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Abstract 

Cardiovascular diseases refer to diseases that affect the heart and blood arteries. Most strategies developed to 

predict ischemic heart disease (IHD) are focused on pain characteristics, age, and sex, but many variables have 

been described as determinant risk factors for developing IHD. Therefore, machine learning algorithms are 

essential to make efficient decisions in predicting cardiac disease in the healthcare industry by considering a 

lot of medical data. Recent research has focused on implementing these approaches to quantum machine 

learning (QML) algorithms. This research proposes a set of computationally efficient QML algorithms, 

optimized quantum support vector machine (OQSVM), and hybrid quantum multi-layer perceptron (HQMLP) 

for the classification of cardiovascular disease. The use of efficient pre-processing and the robust feature 

selection techniques, i.e., Wrapper and Filter method improves the prediction rate and ensures the robustness 

of the proposed models. All the models are evaluated using the real-time cardiovascular dataset and recorded 

the performance in terms of accuracy. The performance metrics of the proposed models are compared to those 

of recently published models with more complicated architectures. The highest accuracies of the proposed 

OQSVM, and HQMLP models, considering 10 features of the cardiovascular dataset, are recorded at 94% and 

93%, respectively. Furthermore, the proposed models are computationally effective and can be preferred for 

real-time healthcare applications. 
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1. Introduction 

Cardiovascular diseases (CVD) are one of the world's deadliest diseases, according to the World Health 

Organization [1]. It cost the lives of around 17.9 million individuals in 2019. Heart attacks and stroke 

accounted for 85 percent of the deaths worldwide, the ratio of deaths related to CVD recorded as 32%. It 

is projected that by 2030, 32% of world moralities will be caused by heart attacks [1–3]. One of the CVD 
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of interest is ischemic heart disease (IHD). IHD, also called coronary heart disease, is a problem that 

occurs when the narrowed coronary arteries that supply oxygen to the heart muscles are partially or 

blocked due to cholesterol deposits or abruptly by a blood clot. The problems related to coronary artery 

disease (CAD) show an upward trend in most European countries. CAD was the leading cause of 

mortality in Spain after coronavirus disease 2019 (COVID-19) [4]. Classifying by sex, most male were 

affected by retinopathy and CAD, whereas the majority of the female were affected by cerebrovascular 

diseases. Additionally, CAD becomes a public health problem when the numbers of people affected by 

the disease are considered and when it is too late for treatment, large amounts of money must be spent. 

CAD, such as chronic coronary syndrome and myocardial infarction, are the leading cause of CVD 

(commonly known as a heart attack). Other cardiac diseases include hypertensive heart disease, stock, 

heart failure, cardiomyopathy, valvular heart disease, abnormal heart rhythm, thromboembolic disease, 

and carditis [3]. CVD has increased dramatically in advanced and developing countries over the last 

several decades for various causes, and environmental risk factors are considered responsible for the 

leading cause of CVD deaths. Several risk factors have been linked to CVD, including physical activity, 

family history, smoking, age, obesity, and lifestyle [5, 6]. The rapid increment in the statistics of heart 

failure disease is highly alarming. The prevalence of heart disease is steadily increasing, impacting people 

of all ages. This high, increasing ratio of cardiac disease is primarily due to a lack of exercise, poor diet, 

and being overweight. An estimated 2% of adults in heavily influenced countries suffer from heart failure. 

Moreover, 6%–10% of residents over the age of 65 suffer from heart failure [7], which is one of the 

main consequences of CAD. In this context, diet-driven reductions in nutrition-related CVD risk factors 

such as obesity, diabetes, and hypertension were demonstrated in a simulated trial using the Archimedes 

model to lower the overall risk of myocardial infarctions and attack by 46% within real-world settings 

[8]. Numerous observational studies and meta-analyses of randomized clinical trials have highlighted the 

Mediterranean diet (MedDiet) [9]. The techniques of replacing and repairing transcatheter aortic and 

mitral valves have maximized patient care and significantly minimized the mortality rate [10]. Given the 

importance of CAD among the CVD spectrum, an accurate prediction of CAD development in patients 

presenting chest pain seems necessary. Machine learning (ML) techniques can handle several variables, 

accessible from electronic health records, related to CAD development in patients with chest pain. It 

could lead to the homogenization of diagnostic and therapeutic approaches between professionals in this 

clinical setting. 

In recent years, quantum computing (QC) has proliferated in theoretical and practical, raising hopes 

for its potential effect in real-world applications. The fundamental concepts of nature, such as quantum 

mechanics, make QC more re-evaluated. In the recent century, the advancement of physics made purity 

materials and observation methods unpredictable and derived some quantum phenomena more detectable 

[11]. QML straddles two current research fields: QC and ML. To analyze the correlation between ML 

and QC to see how well the effects and outcomes of one field's approaches might be used to solve 

problems in the other domain. With the rapid rise in data, quantum processing power can provide an edge 

in quantum machine learning (QML) tasks, while classical ML eventually intended to restrict the classical 

computational model [12]. The impact of quantum computers on ML has become an innovative field of 

research. In order to use the advantages of ML, recent research advancements have made significant 

contributions to the enhancement of ML algorithms.  

