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Abstract  

 This study investigates hybrid quantum-classical K-Means algorithms for clustering heart disease patient data. 

Using quantum swap-test circuits for distance calculation, 2 approaches were tested on both noisy and ideal quantum 

simulators. A real-world dataset of over 1,000 records was preprocessed using standard techniques, including 

normalization, outlier removal, and dimensionality reduction. The results show that both quantum methods achieve 

accuracy up to 0.83 and F1-scores comparable to the classical K-Means baseline (0.82 - 0.83), even when executed on 

quantum simulators with real-device noise models. These findings highlight the practical potential of quantum-enhanced 

clustering methods. The study supports the feasibility of applying quantum-enhanced clustering in medical analytics, 

particularly for early-stage heart disease detection and patient risk stratification. 
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Introduction 

 Machine learning has been widely applied across 

various industries, including healthcare, where it plays 

an important part in analyzing vast datasets to predict 

diseases. One significant application is in the early 

detection of heart disease, a leading cause of death 

globally where early diagnosis can significantly 

improve outcomes [1]. Heart disease diagnosis can be 

predicted using historical medical data from patients. 

Many studies utilize this data and apply machine 

learning methods, such as Support Vector Machines 

(SVM) [2,3], Convolutional Neural Networks (CNN) 

[4], and ensemble learning approaches [5,6], to enhance 

prediction accuracy. These advancements enable the 

automation of diagnostic processes, improving both the 

speed and accuracy of heart disease detection. 

 As datasets continue to grow exponentially, 

handling large-scale and high-dimensional data poses 

significant challenges. Traditional machine learning 

methods on classical computers often encounter 

performance bottlenecks and limitations in scalability. 

Quantum technology, however, promises to 

revolutionize computing by addressing these challenges. 

Quantum computing holds immense potential to 

enhance the efficiency of machine learning algorithms. 

Leveraging quantum properties such as superposition 

and entanglement, quantum computers can outperform 

classical systems in specific computational tasks. Unlike 

classical computers, which process data sequentially, 

quantum computers utilize quantum parallelism to 

perform multiple calculations simultaneously [7]. 

 Despite these advantages, current quantum 

devices fall under the category of Noisy Intermediate-

Scale Quantum (NISQ) systems [8], which are 

constrained by noise and hardware limitations. 

Nonetheless, these NISQ devices show promise for 

computationally intensive tasks, particularly in high-

dimensional datasets [9]. To address current limitations, 

hybrid quantum-classical algorithms have been 

developed. These algorithms assign resource-intensive 

tasks, such as distance computation or optimization, to 

quantum systems, while classical systems provide 

stability and control. This approach enables the practical 

use of quantum devices in fields such as medical 

diagnostics and predictive analytics. 

Recent research has introduced several quantum-

enhanced machine learning algorithms, including 

Quantum Random  Forest (QRF), Quantum K-
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Nearest Neighbors (QKNN), Quantum Decision Tree 

(QDT), and Quantum Gaussian Naïve Bayes (QGNB), 

where classical systems handle dataset preprocessing 

and quantum systems accelerate computation. These 

hybrid models have demonstrated superior performance 

compared to traditional models in terms of prediction 

accuracy [10]. 

 In the area of unsupervised learning, clustering 

plays a vital role in pattern recognition and grouping of 

similar data points. Quantum-enhanced clustering 

algorithms emerge as promising tools for efficiently 

handling high-dimensional datasets. Several studies 

have applied quantum computing to improve clustering 

performance and reduce complexity. For example, 

Poggiali et al. [10] proposed 3 strategies for generating 

shorter-depth quantum circuits to address the limitations 

of NISQ devices. Their method was tested using the 

MNIST dataset on both quantum simulators and IBM’s 

real hardware. Similarly, Khan et al. [11] introduced a 

hybrid quantum K-means algorithm that leverages 

quantum parallelism to compute distances between 

centroids and data points simultaneously, reducing the 

complexity of the assignment step. Another study, 

Quiroga et al. [12], employed basic linear algebra 

subroutines (BLAS) to further reduce clustering time 

complexity. 

