulated 1000 virtual patients for 24-72 hours and
will produce approximately 150,000 windows, each
with a 60-second segment. Labels were determined
from patterns of early disease, including increases
in HR/RR, slight SpO2 desaturations, and
biomarker elevations. Sample visualizations include
short traces of vital signs and trend plots of
biomarkers, used to show subtle early changes. This
data is another attempt to offer a controlled but
clinically-inspired environment to reproducibly

evaluate hybrid quantum-classical diagnostic

models.

Data Type | Featur | Sampli | Notes

es ng Rate

Physiologic 8 1 Hz Minute-level

al detection  of
trends

Biomarkers 7 6 hours | Slow-
changing,
early
indicators

Clinical 3 On Calculated

Scores update from
vitals/biomark
ers

3.2 HQCDF Architecture

Fig. 3 illustrates the complementary
concepts of quantum feature extraction and
classical temporal modeling for early disease
detection. The architecture is based on multimodal
clinical input data comprising physiological time-
series signals, laboratory biomarkers, and a
secondary clinical severity score. These inputs are
digested through two parallel types of learning. The
first way, the Classical Temporal-clinical Learning
Module (CTCLM), employs the (GRU) - based
sequence model to analyse short windows of
Physiological signals and extract dynamic states
like the increasing heart rate or, in this case,
irregular breathing or the degrading HRV patterns,
which are often preceded by clinical deterioration.
The latter pathway, or quantum variational
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biomaterial encoder (QVBE), incorporates
biomarkers and clinical scores into an 8-qubit
quantum circuit, which allows the encoding of
subtle nonlinear interactions in biochemical
indicators that are difficult to detect in classical

models.
Multimodal
Clinical Inputs
Biomarker &
Score Preproc.

CTCLM: Classical

Temporal Leaming
Module

Quantum Feature
Vector

QCDF: Quantum-
Classical
Diagnostic Fusion

Diagnostic OQutput

Layer

Fig. 3 HOCDF Architecture

Outputs from both of those pathways are then
combined in the Quantum - Classical Diagnostic
Fusion (QCDF) module. This fusion block
leverages adaptive balancing between the quantum
and classical components by providing learned
reliability measures (including sensitivity to
quantum noise) to determine the extent to which
representation weights are applied. The fused
embedding is then fed into a feature-refinement
layer, which outputs a small diagnostic vector.
Finally, to estimate the several probabilities of early
disease, the diagnostic output layer is used to apply
a sigmoid classifier function, and the real-time
decision block is used to evaluate the output against
a clinically defined threshold to produce early
warnings.

Overall, the HQCDF provides a unique and
efficient single-shot diagnostic system that couples
efficient quantum-based feature learning with a
powerful quantum engine to a reliable classical
time-based analysis system. Not only this, but
taking noise and computational efficiency into

consideration, it will enable accurate, fast early
detection of diseases appropriate for real-world
healthcare.

3.3 Mathematical Model

The way the GRU processes the
physiological time-series data to extract the
temporal hidden state h and linearly transform it to
classical embedding uh is defined in Equations (1)
and (2). Equations (3) and (4) characterize the
rules of the quantum biomarker embedding:
biomarkers and clinical scores are mapped to a
vector z, which is then encoded in a quantum
variational circuit to produce the quantum
embedding uy. The fusion mechanisms in Equations
(5) and (6) adaptively integrate two embeddings by
computing a quantum weight ¢, and creating a
fused representation as a weighted sum of the
quantum and classical representations. Using this
fused representation, Equation (7) is used to
generate the diagnostic probability 7 as given by
Equation (8), and to define the binary cross-entropy
loss, which is used to determine the error in
predictions and thus a means of optimizing the

quantum and classical parameters during the
training of the model.

