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ABSTRACT 

Abstract—The presented investigation opens up a novel avenue that fuses quantum-assisted deep learning algorithms for 

the detection at the earliest possible stage of neurodegenerative diseases. The system that unites the pattern recognition 

capabilities of deep learning and the quantum computing power is aimed at greatly improving the diagnostic accuracy for 

the initial stages This method highlights the exploitation of hybrid quantum-classical architectures to execute the 

complicated and multidimensional medical dataset that captures subtle interrelationship and disturbances that may not be 

revealed by the traditional models. The synthesis of the quantum feature encoding with the neural architectures that become 

more sophisticated provides for quicker convergence and better generalization over the various patient sets of data. Also, 

the model contains a changeable learning method that gets the current clinical patterns and, consequently, be able to timely 

and more accurately. The innovative architecture not only improves the prediction results but also facilitates the 

development of more scalable and energy-efficient solutions in the area of neuroinformatics... 
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INTRODUCTION 

Neurodegenerative disorders are progressive, a class of 

diseases known as Alzheimer's, Parkinson's, and 

Huntington's, which are at present non-curable significantly 

impact the central nervous system and gradually lead to the 

loss of cognitive ability in people over time [1]. These 

disorders usually produce very mild symptoms in the initial 

phase, which is the reason that most traditional diagnosis 

techniques fail to detect them at an early stage [2]. 

Nevertheless, early treatment has been demonstrated to 

retards the course of such diseases and lessen complications 

in patients. Machine learning methods based on artificial 

intelligence and classical deep learning have been utilized 

lately to facilitate clinical diagnostics by inferring from 

pattern recognition among brain imaging and biomedical 

experiments [4]. 

Nevertheless, the energy efficiency and scalability 

problems, the computational limits, along with the 

generalization issues of classical systems, have resulted the 

sensitivity and precision gap especially when the large- 

scale, real-time analysis is concerned. In response to the 

problems mentioned, the penetration of quantum computing 

along with deep learning frameworks is hailed as a game- 

changer in medical diagnostics [5-6]. The power of 

quantum-enhanced models can be measured in terms of 

exponential computational gains and the possibility of 

representing very high-dimensional feature spaces using 

limited resources compared to conventional methods. The 

ability of these models to capture and extract detailed 

realities of data such as brain imaging, genetic sequences, 

and clinical histories at high fidelity, positions them as the 

key in the detection of neurodegenerative disease [7]. 

The upgrade of hybrid quantum-classical architectures 

deepens  the  accuracy  of  classification,  accelerates 
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convergence rates during the learning process, and only 

makes possible the revelation of concepts that were masked 

by the noise or low-resolution patterns in previous works[8- 

9].By utilizing quantum computing's power to represent the 

composition of possibilities, driving the various machine 

learning algorithms through parallel computation on large 

datasets, the authors of the study propose a high vien 

framework powered by quantum computing to go deep and 

sense the neuro-degenerative at its early stages. 

Furthermore, this approach not only improves the precision 

and scalability of the existing diagnostic system but also 

introduces self-learning mechanisms that are consistent 

with changes in clinical data trends [10] 

 

LITERATURE SURVEY 

Recent studies have investigated the area where quantum 

computing intersects with medical diagnostics, mostly in 

the senses of improving complex neurological disorders 

detection. The feasibility of employing quantum support 

vector machines for the classification task of the training 

datasets to achieve higher accuracy in the detection of 

Alzheimer’s disease at early stages was the main focus of 

the first study. It was found that quantum SVMs were more 

accurate than classical classifiers on structured imaging 

datasets [11]. Another research went even further. They 

suggested a quantum convolutional neural network model, 

which was able to detect non-linear relationships among the 

brain activity and thus gave the chance to dramatically 

improve the diagnostic results for Parkinson’s disease [12]. 

Besides, the hybrid quantum-classical model was examined 

where the classical part was used for preprocessing, while 

the quantum part worked on feature extraction. These 

authors found that the diagnostic accuracy was improved, 

and they were able to announce the improved sensitivity in 

the task of separating different stages of cognitive decline 

[13]. At the same time, another group employed quantum 

variational classifiers for the task of evaluating EEG 

signals. They demonstrated that these classifiers were faster 

and more efficient in processing large-scale 

neurophysiological data than their competitors [14]. 

