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Abstract 

Heart diseases cause most of the untimely and sudden deaths all over the world. Many of the lives can be 
saved by an early alarm with the means of expert diagnosis systems. Researchers developed such expert 
systems over time. However, there is still a need for more efficient methods for accurate and efficient 
diagnosis of heart disease. The accuracy and efficiency of the diagnosis system are highly dependent on the 
characteristics of data, feature selection (FS) algorithms and classification techniques. The artificial neural 
network (ANN) exhibits excellent performance on unseen data samples and metaheuristic optimization 
techniques have performed exceptionally well in training the ANN model and avoiding local minima 
problems. In this article, the authors have employed an artificial neural network (ANN), trained with a 
Grey Wolf Optimizer (GWO) and Particle Swarm Optimization (PSO) empowered, Inertia Motivated 
GWO (IMGWO) technique, to classify a real-world dataset. Three most popular feature selection 
techniques viz. Relief, mRMR and LASSO are employed to find out the most discriminative features from 
the collected dataset. After that, the selected features are utilized in the IMGWO trained ANN model for 
classification. The classification performance of the said technique is then compared with the results 
obtained from five most prevalent metaheuristic methods viz. Genetic Algorithm (GA), Firefly Algorithm 
(FF), Whale Optimization Algorithm (WOA), PSO and GWO used to train the ANN model. It is observed 
from the classification results that the performance of the IMGWO technique utilizing the mRMR feature 
selection algorithm supersedes all other techniques used. The results have been compared in terms of 
performance metrics that include accuracy, sensitivity, specificity, the area under the curve (AUC), F-
measure, precision, kappa statistics and Mathew’s correlation coefficients. The work will be a contribution 
towards the development of expert systems for heart disease diagnosis with an improved efficacy 
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1. Introduction 

Annually 17.9 million people die because of heart disease worldwide and it is the number 1 cause of deaths over 
all other diseases[1]. Cardiovascular disease (CVD) is another term used for heart disease. When the blood supply 
to any part of the heart is restricted by means of obstruction (atherosclerotic plaque), chest pain and other 
symptoms occur. Timely detection of such signs can save many lives.Machine learning (ML) methods are in use 
for a long time for the detection of CVDs. 

Heart disease is detected by either an invasive modality where a catheter is inserted into the body to see the 
obstruction in an artery or by developing a machine learning model from the data set generated by non-invasive 
(NI) modalities. The NI modalities include detection of heart ailments by electrocardiography (ECG), 
echocardiography (ECHO), phonocardiography (PCG) or cardiovascular imaging. Many datasets are publically 
available for developing machine learning (ML) models that use different NI modalities. UCI ML repository is 
available publically that contains many datasets for developing and testing ML algorithms. It includes SPECT, 
Statlog(Heart), Heart Diseases(Cleveland, Hungary, Switzerland and VA long Beach) and Z-Alizadeh Sani 
[2]datasets for researchers and practitioners of ML who are interested in developing an expert system for the 
diagnosis of heart diseases. Classification is a supervised learning method which widely used for heart disease 
diagnosis. 

e-ISSN : 0976-5166 
p-ISSN : 2231-3850 Narender Kumar et al. / Indian Journal of Computer Science and Engineering (IJCSE)

DOI : 10.21817/indjcse/2021/v12i4/211204182 Vol. 12 No. 4 Jul-Aug 2021 1001



A generic ML model for classification may be defined by Eq.(1). 

𝑃 → 𝑚𝑖𝑛 𝐸𝑟𝑟 𝐶 𝑄 𝐿 ∑ ∑ 𝐷 𝐴 , 𝑆             
(1) 
Where L is an ML algorithm, Q is the quantity of accurate prediction that is compared with actual output C. This 
difference of the comparison, termed as an error (Err), is minimized during all learning samples of the dataset 
𝐷 𝐴 , 𝑆 . The Err is minimized in w.r.t. performance measure P, which may be Accuracy, Sensitivity, Specificity, 
F-Score or Area under the curve[3]. In Eq.(1), the dataset 𝐷 𝐴, 𝑆  contains ‘m’ number of attributes (A) and ‘n’ 
number of samples(S). Dataset attributes are also known as features in ML literature. 

Decision tree(DT)[4], [5], support vector machine (SVM)[6], k-nearest neighbor (K-NN)[7], artificial neural 
network (ANN)[8]–[11] are some popular classifiers which are used to develop expert systems for the diagnosis 
of heart problems. In a study, SVM, DT and ensemble machine learning methods were trained and tested using 
10-fold cross-validation on the Heart Disease dataset (Hungary) on two different platforms for a comparative 
study of heart disease detection. [12].Ayyapan and SivaKumar compared various correlation coefficient 
accuracies by applying different parameter pruning methods on the Cleveland heart disease dataset in 2018[13]. 
Many of the studies performed classification with their own dataset for coronary heart disease (CHD) diagnosis. 
For example, in 2007, Xing et al. collected 1000 cases in 6 months follow up; after that, three popular ML 
techniques were compared on the dataset. The SVM performed best with 92.1 % accuracy, ANN performed 
second best and DT performed worst with 89.6% accuracy[14]. ANN was found to be superseded in a comparative 
study with collected data of 1069 subjects of CHD in terms of accuracy, sensitivity, and specificity [15]. To 
diagnose CAD, rules extracted from DT were transformed and optimized with the application of a fuzzy system 
for 199 subjects in a study by [16]. 