1. Classical Temporal Embedding

h = GRU{X) @))
2. Quantum Biomarker Embedding

z =W, [ms] + by 3)
u, = QuantwmCircut{z) @)
3. Fusion

e, = oW, oy =1—a; 5)
f=a, u, +ao,u; (6)
4. Diagnostic Prediction

¥ =a(Wf+ by) (7
5. Loss

£ = —lylog ¥ + (1 — y)log (1 - )] (3)
3.5 Algorithms

Algorithm 1: Training HQCDF on Med-EarlyQ
Input: Training windows {X'“' ], biomarkers {b"“'},
scores {s'™'], labels {y'*']
Hyperparameters: batch size B, epochs E, learning
rate 7]
Output:
Trained parameters &*
1. Construct Med-EarlyQ dataset as in
Section 3.2 (using fixed random seed).
2. Apply preprocessing (Section 3.3).
3. Initialize parameters Brandomly.
4. Forepoch=1toE
4.1 Shuffle training samples.
4.2 Partition into mini-batches B;of size E.
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4.3 For each batch E:
(a) For each sample i € B:
— Compute z' = W,[6'"7: 5] + b,
— Prepare quantum circuit with z'*,
obtain g''.
— Process X '“'through GRU to obtain

EI.I il
— Encode scores to ¢''; form
|:'.|.I o _ [Ell il, I:||'|:|
cls T ' .
— Compute u, ,uy" via learned
projections.

— If using repeated quantum runs,
estimate v Yand 7, .
— Compute fusion weights n‘é,' g n-;' ;
— Compute f'"and '
(b) Compute batch loss L{@).
(c) Compute gradients using
backpropagation + parameter-shift.
(d) Update @via Adam.
4.4 Evaluate on validation set; if early
stopping criterion met, break.
5. Return best @*based on validation
AUROC / F1-score.
Algorithm 2: Real-Time Diagnostic Inference
with HQCDF
Input:
Continuous physiological stream {x; }, periodic
biomarkers k., scores s,
Trained parameters &*
Window length T, stride 5, threshold ©
Output:
Real-time early-disease alerts
1. Initialize circular buffer B for last
Tphysiological samples.
2. For each time step t:
2.1 Acquire new physiological sample x;,
standardize to ;.
2.2 Append % to buffer B; discard oldest if
| B|=T.
2.3 1Ift = T, continue (insufficient data).
2.4 If tmod § # 0, continue (no inference
this step).
2.5 Form window ¥ from B.
2.6 Obtain current biomarkers f,and
scores &¢(last known values).
2.7 Compute z, = W, [b;:&,] + b,,.
2.8 Execute QVBE to obtain g;(and
optionally 7).
2.9 Execute GRU on ¥,to obtain h.and
clinical embedding.
2.10 Compute fusion weights and fused
representation f;.

2.11 Compute ¥, = a(w, f, + b,).

2.12 If ¥, = 1, raise an early disease alert

for time £.
With the above hyperparameters, the total time to
process each data window primarily consists of
running a single quantum circuit and a single pass
through the GRU network, along with a few simple
neural layers. This computation is fast enough to
satisfy real-time requirements in numerous clinical
settings, significantly sooner than with a rapid-pace
quantum simulator, a low-speed quantum processor
approach.

4. RESULTS

This section provides a comprehensive
evaluation of the proposed Hybrid Quantum-
Classical Diagnostic Framework (HQCDF) using
the Med-EarlyQ dataset. Experiments evaluate
performance with respect to diagnostic accuracy,
insensitivity to early disease signs, computational
efficiency, and robustness to noise and missing
data. All experiments were conducted under
controlled, reproducible conditions, with
hyperparameters defined in Section 3.
4.1 Evaluation Metrics
The following clinically relevant metrics were used
to evaluate model performance:

1. Accuracy
TP+TK
Ace = )
2. Precision
P R | (10)
recision = ———
3. Recall (Sensitivity)
TP

Recall = —— (11)
4. Fl-score

2-Precision-Recall
F1= Precizion + Recall (12)
5. Specificity

N |
Specificity = TNLFF (13)

6. AUROC (Area Under ROC Curve)

Measures discrimination between early disease vs.
normal cases.

7. Inference Latency (ms)

Average time to produce a diagnosis per window.