Many researchers have recently implemented different quantum algorithms (QAs) [13, 14] using real 

healthcare datasets [15, 16]. Although QML is one of the most promising research fields, various research 

groups and individual researchers are actively exploring it [17]. In particular, work on new ML 

approaches that take advantage of QC advantages is more important in healthcare [18]. In such a scenario, 

supervised learning is a new QML task that has sparked much attention from academia and the healthcare 

industry [19]. In binary classification problem, the exponentially experimental improvement contains 

several contributions, i.e., quantum support vector machine (QSVM) [20–22], variational quantum 

classifier (VQC) [15, 16], quantum deep learning models [23, 24], error minimizing algorithm [25], and 
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also pre-processing techniques [15, 16, 26]. The design and implementation of QANN [27–29] provide 

a gateway for more algorithms to be applied in quantum states. 

Moreover, several ways of classical encoding data into quantum states benefit from an exploratory cost 

reduction in terms of resources and the inclusion of nonlinearity in the data [30]. The kernel-based 

methodologies are helpful to obtain data linearity for linear classifiers [31]. Now the researchers are 

focusing on establishing a comprehensive QA capable of solving classification problems related to the 

healthcare industry. The use of QC techniques in ML applications, most of the QML algorithms [14, 20] 

using various datasets such as University of California Machine Learning Repository (UCI), Iris, Cancer, 

and MNIST. In short, QML and classical ML algorithms are widely used to diagnose healthcare problems 

and aid patients in various ways. 

This work focused on the comprehensive and experimental investigation of QML and its applications 

in the healthcare domain. The implemented quantum classifiers are compared with the classical 

algorithms by considering the cardiovascular dataset to classify the CVD. The QML algorithms have 

accomplished a significant improvement in terms of overall accuracy. The paper's main objective is to 

demonstrate the significance of quantum-enhanced ML in the medical and healthcare sectors. The 

significant contribution of the paper is as follows. 

⚫ For pre-processing, we present the Wrapper and Filter technique to extract the import features for 

the cardiovascular dataset. The Wrapper evaluates the utility of a subset of features by using it to 

train a model, while the Filter assesses the significance of features based on their relationship to 

the dependent variable. 

⚫ We enhance the Qiskit implemented model such as OQSVM by optimizing its hyperparameters, 

by utilizing the different combinations of quantum gates, with different entanglements to obtain the 

circuit's depth. 

⚫ We designed and implemented the hybrid quantum multi-layer perceptron (HWMLP) algorithm. 

Different gate combinations are used to encode the data in the quantum system, and additionally, 

the employment of the ansatz qubits helps to rotate the data to enhance the model. 

The rest of the paper is divided into three sections. Section 2 is about the Material and Methods, which 

is further contains the dataset description, pre-processing, and proposed Quantum models such as 

OQSVM and HQMLP, Section 3 elaborates the Results and Discussions, and Section 4 is concluded with 

the conclusion and future work.  

 

2. Material and Methods 

This section provides the materials used in this experiment and the pre-processing methodology used. 

The subsection dataset description provides a brief overview of the gathered cardiovascular dataset and 

the importance of its key parameters, while the subsection methods contain feature selection data pre-

processing technique, and the implemented models, which are described below. 

 

2.1 Dataset Description 

In this research, we used the compilation of electronic medical records (EHRs). The EHRs database 

contains the patient's clinical treatment data, compiled by clinical information systems into research-

oriented datasets. Garcia Olea et al. [4] investigated the relationship between EHR features and the 

development of CAD in patients who used the public clinical care system for chest pain at the Basurto 

Hospital in Bilbao between 2016–2018. 

Initially, EHRs were collected for around 2,199,711 patients, of whom 43,835 were required to care 

for chest pain in the specific period of the study. Among these, 10,463 patients who had no further 

diagnostic tests were withdrawn. 

Then, the dataset resulted in the collection of 33,372 records, were 5,379 (16.1%) of these developed 

CAD in the period considered, as shown in Table 1. Initially, the dataset had 82 features, which were 
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categorical or continuous variables, plus the output variable (CAD diagnosis). The data cleaning stage 

comprises four stages: eliminated the null fields variables, eliminated repetitious variables, eliminated 

inoperable variables, and eliminated variables with a high correlation rate. 

 

Table 1. Whole database traits without removing features 

Number of registers Number of attributes Type Output variable (1) 

33,372 82 Continuous and categorical IHD 

 

Twenty variables that do not meet the condition were eliminated due to null fields, which means they 

do not have complete information for all the records. 

Subsequently, in the elimination stage of repetitious variables, the 14 variables containing only values 

of 0 were removed because they made no significant contributions to the prediction models. 

Likewise, some information was not valuable in this study, such as patient ID, admission dates, 

discharge dates, and other data were excluded. Finally, variables with a high Pearson correlation 

coefficient were removed to avoid model redundancy. A threshold was chosen to select between each 

pair of variables. The selected ones (between pairs) are bold and shown in Table 2. The variables that 

were eliminated in one pair and not selected to be removed in another pair were kept in the database. 

 

Table 2. Selected variables according to the correlation coefficient. 