ANNs performed better as compared to other classifiers while diagnosing a heart problem[17], [18] however, 
ANN often entrapped in local minima and poor convergence[19], [20]. The poor convergence and local minima 
entrapment may be handled by hybridizing ANN with suitable metaheuristic optimization methods[21], [22].In 
this paper, classification via ANN-IMGWO model is performed preceded by feature selection on a real-world 
heart diseases dataset. Other contemporary metaheuristic optimization methods viz. Genetic Algorithm (GA)[23], 
FireFly Algorithm (FF)[24], [25], Whale Optimization Algorithm (WOA)[26], Particle swarm optimization 
(PSO)[27] and Grey Wolf Optimizer (GWO[28]) are also used as training algorithm for ANN in for the 
comparative analysis. 

The key contribution of this paper is described in detail as follows: 
(1) A real-world heart disease dataset is collected from people of southern Haryana for developing an 

automated heart disease diagnosis model. Along with the necessary medical reports, this dataset includes 
some of the vital lifestyle information like alcohol consumption (AC), exercise, sitting hours (SH), air 
pollution (AP) exposure, and daily sleep hours (DSH). In total, our dataset includes demographic, 
lifestyle information, symptoms and examinations along with ECG information. All this information is 
required to detect a chance of heart disease. 

(2) Preprocessing and feature selection are performed before the classification. The three states of the art 
methods for feature selection viz. Relief, mRMR and LASSO are employed to attain the most 
discriminative features, thereby avoiding the complexity of developing the classification model. In each 
FS algorithm, the most discriminative features are selected based on good performances during 
classification. Missing values are handled by arithmetic means in numerical attributes and mode by 
categorical values. The normalization is performed with min-max method.  

(3) A new framework for heart disease diagnosis, i.e., ANN-IMGWO, is developed with the most 
discriminative features selected by FS algorithms. The ANN-IMGWO model's performance is then 
compared to other contemporary prevalent metaheuristic trained ANN Model in terms of performance 
metrics like accuracy, sensitivity, specificity, precision, area under the curve, kappa statistics, and 
Mathew’s correlation coefficient (MCC). These other metaheuristic methods are GA, PSO, FF, WOA 
and GWO.   

The paper's first and third contributions are the most appealing and demanding issues in the contemporary era 
of automated medical diagnosis.  FS(the second contribution), is a naturally demanded issue while dealing with a 
new dataset with many dimensions. IMGWO has been proposed recently by the authors in 2021[22]. IMGWO 
improved the exploration and exploitation capabilities of GWO by combing the memory retention property of 
PSO and avoiding local optima and slow convergence of classic GWO. Therefore, it is better to train ANN with 
IMGWO to avoid local minima entrapment. 

The remaining part of the papers is as follows: Section 2 describes the literature related to heart disease 
diagnosis, including classification through neural networks. Some studies showing improvement in ANN using 
metaheuristic computations are also elaborated in the literature review section. Section 3 discussed feature 
selection methods used in this paper. The methodology and the dataset are described in the 4th section. 
Experimental setup and results are discussed in the 5th section. Finally, the article got concluded in the last section. 
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2. Literature Review 

Machine learning methodologies are being used for heart disease diagnosis for the last three decades, 
especially after introducing the Cleveland heart disease dataset presented by Detrano et al. in 1989[29]. In 1992, 
Long et al. developed a program to diagnose heart failure using a probability network and heuristic hypothesis 
generator with 242 cases of cardiac disease. They attained a 90% accuracy [30] as a result of formative analysis 
of the diagnostic capability of the program. Clinical input variables are used to train an ANN by an early study in 
1994 by William G. Baxt[31] to detect myocardial infarction. A pioneer diagnosis with ANN was performed in 
1999 by Azuaje and companions to detect a unique heart rate variability pattern that could cause coronary 
disease[32]. Heart rate variability (HRV) is a significant feature that helps to detect coronary disease. In 2000, 
Tkacz and Kostka presented an elegant application of a wavelet neural network to detect a heart abnormality using 
classification HRV signals. The best classification accuracy was achieved with a double layer ANN in which 
tangsoidal and linear activation functions were used. The process of classification proceeded with feature 
extraction with wavelet transform[33]. 

Many researchers focused on optimizing network structure and weights to improve the classification 
performance of an ANN in a real-time scenario. In a comparative study of heart disease diagnosis, Gudadhe et al. 
shown that ANN attained an accuracy of 97.5 % and performed better than SVM (80.41%) on the Cleveland heart 
disease dataset[34].In 2009, Resul Das et al. presented an ensemble of neural networks by combining posterior 
probabilities to detect heart disease with an accuracy of 89.01%, sensitivity of 80.95% and specificity of 
95.91%[35]. Ari and Saha optimized the structure and weights of a neural network to classify heart sound signals 
and attained an accuracy of 99.279%. The numbers of nodes were optimized with singular value decomposition; 
the number of features selected by QR factorization with column pivoting (QRcp) and Fisher’s F-ratio; weight 
optimization was performed with local relative sensitivity index[36]. 