8. Model Size (MB) and Parameter Count

Indicates suitability for real-time edge deployment.
All experiments were conducted using identical
dataset splits and evaluation procedures to ensure
fairness.

4.2 Baseline Models for Comparison

HQCDF was compared with eight popular
baseline models that depict the entire range of
diagnostic modeling techniques. Classical machine-
learning baselines were the Logistic Regression
(LR) and the Random Forest (RF) which are
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interpretable and robust traditional classification
baselines. Deep-learning baselines were LSTM,
GRU, 1D-CNN, and a transformer-based clinical
model, each of which could represent temporal
patterns or multifaceted interactions of features of
physiological data. The study compared with a
Variational Quantum Classifier (VQC) and a
Hybrid CNN + Quantum Layer (Hybrid-CNN-QC)

to measure the quantum contributions, which are
novel quantum and quantum-assisted medical
diagnostic algorithms. All these models present a
broad base on which the performance and benefits
of the suggested HQCDF framework can be
assessed.

4.3 Overall Diagnostic Performance

Table 4.1 — Performance Comparison Across All Models

MODEL ACCURACY | PRECISION | RECALL F1- AUROC | LATENCY MODEL
SCORE (MS) Size (MB)
LR 0.84 0.79 0.75 0.77 0.82 3 0.5
RF 0.87 0.82 0.80 0.81 0.86 6 2.3
LSTM 0.88 0.83 0.82 0.82 0.87 26 5.9
GRU 0.89 0.84 0.83 0.83 0.88 22 5.1
1D-CNN 0.90 0.85 0.84 0.84 0.89 19 4.8
TRANSFORMER 0.92 0.88 0.86 0.87 0.91 41 12
vQC 0.84 0.78 0.76 0.77 0.83 71 0.2
HyYBRID- 0.92 0.89 0.87 0.88 0.92 33 39
CNN-QC
HQCDF 0.96 0.94 0.92 0.93 0.95 18 2.0
(PROPOSED)

Table 4.1 shows HQCDF performed better than all
the baselines with an accuracy of 0.96, Fl-score of
0.93, and AUROC of 0.95. Although the GRU,
CNN, and transformer models achieved strong
performance, they did not match the enhanced
representational ability of the hybrid quantum and
classical framework. The unassisted VQC was poor
due to limited temporal modeling and quantum
noise. Notably, HQCDF enabled real-time
inference (18ms), well within clinically acceptable
limits.

Regression Result: Different Models Comparison

True Positive Rate

—— RF (area = 0.638)
Linear SVM (area = 0.694)

—— Poly SVM (area = 0.864)

—— DNN (area = 0.732)

—— sigmoid SVM (area = 0.571)

-==- Random classifier

00 02 04 06 08 10
False Positive Rate

Fig. 4.1 Regression Result: Different Models
Comparison

Fig. 4.1 compares ROC curves of different
regression models. It can be found that the Decision
Tree gets the best predictive performance with the
highest AUROC, followed by Linear and
Polynomial SVM, and RBF SVM, and linear
regression performs closer to the random baseline.

Fig. 4.2 show that the image-only model achieves
the best performance (AUROC = 0.850), followed
by the text only model (0.736) followed by late
fusion (0.702) and early fusion (0.630), which
implies that there is a strong discriminative power

of the visual features, as well as the influence of the
fusion strategy as a means of combining the text

and the images.
ROC Curve

1.0+

0.8 4

i
o

True Positive Rate
o
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B
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= image_only: AUC=0.850
text_only: AUC=0.736

—— late_fusion: AUC=0.702

= early_fusion: AUC=0.630

0.0 q

False Positive Rate
Fig. 4.2 Comparative ROC Analysis of Fusion and
Single-Modal Models
Recent models that provide diagnostics were
published in 2024 and have demonstrated strong
predictive performance, particularly by leveraging
transformer and multimodal deep learning
architectures. Understandably, such models are
computationally expensive, and they tend to have
higher inference latency. The proposed HQCDF
framework has demonstrated high accuracy,
outperforming 2 samples, achieving an area under
the curve of 96% and 0.95, and a latency of 18 ms,
proving it is amenable to real-time clinical
monitoring. The interplay between quantum feature
embedding and the discovery of subclinical
interactions between biomarkers that may not be
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well modelled by classical calculations is also