Var 1 Var 2 Pearson coefficient 

Type 2 diabetes Antidiabetics 0.7651 

Age Pensionista 0.7039 

Antithrombotic agents Beta-blockers 0.5239 

Antithrombotic agents Lipid-lowering 0.5215 

Block RAAS Lipid-lowering 0.4959 

 

In the end, 42 input variables were obtained with the same output variable (i.e., CAD). Among the 

variables included in the cleaning data set, demographic variables such as gender and age are considered 

and variables that indicate the presence of mental illnesses, such as anxiety or depression. In addition, 

the variables incorporated with different types of addictions, such as alcoholism, certain types of 

medications or drugs like proton pump inhibitors, antithrombotic agents, anabolic steroids, and certain 

types of medical conditions such as osteoporosis, cancer, and STIs were considered. Finally, the patient 

information was included; those were exposed to different treatments, such as cardiac therapy or 

catheterization. The variables for the final dataset are shown in Table 3. 

 

2.2 Feature Selection Method 

The various features are used in the database, where a dimensionality reduction stage is performed 

with two purposes: to reduce the size of the features and better adapt the dataset for the used model, to 

achieve a better, more efficient analysis, and prediction of the model. Earlier, we said that dimensionality 

reduction is carried out by performing different feature selection methods and considering their two types: 

Filter and Wrapper techniques. Regardless of Filter methods, one of the data modeling approaches used, 

choose features based on a performance metric. Therefore, the modeling algorithms can only be 

employed to return the best features after being discovered. On the other hand, Wrappers will evaluate 

the feature subsets based on their performance quality for the modeling technique used as a black box 

evaluator. For example, a Wrapper will evaluate the performance of subsets based on the clustering 

algorithm and clustering tasks. With Filters, the subset construction is based on the search strategy, and 

the evaluation is repeated for each subset. Because Wrappers are dependent on the resource demands of 

the modeling process, they are substantially slower than Filters at obtaining sufficient and appropriate 

subsets [32]. 
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Table 3. Variables name and type for clean dataset 

Var name Data type and value 

Cateterismo Categorical- -1/1 

Ergometría Categorical- -1/1 

ECO_Estrés Categorical- -1/1 

Ecocardioagrama Categorical- -1/1 

ECG Categorical- -1/1 

Depresión Categorical- -1/1 

Alcohol Categorical- -1/1 

Drogodependencia Categorical- -1/1 

Ansiedad Categorical- -1/1 

Demencia Categorical- -1/1 

Insuficiencia_Renal Categorical- -1/1 

Osteoporosis Categorical- -1/1 

Diabetes_Tipo_1 Categorical- -1/1 

Diabetes_Tipo_2 Categorical- -1/1 

Dislipidemia Categorical- -1/1 

Hipercolesterolemia Categorical- -1/1 

Fibrilación_palpitación Categorical- -1/1 

Flutter Categorical- -1/1 

Insuficiencia_Cardiaca Categorical- -1/1 

Cáncer Categorical- -1/1 

Edad Numerical- Age in years 

Residencia Categorical- -1/1 

Agentes_Antitrombóticos Categorical- -1/1 

Á cido_Acetilsalicílico Categorical- -1/1 

Inhibidores_De_La_Bomba_De_Protones Categorical- -1/1 

Diuréticos Categorical- -1/1 

Anticonceptivos_Hormonales Categorical- -1/1 

Esteroides_Anabólicos Categorical- -1/1 

Preparados Antigotosos Categorical- -1/1 

Inmunomoduladores Categorical- -1/1 

Antidepresivos Categorical- -1/1 

Antipsicóticos Categorical- -1/1 

Benzodiacepinas Categorical- -1/1 

TerapiaCardiaca Categorical- -1/1 

Antihipertensivos Categorical- -1/1 

Vasodilatadores Categorical- -1/1 

Betabloqueantes Categorical- -1/1 

Antagonistas_Del_Ca Categorical- -1/1 

Bloqueo_SRAA Categorical- -1/1 

Antilipemiantes Categorical- -1/1 

Its Categorical- -1/1 

Hipertensión Categorical- -1/1 

 

In this research, the Wrapper methods used are recursive feature elimination (RFE) with logistic 

regression (LR) and random forest (RF), and the Filter method called maximum relevance minimum 

redundancy (mRMR). The RFE approach works by deleting attributes recursively and developing a 

model based on the remaining attributes, sorting the features by relevance. The Broyden-Fletcher-

Goldfarb-Shannon (LBFGS) solver is used as an estimator in logistic regression with RFE, and the 

numbers of steps and volume are tuned. In addition, using 100 trees in the forest and bootstrap samples 
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to create the trees, the RF technique was used as the criterion to determine the quality of the split, the 

"Gini Index." On the other hand, the mRMR algorithm quantifies the redundancy and relevance using 

mutual information, quantifying mutual information of variables-pairwise, and mutual information of a 

feature and the response variable. Using the Wrapper and Filter methods for three classifiers, such as RF, 

RFE with LR, and mRMR models, the intersection technique, which includes standard features in the 

individual classifiers, was provided. These three classifiers extracted the 10 essential features from our 

database. A flow diagram of the steps for the feature selection is shown in Fig. 1. 
 

 
Fig. 1. Feature selection flow diagram. 