 In a different direction, Arthur and Date [13] 

presented a method for solving the balanced K-means 

clustering problem using quadratic unconstrained binary 

optimization (QUBO), encoding 8-dimensional 

classical data into a quantum format and benchmarking 

their results with Principal Component Analysis (PCA) 

on Modified National Institute of Standards and 

Technology (MNIST) dataset. Meanwhile, Kerenidis et 

al. [14] proposed a fully quantum clustering algorithm, 

though it was not tested on physical hardware. In 

Urgelles et al. [15], a quantum Euclidean distance 

calculation was implemented on quantum hardware for 

a 6G indoor positioning scenario, showing potential for 

use in K-means clustering. Furthermore, real-world 

applications such as recommender systems, electricity 

grid classification, and medical prediction for diseases 

like heart disease and diabetes have demonstrated the 

practical value of quantum clustering [16-19]. 

 This study introduces a hybrid quantum clustering 

algorithm applied to a heart disease dataset. The dataset 

undergoes preprocessing and transformation into 

quantum data before being input into a quantum circuit. 

The algorithm leverages quantum parallelism to 

optimize the efficiency of distance computations 

between data points and centroids, a critical step in the 

K-means clustering process. We propose 2 distinct 

quantum circuit designs, each employing a different 

approach to distance calculation, and evaluate their 

performance on both synthetic and heart disease 

datasets, comparing the results with classical methods. 

The designs are implemented and tested using IBM’s 

quantum simulator, Qiskit, which simulates quantum 

hardware to assess the quality and efficiency of the 

proposed circuits. 

 The rest of the paper is structured as follows: 

materials and methods, which describe the dataset, 

preprocessing steps, and quantum circuit design; 

experimental results and discussion, which present 

performance evaluations and comparisons with classical 

methods; and conclusion, which summarizes the key 

findings and discusses potential directions for future 

research. 

 

Materials and methods 

 Data preparation: The heart disease dataset is pre-

processed to address missing values, standardize 

features using techniques like standard scaling and PCA, 

duplicate elimination, and remove outliers to ensure 

consistency and reliability. The cleaned dataset is then 

used as input for the classical K-Means algorithm, and 

its performance is assessed using metrics. These results 

serve as a reference benchmark for evaluating the 

quantum implementation. 

 Quantum data preparation: Before implementing 

the dataset into the quantum algorithm, the classical data 

must be mapped to quantum states through quantum 

data encoding.  

 Quantum distance calculation: The proposed 

algorithm utilizes a quantum computer to calculate 

distances through a swap test circuit in 2 configurations: 

Single point to single centroid, and single point to 

multiple centroids. Once the distance calculations are 

completed, the centroid update step is executed on a 

classical computer, following a procedure similar to the 

classical K-Means algorithm. 

 Evaluation: The performance of both the quantum 

and classical implementations is compared using the 

same benchmark metrics established earlier. This 
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comparison highlights the advantages and limitations of 

the quantum approach relative to the classical baseline. 

 

 Classical K-means 

 The K-Means algorithm was first proposed by 

Lloyd [20]. It is a widely used method for unsupervised 

clustering [21], designed to partition a dataset 𝑋 =

𝑥⃗1, … , 𝑥⃗𝑀 of M data points (each datapoint is an N-

dimensional vector) into k clusters 𝑐⃗1, … , 𝑐⃗𝑘 . The 

algorithm proceeds through 2 main steps until 

convergence: The 1st step is cluster assignment. Firstly, 

the k centroid was randomly selected from the dataset. 

Then, each data point is assigned to the nearest centroid 

using the Euclidean distance: 

 

𝐷(𝑎⃗, 𝑏⃗⃗) = √∑ (𝑎𝑖 − 𝑏𝑖)
2𝑁

𝑖=1
      (1) 

 

where 𝑎 ⃗ and 𝑏 ⃗ are N-dimensional vectors. The 2nd 

step is centroid update. After all data points are assigned 

to their nearest centroids, the centroids are recalculated 

as the mean of all the points assigned to each cluster. 