Metaheuristic computations, which are usually nature inspired and swarm intelligence[37] based optimization 
techniques, play a vital role in many real-life applications, especially in medical diagnosis. Recently, particle 
swarm optimization (PSO)and firefly algorithm (FF) has been used to train an ANN to classify UCI datasets that 
include the heart disease dataset. More than 20 % enhancement in accuracies has been reported empirically when 
the two metaheuristic computations were clubbed with neural ANN[38]. Another recent study in 2017 used a 
hybrid metaheuristic that clubbed PSO and FF to train an ANN for detecting myocardial infarction. The study 
achieved an accuracy of 99.3%, sensitivity of 99.97%, and specificity of 98.7% on the MIT-BIH database[39]. A 
hybrid model to detect heart disease is proposed by Priynaga et al. in 2020 that optimizes recurrent neural network 
with whale optimization algorithm (WOA). A hybrid WOA is used in the training of an ANN  by Zhou et al. [40]. 
Grey wolf optimization, a famous swarm optimization algorithm also used to train an ANN by Mirjalili in [28] 
and its hybrid version was used to train an ANN Agrawal et al. in[41]. Both the studies used the heart disease 
dataset for training and testing purposes. 

Arabasadi et al. designed a diagnosis model with ANN and genetic algorithm for detecting heart disease in 
2017. The ANN model was optimized with GA and feature selection was performed with Gini index, information 
gain, SVM and PCA. The model attained an average accuracy of 93. 85%, sensitivity of 97 % and specificity of 
93 % on the Alizadehsani heart disease dataset. The model achieved notable differences in the performance 
metrics compared to the classic neural network model [42]. Cherian et al. proposed a model for heart disease 
prediction in 2020 that used ANN being optimized with hybridization of PSO and lion algorithm. Before building 
the model, PCA was used to minimize the number of dimensions. The model achieved improvements in accuracy 
as 3.85%,12.5%,12.5%3.85% and 9.41% over the ANN- Levenberg–Marquardt, ANN-WOA, ANN-FF, ANN-
PSO and ANN-Lion algorithm. 

The primary issue in heart disease diagnosis is the complexity involved in designing an expert system 
involving many dimensions. Other issues are low performance regarding accuracy, recall, specificity, precision, 
F-measures, area under the curve and some essential statistics like kappa and MCC. For the precise and efficient 
diagnosis system for heart disease, it is very much required that the highlighted issues must be addressed. The 
work in the paper put a massive endeavor to address the issues with a real-world dataset and increased efficacy. 
 
3. Feature Selection 

Understanding the quality of data is essential before applying any ML technique to find patterns out of it. Oreski 
et al.(2016) studied exhaustively and found that there exists a correlation between the dataset characteristics and 
performance of feature selection and classification[43]. Characteristics or features are usually examined and 
handled in data preprocessing, consuming about 50-70 % of the computational effort during any data mining 
task[44].  

In CVD detection, the dataset characteristics have a significant impact on the performance of classification. 
Researchers are making efforts on data preprocessing continuously to improve the diagnosis accuracy for heart 
diseases[45]. Data reduction is a major task that is performed in data preprocessing. Data reduction can further be 
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performed in two ways: dimensional reduction and attribute selection or feature selection (FS). Dimensional 
reduction often requires transformational compression techniques like Principal Component Analysis(PCA) and 
Discrete Wavelet Transformation(DWT), while FS involves direct consideration of the attribute without 
transformation or compression [46].  

Diagnosis via classification without considering the significance of the attributes often results in poor 
efficiency and accuracy. It happens because irrelevant attributes make the classification process a complicated 
one, and as a result performance, the diagnosis model degrades.FS accelerates the process of building the 
classification model. A rich literature of FS is available for heart disease diagnosis. Relief is a weight-based 
domain independent feature selection method used in many recent studies, including[47]. mRMR is a kind of 
feature selection that handles redundancy and correlation very efficiently. It has been used very recently in medical 
data, especially in heart disease diagnosis [48], [49]. Another approach that has been considered for feature 
selection is LASSO[50], which maintains the model parameters by putting a threshold. Hence, regularization and 
feature selection are performed simultaneously. Relief, MRMR and LASSO are considered feature selection 
algorithm in this study. 

3.1 Relief 

Relief is a weight-based feature selection method where weights of the features are noted and updated. Weights 
are updated in nearest neighbor fashion. The Equation for the weight adjustment is as follows: 
 
𝑊𝑒𝑖𝑔ℎ𝑡 𝑤 ∑ 𝑑 𝑋 𝑗, 𝑖 𝑋 𝑁𝑀 𝑗 , 𝑖 𝑑 𝑋 𝑗, 𝑖 𝑋 𝑁𝐻 𝑗 , 𝑖    (2) 

 
In Eq.(2), wi is the feature score of an attribute. Data samples l are randomly selected among all n instances, 

NM(j) is the nearest instance to X(j) with the same class label, NH(j) nearest instance with a different class , d(.) 
is the distance function for binary classification problem[47]. The feature with greater weights will be selected. It 
is a kind of supervised filter-based algorithm. 

