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Introduction
Congenital malformations are defined as “any defect in the 
structure of a person that exists from birth”. Among them, 
congenital heart disease (CHD) has the highest prevalence in 
the world.[1] CHD is the most common type of birth defect, 
which accounts for about 25% of all congenital anomalies. 
It is characterized by a wide range of clinical symptoms.[2] 
According to studies, more than 8 cases of every 1000 births 
has CHD.[3] In severe cases, the disease can lead to child 
mortality.[4] These diseases can lead to developmental disability 

in adulthood as well.[5] CHD can cause many problems and 
impose high costs on households.[6] Various factors can be 
effective in the incidence of this disease. Also, several genetic 
factors have been considered as effective factors.[7] Yet, the 
causes of these congenital diseases are not clearly known.[8,9]

Many factors have made this disease the most important 
congenital anomaly. These factors are the burden of not 
recognizing and treating, the economic, psychological costs 
of society, and health system and families’ problems. The risk 
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factors for congenital diseases such as CHD are different in 
various regions of Iran and the world. Identifying these factors 
and their impact on the incidence of CHD can play an important 
role in preventing these diseases.[10]

Data mining techniques have been used as one of the effective 
methods in diagnosing and identifying medical patterns in 
recent years. Data mining is a set of techniques that receives a 
set of data as input and produces a set of patterns (knowledge) 
as output. By using these techniques, it is possible to identify the 
effect of the combination of different factors on the occurrence 
of CHD at a lower cost. Luo et al.[11] used three data mining 
techniques: weighted support vector machine  (WSVM), 
weighted random forest  (WRF), and logistic regression 
to predict CHD defects. It was suggested that these three 
techniques be used as a tool to identify high‑risk groups. Rani 
et al.[12] used simple Bayesian and neural network techniques 
to predict CHDs. The results showed the better performance 
of the neural network technique and suggested the use of 
this technique. Hoodbhoy et al.[13] evaluated the accuracy of 
machine learning techniques in the diagnosis of CHD. The 
investigation showed the appropriate performance of the neural 
network technique. Chu investigated the complications of CHD 
for pregnant women. He used support vector machine (SVM), 
random forest, AdaBoost, decision tree, k‑nearest neighbor, 
simple Bayesian, and multilayer perceptron techniques to create 
the model and stated that women with previous congenital 
disease should be consulted about pregnancy during puberty.[14] 
By examining this point, in previous studies, various topics 
in CHD have been discussed in different collections, and it is 
also necessary to mention that the Isfahan CHD dataset has not 
been investigated for the discussion of machine learning. So, 
this study focuses on the development of a predictive model for 
CHD in Isfahan using SVM and particle swarm intelligence.

Materials and Methods
The protocol of study approved by Ethics committee of 
Isfahan University of Medical Sciences  (Ethical Code: 
IR.MUI.NUREMA.REC.1400.222). It consists of four parts: 
data collection, preprocessing, identify target features, and 
technique.

Data collection
The datasets play the most significant role in data analysis. In 
this paper, information about all patients in Isfahan Pediatric 
Cardiovascular Research Center will be considered. The data 
set includes 1389 patients and 399 features (a noticeable or 
important characteristic or part). Some of these are positive 
family history of CHD, maternal illness (diabetes), maternal 
illness  (hypothyroidism), hypertension  (mother), thyroid 
medications, insulin, metformin, aspirin, maternal addiction, 
and genetic abnormalities.

Preprocessing
The first part of preprocessing is data conversion. The 
nationality attribute was removed from the set of values. 

Considering that all these patients were Iranian. The days and 
months of birth were removed from the patients’ data set. The 
second part of preprocessing is handling missing attributes. 
Among the available features, features that have more than 75% 
of the rows without value are removed from the set of features. 
The third part is data split. Also, the ages of patients’ fathers and 
mothers are obtained based on the date of referral and their date 
of birth. For the feature of parental occupation, two features 
were considered, so that a person can have two jobs. For better 
processing, adjectives father jobs and mother jobs were used. 
The fourth part is identifying the related attributes by experts. 
After this part, a total of 21 attributes are remained. These 
21 attributes included congenital extra cardiac anomalies, 
Positive family history of CHD, maternal illness (diabetes), 
maternal illness  (hypothyroidism), hypertension  (mother), 
thyroid medications, insulin, metformin, aspirin, maternal 
addiction, genetic abnormalities, sex, parent’s consanguinity, 
birth conditions, referral time, patient’s age at the time of 
registry  (year), gestational age, mother’s and father’s ages, 
father’ and mother’s jobs.

Identify target features
Target feature values include ventricular septal defect, 
atrial septal defect, patent ductus arteriosus, double outlet 
right ventricle, congenital insufficiency of aortic valves, 
congenital pulmonary valve stenosis, and coarctation of aorta, 
atrioventricular septal defect, and tetralogy of fallot.