Then, the recalculated centroids will be used in the next 

iteration.  The goal of K-Means is to minimize the 

within-cluster sum of squared errors (WSSE), which is 

given by: 

 

𝑊𝑆𝑆𝐸 = ∑ ∑ ∥ 𝑥𝑚 − 𝑐𝑘 ∥2
𝑚∈𝑐𝑘

𝐾

𝑘=1
      (2) 

 

where 𝑥𝑚⃗⃗ ⃗⃗ ⃗⃗   represents the data points and 𝑐𝑘⃗⃗ ⃗⃗   represents 

the centroids. The optimal number of clusters k is often 

using the elbow method, where the within-cluster sum 

of squares (WCSS) is plotted against k, and the “elbow” 

point, where the rate of decrease in WCSS slows down, 

is identified [22]. The classical K-Means algorithm has 

a time complexity of O(kMN), where k is the number of 

clusters, M is the number of data points, and N is the 

dimensionality of the data. The computation cost can 

become expensive for large datasets, encouraging the 

exploration of more efficient alternatives, such as 

quantum-based methods. 

 

 Quantum data preparation and distance 

calculation 

 Quantum K-means differ from classical K-means 

in how distances are computed. In classical K-means, 

distances are calculated using coordinates in the feature 

space, employing Euclidean distance or other similar 

metrics. In contrast, Quantum K-means computes 

distances probabilistically using the quantum states of 

qubits. Before performing calculations in quantum, all 

classical data must first be mapped into quantum states 

through a process called quantum data encoding. 

Encoding techniques can be done in many different 

ways [23]. In this paper, amplitude encoding is used for 

encoding input features into the amplitude of a quantum 

system 

 Amplitude encoding is a technique in quantum 

computing for representing classical data within 

quantum states. Given a classical vector 𝑥 =

(𝑥0, 𝑥1, … , 𝑥𝑁−1) , the encoding maps the elements of x 

to the amplitudes of a quantum state, resulting in the 

following representation: 

 

𝜓 >= ∑ 𝑥𝑗  𝑗 >
𝑁 −1

𝑗=0
        (3) 

 

where 𝑥𝑗 are the components of the classical vector, and  

𝑗⟩ denotes the binary representation of j in a quantum 

system with log2(𝑁) qubits. To ensure that ∣ 𝜓⟩ is a 

valid quantum state, the vector 𝑥 must be normalized, 

satisfying the condition. 

 

∑ |𝑥𝑗|
2

= 1
𝑁 −1

𝑗=0
         (4) 

 

 For example, if x = [1,2], the vector has N = 2 

elements, requiring 𝑛 = log22 = 1 qubits. The indices j 

of the vector elements are then mapped to binary 

representations using n-bit strings, such as ∣0⟩, ∣1⟩ for j 

= 0, 1, 2 respectively. Next, the vector x must be 

normalized to ensure it satisfies the quantum state’s 

normalization condition. The normalized vector is 

obtained by dividing each component by the vector’s L2

-norm. The norm is √12 + 22 = √5, resulting in the 

normalized  

 

vector 𝑥normal = [
1

√5
,

2

√5
]. The result quantum state is ∣

𝜓 >= [
1

√5
∣ 0 >,

2

√5
∣ 1 >] 
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Figure 1 Swap test circuit. 