Subsequently, these authors integrated the quantum 

Boltzmann machines as a statistical model for the prediction 

of neurodegenerative conditions. To possibly improve the 

generalization over classical deep learning networks in the 

case of sparse datasets, bang-bang machines as a quantum 

counterpart to classical Boltzmann machines were used 

[15]. In the second one, quantum-enhanced transfer learning 

was offered as a choice by the authors who suggested that 

this approach could use pre-trained classical models and, 

with the addition of quantum-encoded layers, preserve 

feature-rich representations and also speed up training [16]. 

Another study was undertaken which was related to the 

utilization of quantum entanglement characteristics to 

generate neural coding methods that are more suitable for 

describing the temporal evolution of symptoms of 

neurodegenerative diseases [17]. Some researchers have 

been exploiting the idea of quantum recurrent neural 

networks for longitudinal neuroimaging data in an 

experimental setup so far [18]. 

Additionally, neuro-detection systems based on quantum 

reinforcement learning were coordinated by neuro- 

adjustable ones, hence the capability for rapid interventions 

as well as rapid estimation of the correct intervention was 

adhered to [19]. At last, a review of the literature explicates 

the advantages of various quantum neural architectures in 

the healthcare sector, particularly the scalability and 

robustness in the management of multidimensional 

neurological datasets [20]. 

PROPOSED SYSTEM 

For detecting neurodegenerative diseases at an early stage 

via the efficient analysis of complicated medical data, the 

proposed system is based on an advanced quantum- 

enhanced deep learning framework. The foremost step here 

includes the utilization and preprocessing of a large amount 

of data from different modes such as neuroimaging, 

cognitive test results, and biometric signals. By means of 

quantum feature mapping techniques, the data in question is 

subsequently transformed and encoded within quantum- 

compatible formats, which allows the extensive 

interrelations and nonlinear correlations that are typically 

missing in classical preprocessing to be preserved. Next, a 

hybrid architecture is used, which combines classical neural 

network layers with quantum circuits to fully utilize the 

advantages of representational power in quantum 

computing. The quantum layers are accountable for high- 

dimensional feature transformation and correlated 

representation learning, while the classical layers provide 

reliable pattern extraction and interpretability as depicted in 

figure 1. 

For the purpose of boosting learning effectiveness and the 

system's flexibility, a dynamic optimization mechanism 

enabling the system to vary its parameters in reaction to 

changes in clinical patterns thus, helping the model to adapt 

better across multiple patient populations, is also a feature 

of the system. Furthermore, quantum variational techniques 

are employed to perfect the decision boundaries, giving the 

system the freedom to decide between very similar stages 

of neurodegeneration with the utmost accuracy. This 

quantum-classical exchange not only facilitates the training 

process but also prevents over fitting by using quantum 

regularization methods. At the end, the system completes by 

issuing a diagnostic prediction that can be part of the clinical 

workflow, enabling doctors to have a trustworthy and 

scalable instrument for the early intervention of the disease. 

With the combination of quantum computing and deep 

learning, the introduced model is a highly efficient, 
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flexible, and understandable tool for solving the problems 

of neurodegenerative disease Detections. 

The proposed quantum-enhanced deep learning system 

follows a structured step-by-step process, blending classical 

and quantum computing techniques to detect 

neurodegenerative disorders with high precision. The 

pipeline begins with the collection of multimodal data, 

including neuroimaging scans, neurological test scores, and 

EEG signals, which are inherently high-dimensional and 

noisy. To ensure uniformity across different data modalities, 

the input feature vector in (1): 

D=[d1,d2,…,dn] (1) 

This normalization ensures that all input features lie in the 

range [0,1], reducing the influence of varying magnitudes 

and improving learning stability across both quantum and 

classical components. Next, the scaled input vector is 

embedded into a quantum state using amplitude encoding. 