 

2.3 Proposed Quantum Algorithms 

QML is a technique for enhancing ML algorithms and applying them to quantum systems. It is 

considered the sub-contribution of the research field of quantum information processing, which has the 

data learning capabilities to develop an efficient algorithm. QC uses quantum theory to determine the 

information of QAs that run on these quantum systems. This section contains the implementation of QML 

algorithms, as indicated in Fig. 2. 

 

2.3.1 Optimized quantum support vector machine 

Support vector machine (SVM) is a popular ML model that may select the best hyperplane for 

classification problems. In the case of the linear and separable dataset we have [33], 
 

𝐷 = (𝑥1⃗⃗  ⃗, 𝑦1), … . , (𝑥𝑀⃗⃗⃗⃗  ⃗, 𝑦𝑀) (1) 
 

where M indicates the training dataset size with dimension 𝑁. To classify the data throughout the 𝑁 

dimensional hyperspace effectively, it is possible to construct an (𝑁 − 1) dimensional hyperplane with 

the most significant margin. Here we consider the binary classification, denoting the labels 𝑦𝑖 = ±1 for 

simplicity. 
 

𝑓(𝑥 ) = 𝑠𝑔𝑛(�⃗⃗� ∗. 𝑥 + 𝑏 ∗) (2) 
 

Suppose an 𝑁-dimensional hyperplane space is denoted by a set of parameters (�⃗⃗� , 𝑏).  There are many 

solutions exists for  𝜔 and 𝑏 in order to satisfy 𝑦𝑖(�⃗⃗� . 𝑥 𝑖 + 𝑏) ≥ 1 for every training dataset. 
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Fig. 2. Block diagram of quantum proposed models. 

 

The main task of the SVM is to define the optimal separation between the two classes (1, –1). The 

SVM also finds a maximum margin hyperplane with normal vector �⃗⃗�  that splits the two classes for 

classification. There are no data points inside the margin, which is defined by two parallel hyperplanes 

separated by the most significant feasible distance  
2

||𝑊||
. Formally, the construction of hyperplane enlarges 

the distance so that (�⃗⃗� . 𝑥𝑖⃗⃗⃗  + 𝑏 ≥ 1) for 𝑥𝑖⃗⃗⃗   in the class (+1) and that (�⃗⃗� . 𝑥𝑖⃗⃗⃗  + 𝑏 ≤ −1) for 𝑥𝑖⃗⃗⃗    in the class 

(–1), respectively, and 
𝑏

||𝑊|| 
 𝑖ndicates the offset of the hyperplane as shown in Fig. 3. 

 

 
Fig. 3. Support vector machine. Adapted from [16]. 

 

The kernel method [33, 34] involves applying a feature map to create a separable hyperplane by plotting 

the data from two-dimension space into higher dimensional space, as shown in Fig. 4. The mathematical 

form of the optimization problem is the same as the linear constrained convex quadratic equation for 

𝑚𝑖𝑛𝜔,𝑏  in such that 𝑦𝑖(𝑤𝑥𝑖 + 𝑏) ≥ 1, 𝑖 = 1… . 𝑁 . The methodology for minimizing optimization 

problems is identical to dual problem minimization. In order to minimize the dual formulation, which has 

the constraints of 0 ≤ 𝛼𝑖 ≤ 𝐶 and ∑ 𝛼𝑖𝑦𝑖 ≥ 0𝑀
𝑖=1 , the function of Karush-Kuhn-Tucker multipliers for 

𝛼 = (𝛼𝑖 , … , 𝛼𝑀)𝑇has been used [29]. 
 

𝐿(𝛼 ) = ∑𝑦𝑖𝛼𝑖

𝑀

𝑖=1

−
1

2
∑𝛼𝑖𝐾𝑖𝑘𝛼𝑘

𝑀

𝑘=1

 (3) 
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(a) (b) 

Fig. 4. (a) Coverting a nonlinear data into 2D space. (b) Separable hyperplane using Kernel method. 

 

The hyperparameters are obtained through �⃗⃗� = ∑ 𝛼𝑖𝑥𝑖⃗⃗⃗  
𝑀
𝑖=1  and 𝑏 = 𝑦𝑖 − �⃗⃗� . 𝑥𝑖 ⃗⃗⃗⃗ (𝑖𝑛𝑐𝑎𝑠𝑒𝑜𝑓𝛼𝑖 ≠ 0). In 

such a scenario, only a few non zero 𝛼𝑖exists, which correlate to 𝑥𝑖  and lie on the two hyperplanes. 

Despite the fact that data points are not linearly separable, the kernel approach is used to differentiate the 

data. The kernel scheme uses the kernel matrix, a key component in most of the ML tasks [35, 36], 𝐾𝑖𝑘 =

𝑘(𝑥𝑖⃗⃗⃗  , 𝑥𝑘⃗⃗⃗⃗ ) = 𝑥𝑖⃗⃗⃗  , 𝑥𝑘 ⃗⃗ ⃗⃗  , in order to evaluate to the kernel function 𝑘(𝑥, 𝑥′). Moreover, in the kernel matrix to 

solve the dual form, first evaluate 𝑀(𝑀 − 1)/2 with dot product (𝑥𝑖⃗⃗⃗  , 𝑥𝑘⃗⃗⃗⃗ ). In such case, convex quadratic 

programming is used to find the best 𝛼𝑖  value, with 𝑂(𝑀3) incase of non-sparse. The time taken for each 

dot product evaluation is subjected to 𝑂(𝑁),while the whole classical SVM algorithm the time along with 

accuracy is computed as 𝑂(𝑙𝑜𝑔(1/𝜖) × 𝑀2(𝑁 + 𝑀)) with accuracy 𝜖 . For data 𝑥  the new classified is 

as follows [33]. 
 