3.2 Minimal-redundancy-maximal-relevance (mRMR) 

mRMR is based on the concept of minimum redundancy and maximum relevance theory, which is further based 
on a seminal concept called mutual information (MI) between two attributes. In the theory of feature selection, 
the MI is calculated between the feature under consideration and the class variable. If x and y are two random 
variables (representing features), MI can be expressed in probability distribution functions p(x),p(y)and p(x,y) by 
the Eq.(3) and (4). 
 

I x, y  ∬
, ,

𝑑𝑥𝑑𝑦        (3) 

I x, y  ∑ ∑ , ,
∈∈         (4) 

Eq.(3) represents the MI for continuous variables, while Eq.(4) represents the MI for discrete-valued 
variables[51]. If we further assume a feature set S with m number of features {xi} that are jointly dependent on the 
class label c, then maximal dependency may be expressed as per Eq.(5). 
max(dep(S,c)), dep=I({xi,i=1,2,…m};c)        (5) 

Finding maximal dependency is an incremental search and one has to find the feature that has contributed the 
largest increase for I(S,c). It is a very hard implementation. An alternative solution is to select the feature based 
on maximal relevance, expressed as the Eq.(6). 

max(dep(S,c)), 𝑑𝑒𝑝
| |

∑ 𝐼 𝑥 ; 𝑐  ∈         (6) 

Mutually dependent features generate redundancy if they exist together in a feature set. Therefore, minimal 
redundancy constraints must be added to select mutually exclusive features. Minimal redundancy is added as per 
Eq.(7). 

min(rel(S)), 𝑟𝑒𝑙
| |

∑ 𝐼 𝑥 , 𝑥  ∈         (7) 

Finally minimal-redundancy-maximal-relevance(mRMR) is obtained through combination of both the 
Equations (Eq.(8))i.e. Eq.(6) and (7)[52]. 
 
Max RR(dep, rel), RR= dep-rel         (8) 

3.3 LASSO 

Robert Tibshirani introduced the least absolute shrinkage and selection operator (LASSO) to estimate linear 
models[53]. There are certain absolute coefficient values associated with features. LASSO puts a limit on the sum 
of the values. It is achieved by a shrinking or regularization process. The shrinking process may result in such 
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conditions where we need to put some coefficients value as zero. The leftover coefficients, which are non-zero 
values, are the selected features. LASSO is assumed to be a good combination of ridge regression and subset 
selection. Among highly correlated features, LASSO selects one and puts the other to zero. Setting a zero value 
to a variable is known as shrinking. Putting zero values to most of the variables makes the interpretability of the 
process an easier one. 

4. Dataset and Methodology 

4.1 Dataset Collection 

The data set was collected from people of southern Haryana during their visits to diagnostic centers. The patients 
are gone under the examination of the physician, radiologist, and then cardiologist. A detailed description of the 
collected data is given in section 5. The dataset consists of 500 samples and 42 attributes collected from subjects 
of different ages and gender. The dataset further consists of demographics, lifestyle, symptoms, lab tests, and ECG 
information.In this dataset, lifestyle information is added along with symptoms, lab tests, and ECG information 
since it contributes a lot towards heart disease. In the experimental section, lifestyle information like AC, exercise 
and smoker, and Ex-smoker are some features that are proved to be significant.  

4.2Methodology 

Metaheuristic optimization techniques have optimized an ANN in multiple ways for more than two decades[21]. 
Optimizing network structure, weights and biases, learning rate and activation function through metaheuristic 
methods are popular. In this study, the weights and biases are optimized with a variant of grey wolf optimization 
(GWO)[54]. This variant is named inertia motivated grey wolf optimization (IMGWO) and proposed by Kumar 
et al. in 2021[22].IMGWO was proposed to increase the exploration and exploitation capabilities of GWO since 
it is usually entrapped in local minima and slow convergence during the later part of evolution[55].IMGWO is 
explained in Algorithm1. 

 
Alogorithm1: Inertia Motivated Grey Wolf Optimization 

 
Variable declaration: 
total_pop: total number of solutions 
 t=0; variable t denoting current iteration 
max_itr : maximum iteration 
A and C are some coefficients in the original GWO that managed exploration and exploitation ((A=2�⃗�r1-�⃗�) 
and(C=2r2)) 
�⃗� is a control variable and r1, r2 are some random numbers ranging between 0to1.  
�⃗� is modified as Eq.(9): 

�⃗� 𝑡 �⃗� �⃗� �⃗� 𝑒 _ 1           (9) 

     
Resultant positions X of the alpha search agents is updated as per Eq.(10): 

𝑋 𝑡 1 =𝑤.
⃗ ⃗ ⃗

+𝑐 .𝑟 . 𝑋 ⃗ �⃗� +𝑐 .. 𝑟 𝑋⃗ �⃗�         (10) 
 
