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Abstract  

In the present scenario, health care is a predestined process to be considered in human life. While 

heart diseases are concerned, cardiovascular disease (CVD) is a wide class of diseases that damages 

blood vessels and the heart. In the medical field, huge health data are available to study and process; 

hence, machine learning methods are required for appropriate decision-making, specifically in terms 

of heart disease prediction and diagnosis. For enhancing the appropriation rate of decision-making 

in CVD diagnosis, this paper proposes an Improved Interpretation Model for Heart Disease 

Diagnosis (IIM-HDD) using Artificial neural networks. The model incorporates data acquisition, 

pre-processing, feature selection, training, and testing for diagnosis. For training and validation, the 
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data from benchmark datasets are combined and used. Moreover, feature selection is computed with 

a relief-based selection process. The ANN model is trained to produce the output, corresponding to 

their input features. The results computations are processed with metrics that include classification, 

accuracy, precision rate, error rate, specificity, sensitivity, F1 score, and other comparisons are also 

provided for proving the proposed model. The results show that the work outperforms the other 

compared models in respective metrics. 

Keywords: Artificial Neural Network, Cardiovascular Disease, Classification Accuracy, Disease 

Diagnosis, Feature Selection.

1 Introduction 

Cardiovascular Disease (CVD) is the term denoting the state that affects the blood vessels of the heart. 

This can also refer to artery damage in other organs of the human body, such as the eyes, brain, and 

kidneys (Baad et al., 2019). Heart diseases are the major reason for human death in the recent scenario 

in many countries around the world. The disease can be factually prevented by a healthy lifestyle. In 

clinical definitions, there are four types of cardiovascular diseases, as given in Figure 1. The first type 

is coronary heart disease caused by blood clots in the heart muscle, which may lead to heart failure. The 

second type causes blood clots in the brain, termed strokes and Transient Ischaemic Attack (TIA). 

Peripheral Arterial Disease is the next category; it happens due to blood blockage in limbs. The final 

category is the damage caused at the aorta, which is the largest blood vessel, and the disease is termed 

as, which may cause immediate death. Considering the severity of CVD, the disease should be diagnosed 

as early as possible, and the recovery process should be initiated to save the patient’s life. 

Because of various constraints in the manual diagnosis of heart diseases, medical practitioners and 

researchers have moved to advanced diagnostic methods, such as Data Mining, Artificial Intelligence, 

Machine Learning and Deep Learning methods (Alic et al., 2017; Mezzatesta et al., 2019; Latha & 

Chandran, 2025). The methodologies are expected to provide better decision-making in disease 

diagnosis from the massive data collected in healthcare applications and services (Al-rammahi & 

Alshimaysawe, 2025; Sa, 2013). Moreover, the disease can be appropriately diagnosed using a sequence 

of lab examinations and image processing. Nevertheless, the main part of detection is based on the family 

and the medical history of the patients. From the statistical data, the determinations and predictions are 

coordinated with the disease presence based on the observations. Further, the automated learning 

procedure can facilitate doctors to make conversant decisions (Morris & McNicholas, 2016; 

Elyasigomari et al., 2015). 

 

Figure 1: CVD Types 
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Figure 2: Workflow of Disease Prediction Model 

In order to design a machine learning model for predicting heart disease, benchmark patient datasets 

are used. For doing so, this paper uses the dataset from the UCI Machine Learning Repository, denoted 

as the Cleveland Heart Disease dataset. An automated disease prediction model can create a unit 

platform from which the processed data can be obtained and appropriate treatment and care can be given 

to the patients. Figure 2 presents the general workflow of the detection model.      

The results from the disease prediction model should be more precise to avoid the risks. With that 

note, this work develops an Improved Interpretation Model for Heart Disease Diagnosis (IIM-HDD). 

The classification accuracy of the proposed model is enhanced by incorporating ANN-based training. 

Further, the contributions of the proposed model are listed as follows: 

• The medical data is acquired from three datasets for training the model with a reliable dataset. 

• At preprocessing, duplicates are removed from the obtained data. 

• Feature selection is done with Relief-based Feature Selection (RFS) to improve result accuracy. 