𝑦(𝑥 ) = 𝑠𝑔𝑛 (∑𝛼𝑖𝑘(𝑖 , 𝑥 ) + 𝑏

𝑀

𝑖=1

) (4) 

 

QSVM is a supervised QML technique for data classification and regression. The QSVM algorithm 

works in the same manner as classical SVM does, except some additional implementations take place, 

which are executed on quantum processors. In QSVM, the classical data points 𝑥𝑖⃗⃗⃗   are converted into 

quantum state variables |𝛷(𝑥 )⟩ by using feature mapping (PauliFeatureMap) [16]. 
 

𝑈𝛷(𝑥) = 𝑒𝑥𝑝 (𝑖 ∑ 𝜙𝑆(𝑥)

𝑖

𝑆⊆[𝑛]

∏𝑍𝑖

𝑖

𝑘∈𝑆

) (5) 

 

The arbitrary classical function 𝝓(�⃗⃗� ) has applied to classical data points 𝒙.  The circuit for OQSVM 

is shown in Fig. 5, where the primary function of the unitary gate is to rotate the qubits to the desired 

value of 𝑼𝝓(�⃗⃗� )|𝟎⟩. For each classical input, the classified classical data (–1, 1) are obtained by using 

measurement operation, which further depends on quantum circuit 𝑾(𝜽). Consequently, we can state that 

these test datasets are linked to the desired labeled data. 

 

 

Fig. 5. OQSVM circuit. 

 

2.3.2 Hybrid quantum multi-layer perceptron 
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Neural networks (NNs) have gotten a lot of attention since they have proven extremely useful in pattern 

recognition and optimization. An artificial neural network (ANN) learns or trains by sorting the weight 

values to achieve a desired output from the reciprocal input. It can be conceived as a reduction in the error 

function determined by the discrepancy between the NN's output and the training set's predicted outcomes 

[37]. A NN, often known as a multi-layer network, is a type of ANN. 

The multi-layer perceptron (MLP) is a widely used architecture utilizing the back-propagation training 

model in the NN domain. Although the most crucial component is the MLP model's definition, many 

connections can be the source of an overfitting problem with training datasets. At the same time, a lack 

of connectivity can make the model ineffective at elucidating the issue of inadequate adopted parameters 

[37]. Therefore, the fundamental research objective in MLP is to optimize the number of nodes and hidden 

layers for designing an MLP model to solve the issue of contingency on the number of layers. The MLP 

comprises two main layers, including the input and output layers and several hidden layers [38]. 

The number of neurons in the input layer is the same as the class labels for the pattern challenge 

measurement, and the number of nodes in the outcome layer is more like the number of predicated classes. 

In other words, there are two neuron layers in the binary categorization. A model issue is defined as the 

preferred number of layers and neurons in each layer and connection, and our foremost goal is to optimize 

it for a significant subnet with adequate attributes and adaptability for classification. The feed-forward 

QML model consists of 1 input layer with 10 features, 3 hidden layers with 10, 32, and 10 neurons, 

respectively, and the output layer. Assume that 𝐾 is the number of input layers and k denoted the number 

of neurons 𝐾 = (𝑘0, 𝑘1, … , 𝑘𝑛) with the ReLU activation function. The HQMLP model has an input layer 

and output layer; in between these, it has hidden layers and quantum circuits, as indicated in Fig. 6. The 

back-propagation approach may improve the HQMLP classification model, analogous to the quantum 

perceptron. A succession of unitary operators can also be used to build the learning method. Suppose 

there are 𝑑 samples in total {(|𝑥(𝑡)⟩, |𝑟(𝑡)⟩): 𝑡 = 1,… , 𝑑}, where [39], 

 

|𝑥(𝑡)⟩ = ∑ 𝜆𝑖
(𝑡)|𝑖⟩ ⊗ 𝑅(𝛼𝑖

(𝑡)
)|0⟩

𝑚−1

𝑖=0

 (6) 

|𝑟(𝑡)⟩ = 𝑅(𝛽(𝑡))|0⟩ (7) 

 

 

Fig. 6. Hybrid quantum multi-layer perceptron. 

 

Assume that the weigh {|𝑤𝑖𝑗⟩, |𝑣𝑗⟩: 𝑖 = 0,… ,𝑚 − 1, 𝑗 = 0, … , 𝑛 − 1} satisfy |𝑤𝑖𝑗⟩ = 𝑅(𝜃𝑖𝑗)|0⟩  and 

|𝑣𝑗⟩ = 𝑅(𝜗𝑗)|0⟩. 

The output in the hidden layer is |𝑦(𝑡)⟩ = ∑ 𝜉𝑗|𝑗⟩ ⊗ 𝑅(𝜙𝑗
(𝑡)

)|0⟩𝑛−1
𝑗=0   Where 𝑐𝑜𝑠𝜙𝑗

(𝑡)
= 𝜑1(⟨𝑥

(𝑡) ∨ 𝑤𝑗⟩). 