Control variable �⃗� changes its value from�⃗�  to �⃗�  in a non-linear way during all iteration. Positions 𝑋⃗, 
𝑋⃗and 𝑋⃗ are individual leading solutions as per classic GWO and r3, r4 are random numbers in the range 0 to 
1. Inertia factor w is a function of time, and it is also a component of particle swarm optimization (PSO) [56]. 
Coefficients c1 and c2 are individual memory components and personal communication components, 
respectively, with the original PSO range [0,1][55].𝑋 ⃗is the historical personnel best solution. 
Input:total_pop, max_itr 
Calculate the fitness of all of the search agents considering MSE of ANN as a fitness function. 
Alpha (α) is the best solution, while beta (β) and delta (δ) are the second and third best solutions, respectively. 
Rests of the solutions are omega (ω). 
whilet<max_itr 

fori= 1 to 1: total_pop 
Calculate and update the position of the search agent as per Eq.(10) 
end for 
Update A, C and �⃗� 
Recalculate fitness 
Update positions of α, β, and δ search agents 
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end while 
Output: Return the position of α as an optimal solution 

 
The position of the alpha search agent is the optimal solution. The details of the IMGWO algorithm is given 

in [22]. The current research study investigated the performance of IMGWO in terms of better convergence by 
avoiding the local minima entrapment in a large search space of weights and biases for an ANN. The ANN-
IMGWO model was built and evaluated with a 10-fold cross-validation methodology, as shown in Fig. 1. The 
fitness function for IMGWO is the average mean square error (AVGMSE) which is to be minimized over the course 
of iterations. The expression for the vector representing weights and biases is given in Eq.(11), and that is for 
AVGMSE is given by Eq.(12). 

𝑉   𝑤𝑡|𝑤𝑡: 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 , 𝑏|𝑏: 𝑏𝑖𝑎𝑠𝑒𝑠             (11) 

𝐴𝑉𝐺 ∑
∑

                (12) 

In Eq.(12), the total numbers of samples are q, and the total numbers of classes are m. The terms 𝑜𝑏 𝑒𝑥𝑝 are 
observed and expected outputs for the input unit i w.r.t.pth training samples. Ultimately training of ANN may 
now be formulized as minimization of a function F as per Eq.(13). 

𝐴𝑉𝐺 Min. F 𝑉                   (13) 
Connection weights and biases are modified over the iteration to minimize the 𝐴𝑉𝐺  for all training 

instances. The flow of the process of the proposed study is given in Fig.1. 

 
Fig.1. Process Flow of ANN-IMGWO model preceded by feature selection for heart disease diagnosis. 
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5.Experimental Results and Discussion 

The experiment was conducted on core i5 Intel processor with a 4 GB RAM capacity and window10 based desktop 
system. The whole experiment has been performed with python 3.6 with scikit-learn, NumPy and Pandas libraries. 
Description and domains of the dataset attributes have been detailed in Table 1.Total number of 500 samples 
includes 150 as positive samples and 350 as negative samples. Positive samples are the patients having heart 
disease. Numeric and nominal (categorical) features are mentioned explicitly in the table under the column 
‘description and domain.’ In addition, some features have binary domains, including Gender, HHTN, Smoker, 
Ex-Smoker, FHHD, Thyroid, AD, SA, VD, Dyspnea, DM, SM, ESTS, ESTD, TI, LVH and PRP. The motivation 
behind the experiment is to judge the classification performance of the IMGWO based ANN on a heart disease 
dataset that covers all kinds of features, including demographics, lifestyle, symptoms, lab tests and ECG 
information.  
 

Sr. No. Type of 
information 

Name of the feature Description and domain 

1 

D
em

og
ra

ph
ic

 a
nd

 li
fe

 s
ty

le
 

Age  35-85 in years; Numeric 
2 Gender Male/Female 
3 Weight  40-120 in kg; Numeric 
4 Height  1.55-1.82 meters; Numeric 
5 BMI Body mass index(Kg/m2); Numeric 
6 HHTN History of hypertension; Yes /No  
7 Smoker 1 if yes 0 if no 
8 Ex-Smoker 1 if yes 0 if no 
9 FHHD family history of heart disease ;Yes /No  
10 Thyroid  1 if yes 0 if no 
11 Exercise  3: more than 2.5  hours per week 

2: less than 2.5 but more than 1 hours per week 
1: less than 1 but more than 30 minutes per week 
0: less than 30 minutes per week 

12  AC Alcohol consumption; nominal 
3: regularly drink 
2: moderately drink and 
1: rarely drink 
0: never drink 

13 AD Anxiety and Depression; 1 if Yes 0 if No  
14 DSH Daily sleep hours; nominal 

3: more than 8 hours 
2: less than 8 but more than 6 hours 
1: less than 6 hours but more than 5 hours 
0: less than 5 hours 

15 SH Sitting hours; Nominal 
3: more than 8 hours 
2: less than 8 but more than 6 hours 
1: less than 6 but more than 4 hours 
0: less than 4 hours 