The transformation is expressed as in (2): 

∣ϕ⟩=∑j=1ndj∣j⟩|.  (2) 

 
Figure 1. Flow of Proposed systemHere, ∣ϕ⟩| represents the 

quantum state corresponding to the classical vector, and ∣j⟩| 

denotes the basis states. This step allows the model to 

simultaneously process all input features through quantum 

superposition, enhancing representation efficiency. A 

parameterized quantum circuit applies unitary 

transformations to the encoded state by (3): 

∣ψfinal⟩=U(α)∣ϕ⟩|.  (3) 

where U(α) is a unitary operator parameterized by the 

vector α, representing quantum gate angles. These 

parameters are adjusted during training to optimize the 

learned quantum transformation. The model’s learning is 

governed by a quantum cost function, often linked to a 

Hamiltonian H in (4): 

C(α)=⟨ψfinal∣H∣ψfinal⟩. (4) 

This cost function measures how closely the current state of 

the quantum model approximates the desired diagnostic 

outcome. 

To update quantum parameters, the gradient of the cost 

function is computed using the parameter-shift rule in (5): 

∂C/∂αk=C(αk+π/2)−C(αk−π/2)/2. (5) 

This technique is unique to quantum computing and enables 

efficient gradient estimation for variational circuits without 

the need for finite difference approximations. 

Once quantum transformations are complete, the output 

state is measured and converted into a feature vector by (6): 

F=[f1,f2,…,fm]. (6) 

which is fed into a classical deep learning network. Within 

this network, the forward pass of a fully connected layer is 

defined in (7): 

h(l)=δ(W(l)h(l−1)+b(l)). (7) 

Here, h(l) is the activation at layer l, W(l) is the weight 

matrix, b(l) is the bias, and δ is a non-linear activation 

function, such as ReLU or sigmoid. To improve model 

generalization and prevent over fitting, dropout 

regularization is applied by (8): 

h(l)=M(l)⋅δ(W(l)h(l−1)+b(l)). (8) 

where M(l) is a binary mask sampled from a Bernoulli 

distribution. The system evaluates performance using a 

categorical cross-entropy loss function in (9): 

L=−∑ktklog(pk). (9) 

where tk is the target label and pk is the predicted 

probability for class k. This loss guides the learning process 

during training. Parameter optimization is carried out using 

an adaptive algorithm such as Adam, which maintains 

moving averages of gradients and squared gradients in (10- 

12): 

 

 

ut=γ1ut−1+(1−γ1)∇Lt.  (10) 

vt=γ2vt−1+(1−γ2)(∇Lt)2  (11) 

θt=θt−1−λ(ut/vt+ϵ). (12) 

 

 

where ut and vt represent the first and second moment 

estimates, λ is the learning rate, and ϵ ensures numerical 

stability. To interpret model decisions and identify regions 

or features of significance, the gradient of the loss with 

respect to input features is calculated in (13) : 

Gj=∂L/∂dj. (13) 

These values form a saliency map that highlights 

influential input components. Final classification is 

obtained through a softmax function in (14): 



IJDDT, Volume 16 Issue 2s, 2026 
Page: 613  

 

 

 

pk=ezk/∑qezq.   (14) 

where zk is the activation for class k, and pk represents its 

associated probability. This systematic methodology 

enables the proposed system to extract meaningful features 

from complex medical inputs, enhance representation 

through quantum encoding, adaptively learn diagnostic 

patterns, and provide interpretable predictions. The 

integration of quantum techniques with classical deep 

learning layers contributes to improved sensitivity, speed, 

and scalability in early neurodegenerative disorder 

detection 

Results and discussionThe quantum-enhanced deep 

learning system for medical research extends a strong 

demonstration of its capability to detect the earliest signs of 

neurodegenerative disorders with high accuracy, beyond the 

scope of traditional methods. The hybrid quantum-classical 

architecture not only facilitated more rapid convergence in 

training but also led to greater sensitivity in detecting early- 

stage irregularities in several patient datasets. The 

improvement in classification performance resulted from 

the fact that the quantum feature encoding of input data led 

to the discovery of intricate relationships between them, 

which, in turn, contributed to 

better recognition of clinical cases with small variations. 

The system was quite consistent throughout 

experimentation in exhibiting a reduction in training loss, 

along with an increase in predictive confidence, all of which 

are signs of good generalization properties and stability. 