 

 

 In quantum computing, distance calculation 

between vectors can be performed using the SWAP test 

circuit, illustrated in Figure 1. The SWAP test is a 

widely used quantum subroutine designed to estimate 

the overlap between 2 quantum states by measuring the 

probability of the ancillary qubit being in the ∣0⟩ state 

after a controlled quantum operation. Initially, 2 

quantum states, ∣a⟩ and ∣b⟩ are prepared to represent the 

classical vectors to be compared. These are encoded into 

separate qubit registers. An ancillary qubit is initialized 

in the ∣0⟩ state and passed through a Hadamard gate, 

resulting in the combined state: 

 

1

√2
(∣ 0 > +∣ 1 >) ⊗∣ 𝑎 >⊗∣ 𝑏 >       (5) 

 

 Then, the controlled-SWAP gate is 

applied between the vector qubits (a and b), controlled 

by the ancilla qubit (q[0]). The result state is shown as: 

 

1

√2
(∣ 0 >∣ 𝑎 >∣ 𝑏 > +∣ 1 >∣ 𝑎 >∣ 𝑏 >)     (6) 

 

 Hadamard gate is applied again at the end which 

result in the state as: 

 

1

√2
∣ 0 > (∣ 𝑎 >∣ 𝑏 > +∣ 𝑏 >∣ 𝑎 >)+∣ 1 > (∣ 𝑎 >∣ 𝑏 >

−∣ 𝑏 >∣ 𝑎 >)                  (7) 

 

 Finally, the ancillary qubit is measured of 

probability at the state ∣ 0⟩ shown as: 

 

𝑃(0) =
1+|<𝑎∣𝑏>|2

2
        (8) 

 

 This probability is directly related to the inner 

product of the 2 states. If the states are orthogonal, P(0) 

= 0.5, and if they are identical, P(0) = 1. 

 To leverage all features from the dataset in a 

quantum circuit, this study adopts the Euclidean 

distance estimation approach proposed in [14]. 

Specifically, we utilize the quantum circuit design from 

[14], depicted in Figure 2 encodes 2 quantum states ∣a⟩ 

and ∣b⟩ derived from vectors x and y, respectively, using 

the following scheme:

 

 



Trends Sci. 2025; 22(8): 10520   5 of 13 

 

Figure 2 Swap test full circuit. 

 

 

∣ 𝑎 >=
1

√2
(∣ 0 >⊗∣ 𝑥 > +∣ 1 >⊗∣ 𝑦 >)      (9) 

 

∣ 𝑏 >=
1

√𝑍
(|𝑥| ∣ 0 > +|𝑥| ∣ 1 >)             (10) 

 

where 𝑍 = |𝑥|2 + |𝑦|2     (11) 

 

 The Euclidean distance D between the 2 vectors 

can be calculated as: 

 

𝐷 = √2 − 𝑍|⟨𝑎 ∣ 𝑏⟩|2             (12) 

 

 This technique requires only O(log(N) + 1 qubits, 

where N is the dimension of the classical input vectors. 

This method optimizes quantum resource usage, making 

it suitable for implementation on near-term quantum 

hardware. As explained, data encoding and distance 

calculations are performed on the quantum computer, 

while cluster assignments and centroid updates are 

handled on the classical computer. A detailed 

description of the complete algorithm will be provided 

in the next section. 

 

 Quantum K-mean algorithms 

 Two approaches to the Quantum K-Means 

algorithm are introduced.  The 1st algorithm follows a 1-

point-1-centroid strategy (1p1k), where each data point 

is individually compared against all centroids using 

quantum computation. The overview pseudocode of the 

1st approach will show as Algorithm 1. An overview of 

this approach is presented in Algorithm 1. Its structure 

closely mirrors that of the classical K-Means algorithm: 

centroid initialization is performed using the K-

Means++ method (Line 1) to improve convergence, and 

centroid updates are executed classically by averaging 

assigned data points (Line 14). The key distinction lies 

in Lines 5 - 9, where quantum computation is employed 

to estimate distances. In this step, each data point–

centroid pair is encoded into quantum states, and the 

distance is measured using a quantum swap test.
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Figure 3 Quantum circuit of algorithm 1. 