16 
 

 AP Air pollution; Nominal 
3: air quality index(AQI) is more than 200 
2: AQI is more than 100 but less than 200 
1: AQI is more than 50 but less than 100 
0: AQI is less than 50 

17 

S
ym

pt
om

s 
L

ab
 T

es
t 

SA Sleep apnea ;1 if Yes 0 if No 
18 VD Vitamin D deficiency ;1 if Yes 0 if No 
19 SC Serum cholesterol (mg/dl); numeric 
20 FBS Fasting Blood Sugar (mg/dl); numeric 
21 Dyspnea 1 if Yes 0 if No 
22 DM Diastolic mummer ;1 if Yes 0 if No 
23 SM Systolic murmur ;1 if Yes 0 if No 
24 CPT Chest pain type 

1 : Typical angina  
2: Atypical angina  
3: Non-anginal pain,  
4: Asymptomatic 

25 HR Heart rate at rest (beats per minute); Numeric 
26 SBP Systolic BP (mmHg); Numeric 
27 DBP Diastolic BP (mmHg);Numeric 
28 LDL Low density lipoprotein(mg/dl);Numeric 
29 HDL High density lipoprotein (mg/dl);Numeric 
30 TRIG Triglyceride (mg/dl);Numeric 

31 Uric Acid  (mg/dl):Numeric 
32 HB Hemoglobin (g/dl): Numeric 
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33 WBC White blood cells (per micro liter); Numeric 
34 Platelet per micro liter; Numeric 
35 EP Ejection percentage (15-60); Numeric 
36 NST Nuclear stress test ; Nominal 

1: Normal 
2: fixed defect  
3: reversible defect 

37 CCS Coronary calcium score; Numeric 
38 

E
C

G
 

ESTD Exercise ST depression; Yes/No 
39 ESTS Exercise ST slope; Yes/NO 
40 TI T-inversion; Yes/NO 
41 LVH Left ventricles hypertrophy; Yes/No 
42 PRP Poor R wave progression; Yes/No 
43  Heart disease Class Attribute; Yes /NO 

Table 1. Heart disease dataset 

 

The preprocessing and FS was done prior to building of the diagnosis model. Mean values fill missing values; 
normalization was performed with min-max normalization and feature selection was performed on three states of 
the art methods: Relief, mRMR and LASSO. The performance of the proposed methodology was judged on 
accuracies, sensitivities or recall, specificities, precision, f-measure, area under the curve (AUC), Kappa statistics 
and Mathew’s correlation coefficient (MCC). The comparisons were performed with contemporary 
metaheuristics-based ANN models that include GA, PSO, GWO, FF and WOA. The results are obtained with 10-
fold cross-validation.  

FS was performed with three popular methods explained in section 3. The filter methodology was adopted in 
FS to avoid overfitting. In Tables 2 to 4, the different attributes got selected for classification.  Relief determines 
CPT as the most important, NST as the second most important feature. All selected features are shown in table 
2.Most of the ANN models trained over selected metaheuristic techniques got improved when features selected 
by Relief. The other 28 features have insignificant scores and don’t contribute much towards accuracies and other 
performance metrics.  
 

Rank Feature name  Score 
1 CPT 0.255 
2 NST 0.245 
3 ESTD 0.220 
4 FBS 0.217 
5 CCS 0.213 
6 HR 0.195 
7 LVH 0.189 
8 Age 0.175 
9 Gender 0.171 
10 TG 0.165 
11 Smoker 0.161 
12 TI 0.137 
13 HHTN 0.115 
14 Exercise 0.111 

Table 2. Feature selected by Relief with the rank and score 

It is interesting to observe that the features like Age, Gender, Smoker, HHTN and Exercise that contains 
demographic and lifestyle information have significant but lesser scores than the features that include symptoms, 
lab test, and ECG information. Table 3 contains the features selected by mRMR with the corresponding score and 
rank. Age is having the highest score, succeeded by CPT. Age is a demographic feature, CPT is a symptom and 
ESTD is ECG information.CCS is a lab test that is obtained after fluoroscopy. Dyspnea, FHHD, ESTS are some 
significant features considered in mRMR but couldn’t be selected by Relief.  
 

Rank Feature name  Score 
1 Age 0.637 
2 CPT 0.597 
3 ESTD 0.567 
4 CCS 0.558 
5 LVH 0.539 
6 HR 0.522 
7 Smoker 0.511 
8 Dyspnea 0.501 
9 TI 0.445 
10 FHHD 0.420 
11 TG 0.352 
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12 ESTS 0.271 
13 Gender 0.258 
14 FBS 0.246 

Table 3. Feature selected by mRMR with the rank and score 

Table 4 contains the features selected by LASSO, which works based on the shrinking and regularization 
process to avoid overfitting. LASSO selected CPT as the most significant feature, like Relief. The second and 
third most significant features are ESTD and NST. ESTD is an ECG based feature while NST is a lab test based 
feature. It is important to note that AC is a lifestyle-based feature selected only by LASSO. Age, HHTN and 
exercise are other demographic and lifestyle-based features found significant in the classification process that 
ultimately diagnoses a heart ailment.  
 