• ANN is used for further model training and testing 

• The results are analyzed based on various evaluation metrics, and comparisons are provided for 

justifying model efficacy in terms of predicting NORMAL and ABNORMAL data.  

The remained of this paper is framed as follows: Section 2 describes related works that have been 

done in disease prediction using machine learning methods and artificial intelligence (Armas et al., 

2025). Section 3 explains the design and working procedure of the proposed model. The results and 

discussions are portrayed in the Section 4. Lastly, a brief conclusion and pointers for future enhancement 

are presented in Section 5. 

2 Related Works 

Myriad learning methods have been used in medical data analysis and processing to leverage the health 

state of humans. Some works of health data processing, involve processing diabetes diagnosis using 

fuzzy-based soft computing models (El-Sappagh et al., 2018; El-Sappagh et al., 2018). There are various 

other applications that concentrate on heart disease prediction using machine learning and deep learning 

methods, due to their increasing accuracy and decision-making (Mishra & Tarar, 2020; Khan et al., 

2021). The significance of this research is for the prospects to design and select models with more 

precision and efficacy (Abdeldjouad et al., 2020). 

Hybrid learning methods that combine different machine learning models with significant features 

are an efficient model for disease diagnosis (Tarawneh & Embarak, 2019). In (Latha & Jeeva, 2019), 

many benchmark datasets are applied and studied. Moreover, the model used ensemble classification 

techniques to attain better prediction accuracy. The paper stated that the bagging and boosting model 
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provided weak classification results while efficient performances were attained with the Naive Bayes 

(NB) model, the Multi-Layer Perceptron (MLP) and the Random Forest (RF). 

In (Kumar & Sikamani, 2020), different machine learning models are used for diagnosing heart 

disease. Machine learning methods and traditional methods like Support Vector Machine (SVM) RF and 

other models were evaluated with the UCI-based machine repository (Javid et al., 2020). The model 

stated the voting-based classification model improves the result accuracy more than the traditional 

models. The authors (Ashraf et al., 2020) analyzed both the learning techniques and ensemble classifiers 

for medical data processing. Amongst, the J48 classification model attained 70.77%. A Multi-task 

Recurrent Neural Network (MT) has been developed by (Andreotti et al., 2020) for CVD. In a different 

manner, the Mean Fisher Score Feature Selection Algorithm (MFSFSA) for selecting appropriate 

features for efficient classification using the Support Vector Machine (SVM) (Nandhinieswari & 

Indumathi, 2024; Saqlain et al., 2019). In (Mienye et al., 2020), a heart disease prediction model that 

uses the mean splitting method has been proposed. Additionally, classification and regression tree 

methods were used for random partitioning of the dataset. The work done on (Roy et al., 2021; Khan et 

al., 2021) elevates that the availed data has to be securely loaded to the server environment at a higher 

potential. A two-tier ensemble classification model has been proposed for coronary disease detection in 

(Tama et al., 2020). The model used three different ensemble techniques, such as,   

i. Random Forest (RF) 

ii. Gradient Boosting (GB) 

iii. Extreme GB 

Further, the model computed 98%, 97% and 99% accurate results in disease prediction, respectively. 

In (Mohan et al., 2019), a new disease diagnosis model has been designed using ANN-based 

classifications, considering 13 different features (Arora, 2024). An Improved Random Survival Forest 

(iRSF) has been developed in (Miao et al., 2018), for detecting heart failure mortality. The model 

differentiated between survivors and non-survivors, using a novel split rule and stop process. The data 

mining model for detecting CVD has been used in (Raju et al., 2018). The results of algorithms such as 

Decision Tree (DT), Naive Bayes (NB), K-Nearest Neighbour (KNN) and Support Vector Machine 

(SVM) and concluded that SVM provided better results in case of accuracy.  

The work provided in (Chicco & Jurman, 2020) discusses several machine-learning mechanisms in 

heart disease prediction (MHM et al., 2025). The features correlated to the important factors are ranked 

and compared with the traditional bio-evaluations and machine learning models. Congestive Heart 

Failure (CHF) has been predicted by measuring the Heart Rate Variability (HRV) with the help of Deep 

Neural Networks (DNN) to provide the gap in corresponding features. The work (Gupta et al., 2019) 

used Factor Analysis of Mixed Data (FAMD) and Random Forest-based Machine Learning for 

developing the model. The work stated that the model produced 93% of classification accuracy in disease 

diagnosis. 