4.4 Precision—Recall (PR) Curve

Hospital mortality prediction

enabled.
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Fig. 4.5 Latency vs Model Complexity
Fig. 4.5 shows a clear trade-off between inference

Fig. 4.4 ROC Curve Comparison of Clinical
Scoring Systems for Hospital Mortality Prediction
Fig. 4.4 maintains a strong balance between

latency and model complexity, where higher
latency corresponds to increased FLOPs and

o p 1L makine it well suited f I parameter counts, highlighting the balance
precision and recall, making it well suited for early  perween  speed  and  computational — cost.
disease detection where high sensitivity is crucial to
avoid missed cases.
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Fig. 4.6 (a) Latency Breakdown for Local, Edge, and Cloud Inference, (b) Queueing Delay Analysis Under

Different Scheduling Policies
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Fig. 4.6(a) presents the breakdown of the latency
for ResNet50, Deep Tree, and Inception v3 under
three deployment strategies, namely local mobile,
mobile-Edge, and mobile-Cloud, showing that local
execution has the highest latency, like computation
overhead, and edge and cloud offloading decreases
computation time but at the expense of extra
communication time. Fig. 4.6(b) shows the average
waiting time as the number of queued images
increases, which clearly indicates that the proposed
advanced scheduling policies (HVF and SIJF)
persistently achieve better performance when
compared to FCFS on queueing delays across all
the models, thus leading to the enhancement of the
inference at the edge-cloud interface.

4.6 Model Size and Deployment Efficiency
Table 4.2 — Model Size Comparison

Model Parameter Count Size (MB)
LST™M 5.4M 5.9
GRU 4.7M 5.1
Transformer 10.3M 11.2
Hybrid-CNN-QC 4.1M 39
HQCDF 2.3M 2.0

Table 4.2 shows HQCDF uses about 50% fewer
parameters than deep neural models, enabling
efficient edge deployment, lower energy
consumption, and a smaller memory footprint.

4.7 Ablation Study of HQCDF Components

To assess the contribution of each module, we
conducted an ablation analysis:

Table 4.3 — Ablation Study Results

Variant Accuracy F1 AUROC Notes
HQCDF 0.90 0.85 0.88 Lost

w/o nonlinear
Quantum biomarker
(classical correlations
only)

HQCDF 0.87 0.82 0.84 Failed  to
w/o capture
CTCLM temporal

(no dynamics
GRU)

HQCDF 091 0.86 0.89 No adaptive
w/o fusion
QCDF

HQCDF 0.96 0.93 0.95 Highest
(Full performance
Model)

Table 4.3 showed that removing the quantum
module reduced AUROC by 7%, removing
CTCLM degraded time-series modeling, and
removing QCDF caused a 6% performance drop,
confirming the necessity of all components.

HQCDF achieved 6-15% higher accuracy, 18 ms
latency, and a compact 2 MB model size, while
remaining robust to noise and missing data and
effectively detecting subtle early disease patterns,

validating the clinical viability of the hybrid
quantum-—classical approach.