Rank Feature name  Score 
1 CPT 0.149 
2 ESTD 0.147 
3 NST 0.143 
4 CCS 0.138 
5 LVH 0.133 
6 HR 0.125 
7 Gender 0.116 
8 Dyspnea 0.114 
9 Age 0.107 
10 TG 0.103 
11 TI 0.093 
12 AC 0.091 
13 Exercise 0.085 
14 HHTN 0.081 

Table 4. Feature selected by LASSO with the rank and score 

Table 5 contains the performance metrics for all the ANN models trained by different metaheuristic methods. 
These performance metrics include Accuracy, Sensitivity, Specificity Precision, F-measure and AUC. Accuracy 
is the primary measure that gives raw performance without considering the class distribution. Sensitivities and 
specificities are specific measures that are associated with true positive rate and true negative rate. An important 
reason to select sensitivity or recall as a performance measure is that it describes completeness. 100 % sensitivity 
ensures that all the subjects that have heart disease problems are classified as positive. It can be observed from 
table 5 that the ANN-IMGWO classification model outperforms as compared to ANN-GA, ANN-PSO, ANN-FF, 
ANN-WOA and ANN-GWO on almost all performance metrics. The average accuracy of ANN-IMGWO is 94.68 
% which is the highest among all other ANN models, build with features selected Relief. A score of 93.17 % for 
recall (sensitivity) is achieved, which is the highest among all other ANN models. ANN-IMGWO also achieved 
the highest specificity that 96.30 %.  The highest precision (0.96) and F-measure (0.94) are also achieved by 
IMGWO based ANN model succeeded by feature selection with Relief. In classification, precision gives the 
exactness for the positive classes and F-measure combined exactness and completeness for the positive classes. 
Therefore, in other words, ANN-IMGWO provides the 96 % exact and 94 % complete classification w.r.t. positive 
cases, which is much essential in medical diagnosis, especially in heart disease diagnosis. 

 
Algorithm Acc. Sens./recall Spec. Precision F-measure  AUC. 
ANN-GA 90.29 90.06 90.48 0.89 0.90 0.931 

ANN-PSO      92.29         91.93       92.59         0.91          0.92      0.940 

ANN-FF 88.00 89.44 86.80 0.85 0.87 0.900 

ANN-WOA 88.29 
 

88.82 87.83 
 

0.86 
 

0.87 
 

0.899 

ANN-GWO 92.57 
 

92.55 
 

92.59 
 

0.91 
 

0.92 
 

0.960 

ANN-IMGWO 94.86 93.17 
 

96.30 0.96 
 

0.94 
 

0.965 

Table 5 Performance metrics of all classifiers with the selected features by Relief  
 
AUC gives the true positive classification at the rate of false positive classification that is highly demanded in 

medical data classification since it reduces the cost of diagnosis. ANN-IMGWO achieved a score of 0.965 for 
AUC, which is the highest among all other models. 

Performance measures achieved by different ANN-metaheuristic models are shown in Table 6. All of these 
models are preceded with the mRMR feature selection method. The performance of the classification model ANN-
IMGWO is best among all the other ANN models.  
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Algorithm Acc. Sens./Recall Spec. Precision F-measure AUC. 
ANN-GA 90.29 

 
90.06 

 
90.48 

 
0.89 0.90 0.931 

ANN-PSO 92.57 
 

92.55 
 

92.59 
 

0.92 0.92 0.958 

ANN-FF 90.00 
 

91.30 
 

88.89 
 

0.91 0.91 0.928 

ANN-WOA 89.43 
 

89.44 
 

89.42 
 

0.87 0.88 0.910 

ANN-GWO 92.86 
 

92.55 
 

93.12 
 

0.93 0.93 0.955 

ANN-IMGWO 95.43 
 

93.79 
 

96.83 
 

0.97 0.95 0.969 

Table 6 Performance metrics of all the classifiers with the selected features by mRMR 

The performance metrics of all the classification models attained with features selected by LASSO is shown 
in Table 7. It is further notable that features selected by mRMR gave a maximum performance in terms of accuracy 
and all other measures mentioned in Tables 5 to 7.  
 

Algorithm Acc. Sens./Recall Spec. Precision F-measure  AUC. 
ANN-GA 89.71 

 
89.44 

 
89.95 

 
0.88 0.89 0.905 

ANN-PSO 90.29 
 

88.20 
 

92.06 
 

0.89 0.89 0.921 

ANN-FF 87.71 
 

86.34 
 

88.89 
 

0.86 0.86 0.889 

ANN-WOA 90.00 
 

88.82 
 

91.01 
 

0.89 0.89 0.917 

ANN-GWO 92.00 
 

90.68 
 

93.12 
 

0.92 0.91 0.958 

ANN-IMGWO 94.00 
 

91.93 
 

95.77 
 

0.93 0.92 0.959 

Table 7 Performance of all classifiers with the selected features by LASSO 

Figures 2 to 4 show the two vital statistics much needed for classification, especially for statistical validation. 
These statistics are Mathew’s correlation coefficient (MCC) and Kappa statistics. MCC includes all of the corner 
values of the confusion matrix and has a range between -1 to +1. It quantifies the quality of the classification. The 
expression of MCC is given as in Eq.(14). 
 