 

 

 This algorithm follows a hybrid quantum-classical 

model, utilizing quantum hardware exclusively for 

distance calculation. The swap test component in Lines 

5 - 9 operates with a time complexity of O(d), where d 

is the feature dimension. The overall per-iteration 

complexity of the algorithm is O(Tnkd), where T is the 

number of iterations, n is the number of data points, and 

k is the number of centroids. The 2nd approach, known 

as the 1-point–many-centroids strategy (1pMK), 

leverages quantum parallelism to compute distances 

between a single data point and all centroids 

simultaneously. This significantly reduces the number 

of quantum circuit executions required per iteration. In 

this method, a single quantum circuit encodes the data 

point and all centroids concurrently, and ancilla qubit 

measurements are used to extract distance-related 

probabilities for all centroids in parallel.
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Figure 4 Quantum circuit of algorithm 2. 

 

 

 Experiment setting 

 Two proposed Quantum K-Means algorithms are 

implemented and tested on 2 different quantum 

platforms: A noisy quantum simulator and an ideal 

quantum simulator. The experiments are conducted 

using real-world datasets. The performance of the 

quantum algorithms is evaluated by comparing them 

with each other and with the traditional K-Means 

algorithm. 

 Dataset: The dataset used in this study originates 

from a public health database [24] and consists of 13 

attributes, including 1 target variable. A total of 1,025 

patient records were available. For clustering analysis, 8 

features were selected based solely on their categorical 

data type. Numerical and continuous variables were 

excluded to ensure compatibility with categorical-based 

encoding schemes. The selected features are illustrated 

in Figure 5. Prior to applying clustering algorithms, the 

dataset underwent several preprocessing steps. First, 

feature values were normalized using standard scaling 

to prevent attributes with larger numerical ranges from 

dominating the clustering process. Outliers were 

removed using the Interquartile Range (IQR) method to 

enhance robustness by eliminating extreme values as 

shown in Figure 6. Duplicate records were also 

removed to minimize bias and reduce computational 

overhead. Lastly, dimensionality reduction was 

performed using Principal Component Analysis (PCA). 
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PCA was applied to project the data onto 2 principal 

components, both to improve clustering efficiency and 

to enable visualization in a lower-dimensional space. 

 After preprocessing, the dataset was reduced to 

300 clean and representative records. The distribution of 

the transformed data is visualized in Figure 7 using a 

pair plot.

 

 

Figure 5 Selected 8 categorical features. 

 

 

Figure 6 Outlier removal process. 

 

 

Figure 7 Pair Plot of pre-processed data. 
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 Quantum platforms: AerSimulator is used to 

emulate a real quantum system with noise. A custom 

noise model based on the real IBM backend 

ibm_brisbane is applied to simulate realistic quantum 

behavior. Additionally, the qasm_simulator is used to 

provide ideal (noise-free) quantum simulation results, 

serving as a baseline for comparison. 

 Evaluation parameters: The performance 

comparison between traditional and quantum clustering 

approaches was evaluated using 3 clustering-quality 

metrics: 

 Accuracy: Measures the proportion of correctly 

assigned cluster labels compared to the ground truth 

labels. 

 

Accuracy =   
Predictions

Total Predictions 
             (13) 

 

 Precision: Evaluates the quality of positive cluster 

assignments. It measures the proportion of true positive 

assignments among all points assigned to a specific 

cluster. 

 

Precision =
True Positives

True Positives+False Positives 
            (14) 

 

 Recall: Measures the completeness of the 

clustering by calculating the proportion of true positives 

that were correctly identified out of all actual positives. 

 

Recall =
True Positives

True Positives+False Negatives 
           (15) 

 

 F1-score: The F1-score is the harmonic mean of 

precision and recall. It provides a balanced metric that 

considers both false positives and false negatives. 

 

F1 = 2 (
Precision ×Recall

 Precision+Recall
)              (16) 

 

 Sum of Squared Errors (SSE): Measures the 

compactness within clusters by summing squared 

distances from each data point to its assigned centroid. 

Lower SSE indicates more compact clusters.  