In (Balakrishnan et al., 2021), the Gradient Boosting Algorithm has been used. A hybrid model has 

been designed, and various other methods of CVD diagnosis have been discussed in (Sadeque et al., 

2019; Alizadehsani et al., 2013). Further, an experimental evaluation was carried out in (Tan et al., 2009) 

with 303 datasets obtained from the Cleveland Heart Disease Dataset using a hybrid model with accuracy 

and precision analysis. Many methods have been used to diagnose CVD in patients. The data pre-

processing is done to handle the missing data and data duplications. Further, features are selected using 

the Relief based method and ANN is used for classification. The evaluation process majorly involves in 

calculating the detection accuracy and error values for computing the best features.  
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3 Proposed Model 

The proposed model develops an Improved Interpretation Model for Heart Disease Diagnosis (IIM-

HDD) for accurate CVD diagnosis, using the machine learning algorithm. The training process is made 

with the data obtained from the UCI machine learning repository, described in (Section 4). Attributes, 

descriptions and ranges for the obtained data are provided in Table 1. The obtained medical data are 

divided into two, for training and testing. In the phase, the three layers are provided as follows:  

i. Observation Layer: 

The data are acquired from the dataset, based on the described features and those data are further 

submitted to the object layer for processing. 

ii. Object Layer: 

The layer is responsible for data preprocessing including noise removal, duplication removal and 

processing. The data are further submitted for feature selection and classification at the next layer 

iii. Application Layer: 

In this layer, feature extraction and selection operations are processed and further, given for 

classification, using the ANN model.  

In the second phase, the testing process is carried out with factors such as detection accuracy, 

precision rate, sensitivity, specificity and error rates. The testing process is determined for analyzing the 

presence and the absence of cardiovascular disease from the obtained patient data. The workflow of the 

proposed model is given in Figure 3.  

 
Figure 3: Workflow of Proposed Model 
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Table 1: Attributes, Descriptions and Ranges 

S.No Attribute Description Range Data Type 

1 Age Patient Age in Years 30-80 Integer 

2 Gender Binary Value, 1-Female, 0-Male 0-1 Integer 

3 Chest Pain 0-Non-specific chest pain 

1-Atypical chest pain 

2-Typical angina 

0-2 Integer 

4 Height Patient’s Height in cms NA Integer 

5 Old Peak Depression Induced by Exercise relative to rest 1-3 Real 

6 Weight Patient’s Weight in Kgs NA Integer 

7 Blood Pressure Systolic Blood Pressure 100-170 Integer 

8 Serum Cholesterol Cholesterol Level in the blood 40-130 Integer 

9 Sugar (fasting) Blood Sugar level 70-99 Integer 

10 ECG (resting) Electro Cardiography level 60-100 Integer 

11 ST depression ST Segment depression ECG 1-2 Integer 

12 Induced Angina Status Blood Flow 0-2 Integer 

13 Slope Slope of the Peak Exercise ST Segment 1,2, 3 Integer 

14 Smoke Habit of Smoking (Yes/No) 0-1 Integer 

15 Alcohol Habit of Drinking (Yes/No) 0-1 Integer 

16 ca Number of major vessels coloured by 

fluoroscopy 

0-3 Integer 

17 thal Defect Type 3,6,7 Integer 

18 CVD Disease Case History (Presence or Absence) 0-1 Integer 

A. Data Pre-Processing  

From the data obtained, there are 18 features and one target class rate as its label. The samples included 

the missing values, which are to be deleted for further evaluation. As machine learning models are used 

for processing, the feature reduction process is not incorporated. Instead, the proposed model used 

feature selection that is used for effectively processing with the classification model. It is significant for 

eliminating outliers and extreme rates to validate the robustness of the developed machine learning 

model.  Moreover, the statistical dispersion of dataset features is determined using the Inter-Quartile 

Value (IQV) method. Further, there is patient data with some outliers in the ‘thal’ feature with the value 

of 9.5, which diverges extremely from the remaining feature values in the dataset. Then, the instance is 

removed for stands avoiding, producing efficient mean and standard deviation rates. For the extreme 

rate analysis, it is found that there are 43 patient data samples with extreme rates, comprising 14.5% of 

sample records. Nevertheless, to mitigate the issue of bias in the process of model development, the 

impact of removing the extreme rates is to be noted. From the considered records, the 43 instances are 

categorized under two classes: 23 under the presence of disease and 20 under the absence of disease. 