𝑀𝐶𝐶
∗ ∗

∗ ∗ ∗
      (14) 

The Kappa statistics evaluate the model's consistency and express the agreement between the expected and 
actual outcomes by the model. Its values also lie between -1 to +1. Values near 0 are considered by chance, and 
values near +1 are considered statically validated. 

 

 
Fig. 2. Kappa statistics and MCC with features selected by Relief 
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It can be observed from Fig. 2 that MCC for the ANN-IMGWO is highest among all the other models, and so 

is the Kappa statistics. ANN-IMGWO attained a value of MCC 0.9496, which is very close to 1. So the model 
could be considered a reliable one. MCC values near 0 are an indicator of random prediction. Kappa for the ANN-
IMGWO model was noted as 0.9012, which is near to +1 means the performance of ANN-IMGWO is not by 
chance or random, but the performance is reliable. 
 

 
Fig. 3. Kappa statistics and MCC with features selected by mRMR 

 
Fig. 3 shows that the highest MCC value achieved (0.9614) in the ANN-IMGWO model is near 1. In this 

figure, Kappa for the ANN-IMGWO is 0.9615. It is important to note that with features of mRMR the both of the 
statistical measures favor the IMGWO based ANN model for heart disease prediction.  

 

 
Fig. 4. Kappa statistics and MCC with features selected by LASSO 

 
The values of MCC and Kappa for the models described by the feature of LASSO are again highest for 

IMGWO, which are 0.9541 and 0.9155, respectively. 
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Fig. 5 to 10 show a visual representation of the individual performance measures achieved by different ANN 
models with features selected by the 3 FS techniques. 
 

 
Fig. 5. Accuracies of different classifiers with selected features 

 
Fig. 5 highlighted the improvement in ANN-IMGWO and that too with mRMR FS technique. It is also 

observed that Relief comes second and LASSO comes last towards improvement in accuracy. 

 
Fig. 6. Sensitivities/recall of different classifies with selected features  
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Fig. 7. Specificities of different classifiers with selected features 

 

 
Fig.8. Precisions of the classifiers with selected features  
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Fig. 9.  F-Measures of the all the classifiers with the selected features 

 

 
Fig. 10. Area under the curve (AUC) for different classifiers with the selected features  

The better performance of IMGWO based learning of ANN might be associated with the following reasons: 
 

(1) Metaheuristic computations were better alternatives to the classical gradient descent or backpropagation 
training algorithms[21]. Moreover, in IMGWO, the essence of PSO and GWO were combined to combat 
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the local minima entrapment and poor convergence. Better balance between exploration and exploitation 
by the two metaheuristic techniques resulted in excellent search capability. 

(2) The features selected through the FS algorithms played a significant role in building the classification 
model and, ultimately heart diseases diagnosis model. The FS algorithm mRMR outperformed, as 
confirmed by the results. The irrelevant feature could have made the process of training complicated. 
Avoidance of irrelevant features increases the performance measures. Further, too many dimension 
creates the problem of overfitting which the features selected by mRMR efficiently handles. 

Conclusion 

This paper presented a heart disease diagnosis model that used ANN as a base classifier and IMGWO (a 
variant of GWO) as a training algorithm. Before the classification process, FS was performed with three prominent 
FS methods:  Relief, mRMR and LASSO. CPT, ESTD, CCS, LVH, age, gender, TG, and TI are the features that 
are selected by all of the FS algorithms as the most discriminative feature. It is worth noting that features like AC 
and Exercise have also contributed to heart disease diagnosis. As per our knowledge and belief, AC and Exercise 
are the features that are included the first time in a heart disease dataset. The current research work has been 
carried out to investigate the performance of the ANN-IMGWO model preceded by the aforementioned feature 
selection algorithms on a newly collected dataset of 500 people from. During FS 14 most relevant features were 
selected by the three algorithms, and classification was performed. The ANN-IMGWO proved its competence in 
accuracy, sensitivity or recall, specificity, precision, f-measure and area under the curve over some contemporary 
metaheuristic based learning models like ANN-GA, ANN-PSO, ANN-FF, ANN-WOA and ANN-GWO. The 
proposed ANN-IMGWO model outperformed all other models w.r.t. all the performance metrics. The 
performance of the proposed model was further compared in terms of Kappa statistics and MCC to validate the 
results statistically. It is to note further that the highest accuracy was achieved with the features selected by 
mRMR. The mMRR-ANN-IMGWO framework achieved 95.43 % accuracy, 93.79% recall, 96.89% specificity, 
0.97precsion, 0.95 F-measure and 0.969 AUC. These performance measures are the highest among all the 
considered ANN-metaheuristic models (ANN-GA, ANN-PSO, ANN-FF, ANN-WOA and ANN-GWO) preceded 
by all the considered FS algorithms (Relief, mRMR and LASSO). The proposed hybrid model could assist in 
decision making during the diagnosis process of heart ailments.  
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