SSE = ∑ ∑ ∣∣ 𝑥 − 𝜇𝑖 ∣∣2 
𝑥∈𝐶𝑖

𝑘

i=1
            (17) 

 

 Silhouette Score(sil): Measures how well-

separated clusters are from each other. Values range 

from –1 to 1, with higher scores indicating better-

defined clusters. 

 

sil =
𝑏−𝑎

𝑚𝑎𝑥(𝑎,𝑏)
               (18) 

 

where a is the mean distance between a record and all 

other records in the same cluster, and b is the mean 

distance between a record and all other records in the 

nearest neighbouring cluster. 

 

 V-measure (V-meas): Combines homogeneity 

(each cluster contains only data points of a single class) 

and completeness (all data points from a given class 

belong to the same cluster). It ranges from 0 to 1, with 

higher scores indicating better clustering consistency. 

 

V =
2(ℎ𝑜𝑚𝑜𝑔𝑒𝑛𝑖𝑡𝑦+𝑐completeness )

ℎ𝑜𝑚𝑜𝑔𝑒𝑛𝑖𝑡𝑦∙𝑐completeness 
             (19) 

 

Result and discussion 

 As illustrated in Figure 8, the dataset comprises 

300 records, each reduced to 2 principal components 

and labeled with ground truth. The classical K-Means 

result serves as a baseline for comparison with the 

quantum clustering results. Figure 9 presents 

experimental results obtained using a quantum simulator 

with the noise model from the real quantum device 

ibm_brisbane. Both Algorithm 1 (1p1k) and Algorithm 

2 (1pmk) yield identical cluster assignments, closely 

matching those of classical K-Means. Despite this, both 

quantum approaches exhibit some misclassifications 

when compared to the true labels. These discrepancies 

are not due to quantum computation errors but are likely 

caused by data points lying near cluster boundaries, 

where classification is inherently ambiguous.
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Figure 8 Classical K-means result and true label. 

 

 

 

Figure 9 Experiment result on simulator with noise(ibm_brisbane). 

 

 

 

Figure 10 Experiment result on ideal simulator(qasm_simulator). 

 

 

 When the experiments were conducted on an ideal 

quantum simulator (qasm_simulator), as shown in 

Figure 10, the results remained consistent. Both 

algorithms once again produced identical cluster 

assignments and maintained high similarity with 

classical K-Means.  



Trends Sci. 2025; 22(8): 10520   11 of 13 

 

Table 1 Summary of evaluation metrics. 

Algorithm Accuracy Precision Recall F1 SSE Sil V-meas 

Classical K-mean 0.82 0.83 0.82 0.82 665.06 0.433 0.334 

1p1k 

(ibm_brisbane) 
0.82 0.83 0.82 0.83 665.17 0.433 0.328 

1pmk 

(ibm_brisbane) 
0.82 0.83 0.82 0.83 665.17 0.434 0.353 

1p1k(qasm_simulator) 0.83 0.83 0.82 0.83 665.17 0.435 0.346 

1pmk(qasm_simulator) 0.82 0.83 0.82 0.83 665.17 0.433 0.328 

 

 

Table 2 Comparison with other work. 

Algorithm Accuracy Precision Recall F1 

XGboost [6] 0.97 0.95 0.97 0.93 

Correlation Based Feature Selection [25] 0.85 0.80 0.85 0.79 

Quantum Circuit [18] 0.96 0.97 0.94 0.96 

Classical K-mean 0.82 0.83 0.82 0.82 

1p1k(ibm_brisbane) 0.82 0.83 0.82 0.83 

1pmk(ibm_brisbane) 0.82 0.83 0.82 0.83 

1p1k(qasm) 0.83 0.83 0.82 0.83 

1pmk(qasm) 0.82 0.83 0.82 0.83 

  

 

 The results summarized in Table 1 indicate that 

the proposed quantum K-Means algorithms (1p1k and 

1pmk) achieve clustering performance closely 

comparable to the classical K-Means baseline across all 

key evaluation metrics. Specifically, the quantum 

models show similar Accuracy scores of 0.82 - 0.83, 

Precision, Recall, and F1-score values, with only minor 

variations. Additionally, clustering quality metrics such 

as SSE, Silhouette Score, and V-measure remain 

consistent between classical and quantum approaches, 

even when executed on real quantum hardware 

(ibm_brisbane) with noise present. These results 

demonstrate the robustness of quantum clustering 

techniques under practical hardware conditions. 