The balance between two categories of samples provides a sign that it is effective to have class bias; 

hence, those records are removed. The feature sets are to be frequently tested to validate that it is 

homogeneous.  

The ranges of the heart feature dataset are noticed and will impact the design of the machine learning 

algorithm. For instance, the maximal rate for age is taken here as 80 and cholesterol level as 564, 

respectively. The effectual model is to standardize the numerical data attributes in the dataset with a ‘0’ 

mean and ‘1’ variance. After performing the data processing steps, it is significant to process feature 

selection to enhance the model performance under examination.  
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B. Feature Selection 

After removing redundancy and irrelevant features, the feature selection is processed. Careful and 

serious computations are taken into account for employing the feature selection process on the patient 

data set with cross-validation to attain a higher rate of accuracy. Some general issues occurred when the 

entire dataset was used for processing. Hence, in this work, the features are selected based on the data 

training. Further, each developed classification model is learned on the training dataset, with cross-

validation in consequence, followed by model analysis with the test data. 

In a machine learning-based classification model, feature selection methods are significant, in which 

the optimal features are selected for processing. This work uses Relief-based Feature Selection (RFS) 

and the implementation of the proposed model with the features from the dataset is presented in Figure 

4.  

 

Figure 4: Model Implementation for Disease Diagnosis 

RFS is a weight-based feature selection from the obtained model. The major objective is to derive 

significant features that have larger weights, and the lowest weights are ordered last. The model uses a 
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hit rate and an opposite hit. The computation for the feature is given, based on, and. When there is a 

huge difference, the weight is considered to be low. On the other hand, the feature classification arises 

when there is a larger difference between, causing the weight rate to increase. The process is iterated for 

‘n’ times till the process achieves a result. 

C. Artificial Neural Network (ANN) Based Classification   

The ANN is designed based on the inspiration of biological neural networks, which develop the model 

based on the human nervous system. The model consists of a neuron processing layer that denotes 

mathematical computations for the NN. During the supervised learning process, an ANN analysis 

obtains experience from a pre-defined training sample set. The error minimization operation is learned 

with the evaluations. In the process of the ANN model, the supervised learning model is utilized to 

process non-linear mapping in back-propagation-based neural network methods. During the learning 
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phase, the input samples are given to the network, and the actual results are compared with the obtained 

responses. If the actual results differ from the target results, an error signal is backpropagated to regulate 

the feature weights. The backpropagation-based ANN classification framework is presented in Figure 5. 

 

Figure 5: Model for Classification 

The directional flows of backpropagation NN are given a,  

i. Forward propagation of operational signals 

ii. Back-propagation of error signals. 

For the first functional flow, computations of actual output and error rates are carried out. The 

backpropagation function involves reducing the error rates, which is calculated as, mean-square error 

(MSE), given as,  

𝑀𝑆𝐸 =
1

2
(𝑡𝑎𝑟𝑔𝑒𝑡 𝑟𝑒𝑠𝑢𝑙𝑡 − 𝑎𝑐𝑡𝑢𝑎𝑙 𝑟𝑒𝑠𝑢𝑙𝑡)2         (1) 

The learning factor computations (𝐿𝑟), in the opposite direction makes the maximal reduction in error 

function. And, the weight rate (WR) is computed as,  

𝑊𝑅𝑛𝑒𝑤 = 𝑊𝑅𝑜𝑙𝑑 − 𝐿𝑟
𝜎𝐸

𝜎𝑊𝑅𝑜𝑙𝑑
           (2) 

The net weight rate for backpropagation is computed, based on,  

iii. Compute WR for all Ws of the output layer 

iv. Compute WR for all Ws from all the hidden layers to the first layer 

After processing of training the model with datasets, the real-time patient data are given for testing 

and the evaluations are carried out based on the evaluation metrics such as sensitivity, specificity, 

accuracy, precision, and error rates.  