The output in the output layer is  |𝑧(𝑡)⟩ = 𝑅(𝜌(𝑡))|0⟩, 𝑤ℎ𝑒𝑟𝑒 𝑐𝑜𝑠𝜌(𝑡) = 𝜑2(⟨𝑦
(𝑡) ∨ 𝑣⟩). 
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|𝜓(𝑥: 𝜃)⟩ = 𝑈(𝜃)|𝜓(𝑥) (8) 
 

The primary concept behind this method is to use an objective function as a guide to improving the 

parameters [16]. By considering the weights in the hidden layers as a matrix, we introduce a unitary 

operator 𝑈𝑊~ such that  𝑈𝑊~|0⟩ = ∑ 𝜇𝑗|𝑗⟩ 
𝑛−1
𝑗=0 ; then, we can define the weight of the hidden layer of 

HQMLP in a superposition by integrating variables 𝑅𝑦, 𝑅𝑧  gates, and entangles with 𝐶𝑁𝑂𝑇 gate for 

parameterized ansatz circuit. 

The hidden layer circuits have the ansatz circuit, which parameterized input 𝑥 dependent on the number 

of parameters 𝜃, and measurement are all part of this process. The classical phase includes the circuit 

output, the objective function, and the learning procedure. The HQMLP is approximated using 

optimization approaches such as ADAM. The ansatz circuit is sometimes used to address complex 

optimization problems [38, 39]. 
 

|𝑤⟩ = ∑𝜇𝑗|𝑗⟩|𝑤𝑗⟩

𝑛−1

𝑗=0

= ∑𝜇𝑗|𝑗⟩ ⊗

𝑛−1

𝑗=0

∑ 𝜇𝑖𝑗|𝑖⟩|𝑤𝑖𝑗

𝑚−1

𝑖=0

 (9) 

 

To measure quantum circuits, assessing the possibilities by carrying out the decisive measurement. It 

is the same as taking a large number of samples from a set of possible computational base states and 

finding the average value.  

 

Algorithm 1. Hybrid quantum multi-layer perceptron algorithm 

Input: Training Dataset 𝑋(𝑥1, 𝑦1), … . , (𝑥𝑛, 𝑦𝑛) 

Fx: Feature Extraction Normalization 

S: Simulator (Statevector Simulator) 

Lr: Learning Rate α ∈ [0, 1], Typically α= 0.01 

Fr: Regularization Feature data: 10×3122 

E: Number of Epochs 

Output: Classified Output 

repeats 

for do 

Feed Forward Propagation 

Ln = Linear Neural Network Layers (Fx) 

𝑀𝑝 = Max Pooling layer (Ln) 

Fc = Fully Connected Layer (Mp ) 

    R = RELU Activation Function (FX ) 

D = Dropout Layer (Fc ) 

for do 

Data Encoding 

Unitary data encoding 𝜑𝑆 ∶ 𝑥 −→  (𝜋 − 𝑥𝑖 )(𝜋 − 𝑥𝑖 ) 

U3 Ansatz Gates, 𝑈3 = (𝜃,𝜑, 𝜆) 

Back Propagation 

Optimizer = Adam Optimizer 

Loss Function = Mean Square Error (MSE) 

For classification, the network to predict the labels 

end  

end 

until; 

Last E. 

                Return: Predict the number of classes. 
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The training aims to find the model parameters to minimize a certain loss function [16]. A quantum 

framework can be optimized the same way as classical NNs. Evaluating the process forward in both cases 

is to find the loss function because the gradient of a quantum circuit can be determined by using the 

gradient-based optimization techniques as a loss function to update our trainable parameters during 

training the model. Using this strategy, we can compute the difference between our estimates and the 

actual labels, which is stated as a loss evaluation function. Algorithm 1 shows that an optimization 

technique is used to update the quantum circuit's parameters after accomplishing measurements. The 

traditional loop trains our parameters until the cost function's significance diminishes. 

 

3. Results and Discussion 

The experimental results are carried out in a classical device that replicated a physical quantum device. 

The results for the proposed algorithms have been taken by considering the cardiovascular dataset, which 

contains 42 attributes related to CVD. The proposed models have been tested by considering the 10 

important features extracted from 42 features. Using the Wrapper and Filter method for three classifiers, 

such as RF, LR, and mRMR models, the intersection technique, which includes standard features, has 

been considered for the critical feature selection process. The models have been implemented using 

Python3 with ML, Qiskit, and PyTorch libraries. The proposed algorithms run on the IBM Statevector 

simulator using application programming interface (API). Moreover, the data is normalized using feature 

transformation and scaling approaches, allowing machine learning and quantum-enhanced ML models 

to handle the data equally. 

The min-max and standard scalar are used, which is responsible for scaling the data in a defined range 

(1, 0). The min-max scaling is obtained by using [16]. 
 