Techniques
The proposed technique is a combination of SVM method and 
particle swarm optimization (PSO). SVM can be utilized for 
classification problems. It is a supervised machine learning 
algorithm. The SVM algorithm considers any data item as a 
data point in n‑dimensional space (n = the number of features). 
By receiving labeled training data (supervised training), the 
SVM algorithm presents a hyperplane. It uses this hyperplane 
to classify new instances. The SVM technique works in such 
a way that it is used for binary target features. Multiclasses 
become binary problems. The backup vector machine has a 
problem. The problem is that the parameters of this attribute 
need to be determined by the user and the results depend on 
these parameters. To deal with this problem, the evolutionary 
method of PSO has been proposed. This method is a collective 
search algorithm modeled on the social behavior of flocks of 
birds. PSO algorithms use particles moving in a later space 
to look for solutions to the variable function optimization 
problem. The performance of this technique is compared with 
the SVM technique and the random forest technique.

Results
Evaluation criteria
This study used test data sets to test methods. First, the 
complexity matrix is calculated, which includes various criteria 
such as TP, TN, FP, and FN. The TP identifies the number of 
records that the group has correctly placed as low. TN identifies 
records that have been correctly identified as Medium or high. 
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FN identifies records that have been incorrectly identified as 
low, and FP identifies the number of records that have been 
incorrectly identified as medium or high.

The target group consists of seven classes with three values: 
low, normal, and high. In fact, the techniques will be used 
separately for each class. Different criteria are used for 
evaluation. One of these criteria is accuracy[15], that the closer 
the accuracy of this criterion, the better the result. This criterion 
is calculated based on the following formula:

Accuracy = (TP + TN)/(TP + TN + FP + FN) (1)

The other criteria are sensitivity, specificity [16], and 
confidence.[17] The confidence is between 0 and 1. The closer 
to one the confidence is,  the better the performance of the 
technique.

Results
Thirty‑three adjectives are considered as predictors, some of 
which are listed in Table 1. According to Table 1, 156 people 
had a preterm birth. Among which 504 are men and 513 are 
women. Sixteen parents were cousins. Also, 382 of their 
fathers’ jobs are workers and 54 are drivers. Five hundred and 
eighty‑eight people are less than 40 years old.

According to Table  2, all three techniques performed 
well and were able to achieve at least 78% accuracy. The 
best performance in terms of accuracy, with 81.57%, is 
related to the particle swarm optimization support vector 
machine (PSO‑SVM) technique and the worst performance, 
with 78.62%, is related to the random forest technique.

The principle component analysis technique extracted 12 factors 
affecting the incidence of heart disease. Then, the importance 
of these factors in different techniques was extracted. The 
output is shown in Table 3. In all three techniques, congenital 
extra cardiac anomalies are considered as the most important 
factor. This factor averages 0.655. The second factor in terms of 
the mean value is chromosomal/genetic abnormalities, which 
has been more than 50% significant in the SVM technique. 
The third factor based on the average value is weight, which 
is more than 50% of the importance in both random forest and 
PSO‑SVM techniques.

Discussion
To the best of our knowledge, this is the first study that 
has applied data mining to identify some factors involved 
in the occurrence of CHDs in Iran. Our study showed that 
among 12 factors affecting the disease, in CHD patients, any 
association with other congenital extracardiac anomalies is 
the most important factor affecting the incidence of CHD. 
Other important factors are the presence of genetic disorders 
and birth weight.

Several studies have evaluated the influence of factors on 
the incidence of CHD; yet, the results are not the same. Liu 

et  al.[18] have reported that the mother’s education level, 
neonatal asphyxia, number of previous pregnancies, maternal 
infections, and her mental stress during early pregnancy are the 
environmental risk factors associated with CHD. In another 
study, Jin et al.[19] found out living suburban, and having a 
previous child were negatively associated with CHD. Yet, 
twin pregnancies, maternal illness in the first trimester of 
pregnancy, a family history of CHD, and having another child 
with a congenital anomaly were positively associated with 

Table 1: Attributes, quantities, and numbers related to the 
congenital heart patient database

Attributes Values (number)
Congenital extra cardiac anomalies Yes (186) No (830)
Positive Family history of CHD Yes (116) No (900)
Maternal Illness (diabetes) Yes (34) No (982)
Maternal Illness (hypothyroidism) Yes (81) No (935)
Hypertension (mother) Yes (8) No (1008)
Thyroid medications Yes (78) No (938)
Insulin Yes (16) No (1000)
Metformin Yes (18) No (998)
Aspirin Yes (18) No (998)
Maternal addiction Yes (28) No (988)
Chromosomal/genetic abnormalities Yes (186) No (830)
Sex Male (504) Female (513)
Parent’s consanguinity Cousin (16)

Fourth‑degree communication (96)
Third‑party communication (93)
Fifth‑degree communication (247)

Birth condition Term (850)
Early (156) 

Referral time 2018 (501)
2017 (492)

Patient’s age at the time of 
registry (year)

1‑10 (766)
11‑20 (303)
21‑30 (41) 
31‑40 (3)

Mother’s age (years) Below than 20 (11)
20‑30 (167)
30‑40 (598)
40‑50 (7)