4 Results and Discussions 

A. Dataset Description 

For training the machine learning model, dataset acquisition is the important step considered here for 

attaining accurate classification results. The utilized dataset is obtained from an eminent data repository 

called UCI Machine Learning Repository, comprising five datasets: Hungary, Cleveland, Switzerland, 
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Statlog Heart Disease dataset, and VA Long Beach. The data is combined and provided for the machine 

learning model to produce accurate results. The data from 1190 patient datasets is obtained with 14 

significant features as presented in Table 1, and ‘num’ is considered as the main factor. The predicted 

rate is ‘0’ indicating the absence of heart disease, and the other value denotes the stages of heart disease. 

B. Evaluation Metrics 

The evaluation metrics for model analysis in disease diagnosis are presented in this section. The 

computations are performed based on True Positive (TP), True Negative (TN), False Positive (FP) and 

False Negative (FN). Here, the ROC graph is plotted between the TP and FP rates. The formulas for 

measuring classification accuracy, precision rate, sensitivity, specificity, error rate, and F1-score are 

provided below.  

A. Classification Accuracy: 

The accuracy rate is defined as the rate of correctly detected data to the total number of data given for 

analysis. The formula is given as   

𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑜.𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠

𝑁𝑜.𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒  𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑
× 100% (3) 

B. Sensitivity: 

The sensitivity rate is computed based on the TP rate from the classifications, and the equation is given 

as 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
          (4) 

C. Specificity: 

Specificity rate can also be termed as, the rate of true negative rate and the computation is given as,  

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝐹𝑃

𝑇𝑁+𝐹𝑃
            (5) 

D. Error Rate: 

The error rate is a significant factor for computing the model efficacy. Here, K-fold validation is 

analyzed from the classification results and the average error rate is calculated as,  

𝐸𝑟𝑟𝑜𝑟 𝑅𝑎𝑡𝑒 =
1

𝑛
∑

𝑇𝑁𝑘+𝐹𝑁𝑘

𝑇𝑜𝑡𝑎𝑙 𝐼𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠
𝑛
𝑖=0          (6) 

E. Precision Value: 

The precision rate is computed based on the classification of data under appropriate class, as, Abnormal 

(presence of CVD). And, the formula is given as,  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = (
𝑇𝑃

𝑇𝑃+𝑇𝑁
) × 100%          (7) 

F. F1-Score: 

The F1 score is computed from the values obtained for precision and recall, where recall is the specificity 

rate obtained from (5). And, the equation is given as,  
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𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                        (8) 

C. Analysis and Comparisons 

The results are evaluated and compared with the existing models, such as the Naive Bayes (NB) model, 

Multi-Layer Perceptron (MLP), and Support Vector Machine (SVM). The received data file is converted 

to Attribute Relation File Format (ARFF) for adapting into the WEKA environment for processing. 

Figure 6 and Figure 7 present the results for sensitivity and specificity rate analysis and the obtained 

values are presented in Table 2 and Table 3, respectively. It is observed from both the figures that the 

proposed model achieves better results of sensitivity and specificity than the compared methods, 

analyzing with varying numbers of datasets obtained. The efficient incorporation of RSF for feature 

selection makes the classification process more appropriate. 

Table 2: Results for Sensitivity Rate Analysis 

MODEL 10 Samples 20 Samples 30 Samples 40 Samples 50 Samples 60 Samples 

SVM 51.9 71.9 75.6 78.5 85.4 78.7 

NB 62.4 76 74.1 85.8 82.7 75.7 

MLP 78.8 87.4 90.6 87.8 90.9 88.6 

IIM-HDD 89.8 92.4 97.3 96.8 95.8 95 
 

 

Figure 6: Sensitivity Rate Comparisons 

Table 3: Results For Specificity Rate Analysis 

MODEL 10 Samples 20 Samples 30 Samples 40 Samples 50 Samples 60 Samples 

SVM 70.0 84.8 71.7 82.2 78.9 71.8 

NB 76.5 68.3 75.5 83.3 73.2 66.7 

MLP 79.3 83.9 83.3 87.8 86.2 81.2 

IIM-HDD 96.6 98.4 97.2 97.6 93.7 95.5 
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Figure 7: Specificity Rate Comparisons 

The classification accuracy and precision analysis are employed, and the results are portrayed in 

Figure 8 and Figure 9, with the corresponding values provided in Table 4 and Table 5. The classification 

accuracy analysis shows that the proposed IIM-HDD model achieves a 96.3% average, which is higher 

than other existing models in disease diagnosis. Further, the precision rate is considered for model 

efficiency analysis; while concerning, the IIM-HDD model attains a higher rate of precision. 