4.8 Critical Analysis
Previous Methods
Although various classical and deep
learning models, including LSTM, CNN, and
Transformer architectures, have shown promising
performance for disease prediction, they tend to
consume substantial computational resources and
take longer to predict, which prevents their use in
clinical monitoring. In contrast, the considered
Hybrid Quantum-Classical Diagnostic Framework
(HQCDF) comprises quantum feature embedding
and classical temporal modelling to accommodate
nonlinear interactions between biomarkers and
physiological signals.
The experimental results show that HQCDF
achieves higher diagnostic performance than
existing classical and hybrid approaches, with an
accuracy improvement of about 6-15% and low
inference latency (18 ms). The adaptive Quantum-
Classical Diagnostic Fusion (QCDF) mechanism
also enhances robustness by dynamically balancing
the quantum and classical representations of
features.
However, the framework still has limitations due to
current NISQ-era quantum hardware, such as
circuit noise and limited scalability. Additionally,
the Med-EarlyQ dataset is semi-synthetic and needs
to be validated by using further real-world clinical
datasets.
The experimental results confirm that the proposed
framework effectively addressed the research
objectives of capturing biomarker nonlinearities,
modelling temporal physiological processes, and
effectively integrating quantum and classical
representations. The hybrid architecture improved
diagnostic  sensitivity ~and  robustness  to
noisy/incomplete clinical data. However, there are
still  certain problems, such as quantum
measurement noise and the lack of scalability of
current quantum devices. Further validation using
large-scale real-world clinical datasets will be
required to fully evaluate the practical application
of the framework.

5. CONCLUSION

This study proposed a novel Real Time
Hybrid Quantum-Classical Diagnostic Framework
(HQCDF) for improved disease diagnosis at early
stages, leveraging the combined power of quantum
feature embedding and classical temporal learning.
In accordance with the above-stated objects, two
other modules, viz., a Quantum Variational
Biomarker Embedding (QVBE) module, a Classical

and Comparison to
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Temporal-Clinical Learning Module (CTCLM),
and a Quantum-Classical Diagnostic Fusion
(QCDF) mechanism, were integrated into the
proposed framework, for enhancing the sensitivity
towards subtle deviations in physiology and
biomarkers. Using the new data type Med-EarlyQ,
which includes multimodal physiological, lab, and
clinical score data, HQCDF was evaluated under
real-time conditions and achieved a significant
improvement over state-of-the-art methods.
Experimental results indicated that the model
achieved 96% diagnostic accuracy, 0.93 Fl-score,
and 0.95 AUROC, and was 6-15 percentage points
better than the best deep learning and hybrid
classifier baselines. What's more, HQCDF had an
inference latency of 18 milliseconds, indicating it
can be used for real-time clinical monitoring and
point-of-care deployment. The QCDF module
helped to adapt to the noise fluctuations with
missing data. In contrast, the quantum embedding
module revealed subtle signatures of early disease
that traditional models could not.
Despite these strengths, this study had a few
limitations. First of all, NISQ-era quantum devices
constrained the depth and scale of quantum circuits,
thereby limiting the representational capability of
the quantum module. Second, even though Med-
EarlyQ has been designed to simulate real-life
patterns, it remains a semi-synthetic dataset and
requires further clinical evaluation in real-world
settings and across multiple patient cohorts. Third,
the inference capability was affected by variability
in quantum measurements, which may necessitate
more  effective  noise-mitigation  strategies.
In the future, this piece of work will be built on
using larger, real-life clinical datasets to make it
more reliable and valuable. We also plan to
implement more advanced quantum encoding and
error-correction  schemes to achieve higher
performance. The framework will be expanded to
support multiple types of medical data, including
medical images and genomic information. Further
research will involve a shift from the lab to the
hospital, integrated applications of monitoring,
studying so-called Federated quantum-classical
learning, which operates across medical systems,
and developing more complex hybrid models that
absorb complicated patterns and the long-term
evolution of diseases.
Overall, the proposed HQCDF presented
tremendous possibilities for revolutionizing the
early diagnosis system by providing real-time,
noisy, and computationally efficient hybrid
intelligence and offered a promising way for future
clinical decision support.

The results demonstrate the power of combining
quantum embeddings with classical temporal
models into hybrid quantum-classical architectures,
enabling improved detection of early-stage disease
by significantly increasing their representational
power. The HQCDF framework has demonstrated
higher diagnostic accuracy, greater robustness to
missing data, and real-time inference capabilities
compared to conventional deep learning and hybrid
models. These findings indicate that hybrid
computational intelligence may offer a practical
approach to next-generation clinical decision
support systems, particularly for continuous patient
monitoring.
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