Father’s age (years) Below than 20 (7)
20‑30 (36)
30‑40 (470)
40‑50 (305)

Gestational age (weeks) Less than 28 (7)
28‑32 (24)
33‑36 (86)
37‑40 (70)

Father’s job Workers (382)
Drivers (54)
Unemployed (23)
Retired (15)
Employees (157)
Engineer (17(

Mother’s job Housewives (902)
Working outdoors (115)
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CHD. In another study, Bassili et al.,[20] have been reported 
that high age in both parents, consanguinity, positive family 
history of CHD, female babies, irradiation, some maternal 
occupations, diabetes, and suburban or rural residence before 
and during the pregnancy are the most effective risk factors for 
any type of CHD. Vasanthanageswari assesses the risk factor 
of congenital heart defect using the association rule mining 
technique. Many number of patients affected by rheumatoid, 
and symptom affected the minimum number of patients is 
body temperature.[21]

In our study, we could include multiple known affecting 
factors and evaluate them with a data mining method. Our 
findings were more similar to those obtained by Hassan 
et al.[22] who have reported that chromosomal abnormalities, 
especially Trisomy 21, are the most common association 
with CHDs; nonetheless, history of abortions or stillbirths, 
parental consanguinity, and maternal diabetes did not have 
any significant influence on their survey.

Due to the preventability of many factors affecting CHDs and 
to decrease the infantile mortality rate, many studies have been 
established to find more risk factors that may prevent CHD 
during pregnancy. The investigations are still ongoing in this 
regard. Abqari et al.[23] have reported a positive association 
between the occurrence of CHD and high parental age, history 
of a bad pregnancy, infections during pregnancy, and folic 
acid deficiency.

Nowadays, data mining techniques are currently used widely 
in preventive medicine to identify important risk factors. Luo 
et al.[11] surveyed to improve and validate machine learning 

models to predict the risks of bearing a child with CHD for 
mothers. Three models have been used: WSVM, WRF, and 
logistic regression (Logit) for nine maternal variables. Authors 
could confirm the predictive ability of these models. We used 
SVM, PSO‑SVM, and random forest techniques, and as 
mentioned, our results were significant too.

A lot of information has been obtained with machine learning 
applications to optimize tools for the timely diagnosis of 
CHDs.[24] Rani et al.[12] used neural networks and Bayesian 
techniques to predict CHD. The results showed better 
performance of the neural network technique. He suggested 
the use of this technique for predicting this disease. 
Hoodbhoy et al.[13] evaluated the accuracy of machine learning 
techniques in diagnosing CHD. The study showed the proper 
performance of the neural network technique. Chu studied the 
complications of CHD for pregnant women. He used SVM, 
random forest, AdaBoost, decision tree, k‑nearest neighbor, 
Naive‑Bayes, and multilayer perception to create the model. 
It stated that women with a previous congenital disease should 
be consulted about pregnancy during puberty.[14]

In our study, SVM + PSO was used to identify factors affecting 
CHD. The SVM gets high performance in many pattern 
recognition techniques.[25] This technique has a remarkable 
ability to generalize unseen test data. Moreover, PSO has a 
good ability to solve the optimization problem.

The limitations of this study are that due to a large amount of 
missing data in some features (for example, information about 
the area where mother has lived before and during pregnancy 
which has shown a positive correlation with the occurrence 
of CHD), these features were removed. Another limitation is 
that the dataset has many features.

Conclusion
In this study, it was shown that machine learning algorithms 
can be used with high accuracy to detect factors that may 
influence on the occurrence of CHD. It was also shown that 
SVM+PSO detects more accurately than other techniques. 

Table 3: Factors affecting the incidence of congenital heart disease with the importance

Factors Significance by Random 
Forest (Gini index)

Significance by PSO‑SVM 
(Gain information)

Significance by support 
vector machine

Mean

Congenital extra cardiac anomalies 0.718 0.590 0.657 0.655
Chromosomal/genetic abnormalities 0.453 0.399 0.575 0.475
Hypothyroidism 0.124 0.140 0.248 0.170
thyroid drugs 0.08 0.141 0.219 0.146
Father age 0.221 0.202 0.380 0.267
Region 0.254 0.155 0.544 0.317
Positive Family history of CHD 0.112 0.178 0.333 0.207
Gender 0.160 0.189 0.220 0.189
Father’s job 0.182 0.186 0.317 0.228
Mother’s Job 0.363 0.141 0.479 0.327
Height 0.457 0.383 0.134 0.324
Weight 0.558 0.526 0.250 0.444

Table 2: Accuracy of different techniques 
(SVM‑PSO‑SVM‑random forest)

Techniques Accuracy
SVM 79.61%
PSO‑SVM 81.57%
Random Forest 78.62%
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Detecting more important features of CHD allows physicians to 
treat the variable risk factors associated with CHD progression. 
The use of a machine learning approach provides the ability 
to predict the presence of CHD with high accuracy. Thus, it 
allows physicians to perform timely preventive treatment in 
patients with CHD.
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