Incorporation of ANN for classification, the learning model is trained with the optimal features for 

disease diagnosis. 

Table 4: Results For Classification Accuracy 

MODEL 10 Samples 20 Samples 30 Samples 40 Samples 50 Samples 60 Samples 

SVM 69.9 69 58.1 58.7 65.2 69.6 

NB 76.9 80.3 64.4 50.7 50.0 66.2 

MLP 88.7 91.1 78.6 68 68.1 82.6 

IIM-HDD 95.8 97.2 94.7 93.8 96.7 95.0 
 

 

Figure 8: Accuracy Based Comparison 
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Table 5: Precision Results 

MODEL 10Samples 20 Samples 30 Samples 40 Samples 50 Samples 60 Samples 

SVM 90.5 93.1 81.2 73.4 83.6 78.2 

NB 95.5 86.2 83.3 77.7 80.8 70.8 

MLP 96.1 87.8 93.4 82.7 90.5 88.5 

IIM-HDD 97.7 97.6 98.2 92 98.4 96 
 

 

Figure 9: Precision Result 

In the proposed model, back-propagation based ANN is trained for disease diagnosis from instances. 

The error rate is calculated and the results are portrayed in Figure 10 and the obtained rates of analysis 

are given in Table 6. For the varying range of datasets as {10, 20, 30,40, 50, 60}, the error rates are 

obtained as, {17.1, 29.4, 35.9. 44.4. 36.2. 44.6}, is less than the other models and validates the efficiency 

of the proposed work. When medical data processing is considered, time effectiveness is the main factor, 

for treating the patients without delay. Hence, time-effectiveness based calculations are also carried out 

and the results are given in Table 7 with the graph comparisons in Figure 11. As the graph denotes, the 

proposed model achieves better results than existing works in terms of time effectiveness.  

Table 6: Error Rate Results 

MODEL 10Samples 20 Samples 30 Samples 40 Samples 50 Samples 60 Samples 

SVM 33.7 36.8 59.0 74.0 84.1 80.9 

NB 44.1 41.8 51.9 75.5 72.7 87.6 

MLP 35.4 51.6 64.3 86.5 62.4 66.3 

IIM-HDD 17.1 29.4 35.9 44.4 36.2 44.6 
 



Improved Interpretation Model for Heart Disease Diagnosis 

Using Artificial Neural Networks 

Dr.F. Syed Anwar Hussainy et al. 

 

148 

 

Figure 10: Error Rate Comparison 

Table 7: Processing Time Results 

MODEL 10Samples 20 Samples 30 Samples 40 Samples 50 Samples 60 Samples 

SVM 38.5 47.1 65 70.2 77.1 69.6 

NB 52.8 44.6 45.4 64.7 67.2 80.5 

MLP 38.7 44.5 66.4 73.4 53.1 60.3 

IIM-HDD 13.9 24.5 29.4 34.7 38.9 46.2 
 

 

Figure 11: Time Effectiveness 

5 Conclusion and Future Work 

Identifying the heart disease risks with a higher rate of accuracy can effectively have a greater impact 

on the long-term death rate of people. The main objective of this model is the earlier and more accurate 

diagnosis of cardiovascular disease. Hence, the paper proposes the Improved Interpretation Model for 

Heart Disease Diagnosis (IIM-HDD), which is trained and tested with larger datasets to obtain accurate 
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results. The model used RSF-based feature selection, which involves selecting highly coherent features 

for training the machine learning model. The proposed model is trained with 14 selected features, which 

impacts in attaining a higher rate of accuracy and precision, with minimal error and time than other 

compared models. Here, the proposed model achieves 96.3% accuracy in HDD.  

In the future, the model can be enhanced considering the robustness of the model while handling 

missing data. In the other direction, the work can be focused on developing a novel model for real-time 

implementation with easy practical settings. 
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