 In Table 2, a comparison with other methods on 

the same heart disease dataset is presented. Advanced 

models such as XGBoost [6] achieve higher Accuracy 

(~0.97) through supervised learning, which leverages 

label information to optimize decision boundaries. 

However, when focusing on unsupervised clustering 

approaches, the proposed quantum K-Means algorithms 

show competitive performance. Compared to 

Correlation-Based Feature Selection [25], which 

achieved an Accuracy of 0.85, the proposed quantum 

models maintain comparable results while operating 

under the stricter constraints of unsupervised learning. 

Furthermore, when compared to Quantum Circuit 

Clustering [18], which reported an Accuracy of 0.96, the 

performance of the proposed method remains 

respectable, especially considering the simplicity of the 

circuits (one qubit, angle encoding) and the execution 

under real hardware noise. 

 However, a key factor contributing to the observed 

clustering performance (~0.82 - 0.83) is the inherent 

overlap between the 2 true label groups, as illustrated in 

Figure 8. The 2 classes are not cleanly separable in the 

reduced feature space. This overlap limits clustering 

performance, as unsupervised models cannot exploit 

label information to adjust decision boundaries. 

Therefore, the results should be interpreted not as a 

shortcoming of the quantum clustering approach but 

rather as a reflection of the data complexity. 
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 As the problem complexity increases (e.g., 

clustering datasets with more than 2 features), each 

quantum K-Means algorithm faces different scalability 

challenges. Algorithm 1 (1p1k), which processes each 

data-centroid pair individually, is more scalable for 

larger datasets because it maintains a lower qubit 

requirement and iteratively computes distances. In 

contrast, Algorithm 2 (1pmk) encodes all centroids 

simultaneously into a single quantum circuit, leveraging 

quantum parallelism to reduce circuit executions. While 

efficient for small datasets, Algorithm 2 demands 

significantly more qubits, increasing susceptibility to 

hardware limitations and noise as the number of 

centroids or feature dimensions grows. 

This trade-off between quantum parallelism and 

hardware resource availability should be carefully 

considered when selecting the appropriate quantum K-

Means strategy for larger and more complex datasets. 

 

Conclusions 

 This study explored the application of hybrid 

quantum-classical K-Means algorithms for clustering 

patient data related to heart disease. By incorporating 

quantum distance computation using swap test circuits, 

the study demonstrated how quantum computing can 

enhance computational efficiency and parallelism 

within a traditional clustering workflow. Two proposed 

algorithms, namely Algorithm 1 (1 Point to 1 Centroid) 

and Algorithm 2 (1 Point to Many Centroids), were 

evaluated using a real-world public health dataset 

containing over 1,000 patient records. Experimental 

results from both noisy and ideal quantum simulators 

showed that the clustering outcomes were closely 

aligned with those produced by the classical K-Means 

algorithm, with comparable performance across 

standard evaluation metrics. 

 Quantum clustering faces limitations due to 

current hardware constraints, including limited qubits, 

circuit depth, and noise. Algorithm 2 is especially 

impacted, as encoding multiple centroids in one circuit 

limits scalability for high-dimensional data or large 

cluster sizes. 

Despite current challenges, the results show strong 

potential for quantum clustering in medical data 

analysis. With advancements in quantum hardware and 

error correction, it could support early disease detection 

and risk assessment. Future work should focus on circuit 

optimization, scalable encoding, and testing on larger 

datasets using real quantum devices. 
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