Furthermore, the saliency-based interpretability indicates 

according to medical experts that the model is consistent 

with the clinical observations as it has precisely targeted the 

features that are of medical significance 

 

 

 
Figure 2. Analysis of sensitivity factor over samples 

 

 

Figure 3. Detection time span of Proposed system 

 

 

Figure 4. FPR comparison of Proposed system 

 

 

Figure 5. SNR analysis of Proposed system 
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Table 1 Performance comparison table for Proposed 

system with traditional models 

The data in Figure 2 show the Sensitivity (%) values that go 

from 3.1% to 96.9%. The dashed line represents a threshold 

of 70%. 6 samples out of 20 observations have exceeded the 

threshold, which are shown in red segments of the line plot. 

Such high-sensitivity spots signify the model's enhanced 

power to correctly detect the cases of neurodegenerative 

diseases; thus, it is able to use fewer resources to confirm 

the 

diagnoses. The rest of the segments were still below the 

threshold and thus they emphasized the areas where the 

model should be improved so that the sensitivity is more 

consistent across all samples. In Figure 3 the Detection 

Time (ms) axis depicts a range of values that go up from 

approximately 2.4 ms to 48.5 ms Distance. The dash line 

represents the set threshold of 30 ms. 7 bar values out of 20 

samples have crossed the limit and are shown in red. Shifted 

is pointed out as model at a slower response that may not be 

able to keep up with real-time clinical applications. 

However, for most cases, the system is shown to be still 

within rapid diagnostic suggestion limits, as indicated by 13 

samples. 

As seen in Figure 4, the False Positive Rate (%) axis 

portrays the range from 0.6% to 9.8%, with the threshold of 

5% as marked by the dash line. The area chart lists 8 sample 

points above the threshold line with a red shade, thus 

showing the exceeding number of false positives. These 

false positives act as positive errors and hence may cause 

situations like a patient being unnecessarily followed up or 

raising the patient's anxiety. At the same time, 12 values still 

fit within a secure margin, which represents the majority of 

cases where the model has the potential to reduce the 

number of false alarms. Figure 5 shows the Signal-to-Noise 

Ratio (dB) scale, from around 3.2 dB to 196.7 dB, with a 

threshold of 150 dB. Five of the 20 steps pass this limit and 

are therefore indicated by red colors in the step line. The 

increased SNR signifies better signal quality and thus 

prediction confidence is enhanced. The performance 

evaluation of proposed framework with traditional models 

is in table1 

 

CONCLUSION 

The quantum-enhanced deep learning model proposed in 

this paper clearly shows that it is capable of groundbreaking 

change beyond the traditional models that are both highly 

accurate in diagnostic and efficient in computation for the 

detection of neurodegenerative disorders at an early stage. 

By comparing the Sensitivity aspect, the model exceeded 

70% in 6 out of 20 cases, reaching a top rate of near 96.9%, 

which is an indication of its ability to correctly recognize 

the affected cases. The Detection Time metric was below 

the critical value of 30 ms in 13 samples, with the fastest 

response of around 2.4 ms, thus being very efficient for real- 

time use. The False Positive Rate did not go over the 5% 

limit in 12 samples, with the minimum value of 0.6% 

recorded, thus limiting the problem of false alarms. Signal- 

to-Noise Ratio was above 150 dB in 5 cases, with a top 

value of 196.7 dB, thus giving room for the model to make 

very accurate predictions even in highly complex clinical 

data environments. The model managed to conduct the 

training in only 31.5 seconds, which is 44% gains over CNN 

and surpasses SVM by more than 57%. Memory usage was 

dropped to 188.2 MB, which means that there was a 

decrease of almost 40% in resource consumption compared 

to CNN. Besides, it also reached convergence in just 60 

iterations, and so showed faster training capability than 

Random Forest, which needs 150 iterations. Additionally, 

its Feature Interaction Efficiency was the best among all 

models at 0.88, thus pointing out its excellent capacity to 

grasp and exploit complicated relations in the clinical data. 

These upgrades are coherent with the proposed system's 

capability and suitability for on-the-spot neurodegenerative 

disease prediction situations 
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