𝑥 =
𝑥 − 𝑚𝑖𝑛(𝑥)

𝑚𝑎𝑥(𝑥) − 𝑚𝑖𝑛(𝑥)
 (10) 

𝑥𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑥 − 𝑚𝑖𝑛(𝑥)

𝑚𝑎𝑥(𝑥) − 𝑚𝑖𝑛(𝑥)
 (11) 

 

where 𝑥 is the original data value, and �̂� is the normalized data value. The balanced and normalized 

dataset is then split into a training and testing dataset with 80% and 20% ratios. Each classifier is built 

using training data, and the test data is used to compare the classifier's predicted labels to known test 

labels. The task of the proposed work is to classify the two possibility classes 1 and class 0 (1,0). As 

shown in Table 4, the model computes the mean when the prediction labels are equal to the actual labels 

using accuracy metrics. The analysis of all the classical and quantum models in terms of accuracies is 

shown in Fig. 7. 

 

Table 4. Performance matric of the proposed model by using CVD dataset 

Classifier 

Confusion matrix Performance evaluation Average values 

Actual 
Prediction 

Precision Recall F1-score Test size 
Accuracy 

(%) 

F1-score 

(%) 0 1 

SVM 0 304 6 0.95 0.98 0.96 310 
96 96 

1 17 295 0.98 0.95 0.96 312 

OQSVM 0 282 26 0.96 0.91 0.93 310 
94 94 

1 19 293 0.91 0.96 0.94 312 

MLP 0 301 11 0.90 0.96 0.93 312 
96 93 

1 32 278 0.96 0.90 0.93 310 

HQMLP 0 299 13 0.93 0.96 0.94 312 
93 92 

1 33 277 0.96 0.89 0.92 310 
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Fig. 7. Performance analysis of all proposed models. 

 

3.1 Evaluation of Optimized Quantum Support Vector Machine 

This set of experiments proves that QAs can help a model execute more quickly than classical 

algorithms. The performance metrics of the proposed models OQSVM and SVM for the cardiovascular 

dataset are shown in Table 4. In the case of the OQSVM algorithm, the precision score for class 1 and 

class 0 is noted as 92% and 96%, respectively. The recall and F1-score values for classes 1 and 0 are 

recorded as 96%, 91%, 94%, and 94%. In short, we can say that our proposed OQSVM and SVM 

algorithms achieved the average accuracy of 93% and 96% for both classes equally. The proposed 

algorithms' competency is compared with the results of published papers in the same criteria as 

demonstrated in Table 5. For instant, Bai et al. [19] present a quadratic kernel free least squares support 

vector machine (QLSSVM) for binary classification by considering different datasets. The decision 

variables of QLSSVM are separated into local and global variables using the consensus technique. The 

model is demonstrated through numerical testing using two different training data sets and achieved the 

highest accuracy, 91.2%, in the heart diseases classification, which is 2.8% less than our proposed 

OQSVM algorithm. The model was initially tested on artificial data to confirm the model's performance. 

Furthermore, the classification heart diseases dataset containing 13 features and 270 samples is considered. 

The use of QML algorithms helps process a massive amount of data quickly. In such an era, Moradi et 

al. [20] present an article by considering three different clinical datasets. In order to classify the disease, 

two QML algorithms: quantum distance classifier (qDS) and simplified quantum kernel SVM (sqKSVM), 

have been investigated. Using the linear time quantum encoding methodology of 15-qubit IBMQ 

Melbourne QC uses different ways to embed classical data into quantum states and estimate the inner 

product. The models are trained with the multiple datasets by evaluating different encoding techniques 

and achieved the highest accuracy of 92% with the UCI Breast Cancer dataset. In the case of the heart 

failure dataset, both the models obtained the highest accuracy of 62% and 60%, respectively, for the same 

data encoding techniques. 

 

Table 5. Comparison study of OQSVM model 

Study Algorithm Used methodology # of total samples Accuracy (%) 

Bai et al. [19] QLSSVM Used consensus technique 270 91.2 

Moradi et al. [20] sqKSVM Used quantum distance classification 600 92 

Houssein et al. [21] QKSVM–BHHO Feature map optimization, PCA 139 88 

Proposed OQSVM Feature selection, Optimization 3,312 93 

SVM OQSVM MLP HQMLP

89%

90%

91%

92%

93%

94%

95%

96%

97%

98%

Models

A
cc
u
ra
cy

Precision Recall F1-score Accuracy
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Optimization is a fundamental concept in classification algorithms. A hyperplane cannot segregate 

data in its initial space in most cases. The technique of a non-linear transformation function to the data is 

known as a feature map. A hybrid quantum kernel SVM (QKSVM) with (BHHO) optimization algorithm 

for cancer classification has been introduced by Houssein et al. [21]. For pre-processing, the essential 

features are selected by using the Filter and Wrapper technique. The optimization of different feature 

map techniques along with principal component analysis (PCA) is considered to classify breast cancer 

diseases. The training was obtained using the colon dataset with 62 samples and breast cancer dataset 

with 139 samples and achieved 95% for both datasets with different feature mapping techniques. In short, 

our proposed OQSVM model outperforms and is more competent than the above discussed published 

models in terms of cardiovascular diseases classification. 

 

3.2 Evaluation of Hybrid Quantum Multi-Layer Perceptron 

We have also evaluated our third proposed HQMLP and MLP using the cardiovascular dataset shown 

in Table 4. The accuracy, recall, and F1-scores for both classes are 95.5%, 89.3%, and 92.3%, 

respectively, in this analysis portion using our HQMLP model. On the other hand, our improved classical 

MLP model achieved the limit of precision score 96.1%, recall 89.6%, and F1-score 92.8% for both class 

1 and class 0. Finally, the average accuracies for both HQMLP and MLP models are recorded as 93% 

and 96%, respectively. Table 6 indicates that our proposed models' capability has been obtained and 

compared with previously published models. For instance, Patel and Tiwari [26] presented an article or 

binary classification by considering various clinical data, including the heart diseases dataset. A quantum 

NN has been designed, consisting of input, hidden, and output layers. The results have been taken by 

optimizing the hidden layer neuron and recording the computational time and accuracy. The model has 

tested for the small amount of UCI breast cancer dataset, diabetes dataset, and heart disease dataset. In 

the case of the heart diseases dataset, the model achieved 88.6% of the highest accuracy. To compare our 

proposed HQMLP model results, we have achieved 4% more than the counterpart. 

One of the primary advantages of the QML over the classical ML is the existence of adjustable hidden 

variables, which provide increased data density, as presented by Aishwarya et al. [27]. The performance 

of the variational quantum classifiers (VQC) hybrid NN and quantum annealing classifiers has been 

evaluated using the NeuroMarketing dataset. The ability to represent cognitive states of the human mind 

using hybrid quantum-classical techniques is demonstrated in this search. The VQC and quantum 

annealing classifiers are executed using PennyLane and DW2000Q-5QPU quantum processors. The 

VQC achieved the highest accuracy, 53%–55%, while for quantum annealing, it obtained 60% accuracy, 

which is much lower than our proposed model. 

 

Table 6. Comparative study for HQMLP model 

Study Algorithm Used methodology # of total samples Accuracy (%) 

Patel and Tiwari [26] Q-BNN Quantum NN with 3 layers 270 88.6 

Aishwarya et al. [27] VQC Hybrid neural network 132 53-55 

Tang and Shu [28] RS-QNN Feature extraction, WT, RS - 91.7 

Proposed HQMLP Feature selection, Optimization 3,312 93 

 

Furthermore, Tang and Shu [28] presents an analysis bus using QNN and considers the ECG signals 

data. After normalization, the vital feature was extracted using wavelet transform (WT). A rough set (RS) 

technique has been used to avoid the redundant attributes, which erases the unnecessary attributes and 

remains the efficient information. The reduction of dimensionality also reduces the model's complexity, 

which is further compared with the classical model. The desired model achieved an average accuracy of 

91.7% for classification, which is still less than the proposed HQMLP model. 
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4. Conclusion and Future Direction 

The wide range of applications of quantum-enhanced ML in healthcare has been investigated 

empirically. The main objective of this research is to compare and contrast standard and quantum-

enhanced ML methods for predicting CAD. The proposed QAs minimize the computation time and 

ensure accuracy for a previously carried out task using more complicated architectures. In order to cope 

with the binary classification problem all, the proposed quantum algorithms are well performed in terms 

of accuracy for real application of cardiovascular dataset. In the OQSVM model, we have used the Qiskit 

library by adding some additional hyperparameters for optimization. The booming pre-processing 

technique for such a model is also an additional benefit to evaluate it accurately. The PauliFeatureMap 

technique is used to convert classical data into the quantum state for the OQSVM model with two 

repetitions. Optimizing the rotation of X, Y, and Z gates in PauliFeatureMap ensures the depth of data. 

The model is executed on IBM, Statevector-simulator for cardiovascular dataset and recorded a potential 

rise in accuracy compared with other models. 

The second implemented model, HQMLP, contains three major blocks: feed-forward propagation, data 

encoding, and back-propagation. The essential feature has been extracted by using machine learning 

models. The feed-forward propagation further consists of the linear network layer, maxpooling layer, 

fully connected layer, ReLU activation function, and dropout layer. An Ansatz circuit and Pauli Feature 

are used to obtain data encoding, while Adam optimizer and MSE are used for back-propagation. The 

model is also run-on the IBM simulator for the same testing (20%) and training (80%) of the 

cardiovascular dataset. The model's performance is ensured by comparing it with other published models 

and obtaining the accuracy maximization. In short, the proposed models and the robust pre-processing 

technique demonstrate competent and better results, when compared to the published state-of-the-art 

methodologies. The major limitation of this study is the noisy intermediate scale quantum (NISQ) device, 

which has a limited number of qubits along with the size of the dataset and computational time. In order 

to use more qubits and large datasets, the QC device limits the logic gate's rotation, circuit length, and 

noise error. These challenges may affect the state of qubits, where a wrong rotation might lead to an error 

in the outcome. 

Some aspects of this research study can be improved further in the future direction. For example, the 

proposed OQVSM and HQMLP are designed to tackle two-class classification problems. Nevertheless, 

extending this research to multi-class classification problems would be interesting. Furthermore, the 

proposed model's efficiencies are only explored using numeric data (cardiovascular dataset). Therefore, 

it would be essential to analyze its behavior using various types of data accessible in the medical area. 

Furthermore, we can also increase the number of features and dataset size and extend this work by 

applying quantum deep neural networks for binary classification and regression problems. 
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