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Abstract

Background The structural abnormality of the heart and its blood vessels at the time of birth is known as congenital
heart disease. Every year in Pakistan, sixty thousand children are born with CHD, and 44 in 1000 die before they are a
month old. Various studies used different techniques to estimate the risk factors of congenital heart disease, but these
techniques suffer from a deficiency of capacity to present human understanding and a deficiency of adequate data.
The current study provided an innovative approach by defining the latent variables to handle this issue and building a
reasonable model.

Method Data used in this study has been collected from mothers and hospital records of the children. The dataset
contains information on 3900 children who visited the OPD of the Chaudry Pervaiz Elahi Institute of Cardiology
(CPEIC) Multan, Pakistan from October 2021 to September 2022. The latent variables were defined from the data and
structural equation modeling was used to model them.

Result The results show that there are 53.6% of males have acyanotic CHD and 54.5% have cyanotic CHD. There

are 46.4% of females have acyanotic CHD and 45.5% have cyanotic CHD. The children who have no diabetes in the
family are 64.0% and children who have diabetes in the family are 36.0% in acyanotic CHD, the children who have

no diabetes in the family are 59.7% and children have diabetes in the family are 40.3% in cyanotic CHD. The value of
standardized root mean residual is 0.087 is less than 0.089 which shows that the model is a good fit. The value of root
mean square error of approximation is 0.113 is less than 0.20 which also shows the good fit of the model.

Conclusion [t was concluded that the model is a good fit. Also, the latent variables, socioeconomic factors, and
environmental factors of mothers during pregnancy have a significant effect in causing cyanotic while poor general
health factor increases the risk of Acyanotic congenital heart disease.

Keywords Congenital heart disease, Root mean square error of approximation, Standardized root mean square
residual, Structural equation modeling

*Correspondence: ’Department of Mathematics and Computer Science, Faculty of Science
Muhammad Ahmed Shehzad and Technology Prince of Songkla University, Pattani Campus, Thailand
ahmad.shehzad@bzu.edu.pk 3Department of Sciences and Humanities, National University of
Muhammad Aslam Computer and Emerging Sciences, Chiniot-Faisalabad Campus,
aslam_ravian@hotmail.com Faisalabad, Pakistan

'Department of Statistics, Bahauddin Zakariya University, Multan, Pakistan “Department of Statistics, Faculty of Science, King Abdulaziz University,

Jeddah 21551, Saudi Arabia

© The Author(s) 2024. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the

licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/creati
vecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12911-024-02774-y&domain=pdf&date_stamp=2024-11-20

Shahid et al. BMC Medical Informatics and Decision Making

Introduction
In children, congenital heart disease (CHD) is the main
cause of morbidity and mortality all over the world [1,
2]. The structural abnormality of the heart and its blood
vessels at the time of birth is known as CHD [3]. The
CHD incidence was found at 17.9 per 1000 live births all
around the world, while it was found at 16.6 per 1000 in
females and 19.1 per 1000 in males [4]. Every year in Pak-
istan, sixty thousand children are born with CHD, and 44
in 1000 die before they are a month old [5]. Among Paki-
stani infants, the prevalence of CHD was found to be 4
per 1000 live births [6]. In newborns, the prevalence of
congenital heart defects (CHD) was found to be higher
compared to children in older age groups. In rural areas
of Pakistan, the prevalence was observed to be 3.4 per
1000 live births [7]. In both children and adult popula-
tions, CHD is a significant cause of mortality, with a prev-
alence rate of 4 per 1000 live births in Karachi, Pakistan
[8]. CHD development is associated with the mother’s
health condition, genetic disorders, and environmental
factors [9, 10]. Identifying the factors that cause CHD in
children can help prevent deaths by enabling doctors and
medical practitioners to provide appropriate treatment
at the right time. Many research studies aim to reduce
mortality and morbidity in children. Despite variations in
existing approaches, some commonalities are found to be
possible, such as the selection of variables as risk factors
for CHD in children. In various studies, variables such as
smoking [11], family history [12], family history of diabe-
tes, poor nutrition [13], low income, parents’ education
[14], dwelling area, home environment [15, 16], health
care access [17, 18], and the quality of health care facili-
ties and housing conditions [19, 20] have been identified.
Various studies have employed different techniques to
estimate the risk factors of CHD. However, these tech-
niques suffer from a lack of capacity to convey a clear
understanding of the issue and a deficiency of adequate
data. To the best of our knowledge, no one has utilized
the Structural Equation Model (SEM) to construct a pre-
dictive model for CHD or to identify latent risk factors.
In the current study, our objective is to develop a pre-
dictive model for CHD using categorical SEM, which will
also identify the latent risk factors of CHD in children.

Methodology

The current cross-sectional study is based on CHD data
collected from Chaudry Pervaiz Elahi Institute of Cardi-
ology (CPEIC) in Multan, Pakistan, from October 2021
to September 2022. We considered a sample of 3900
children who visited the hospital’s outpatient depart-
ment (OPD) and were diagnosed with CHD during
the mentioned period. Data related to all factors were
obtained from the mothers of the CHD patients and hos-
pital records. We collected data from all eligible children
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present at the hospital during the specified period. Only
children with confirmed CHD diagnoses via echocar-
diography were included in the study, while those with
comorbidities were excluded from consideration.

The inclusion and exclusion criteria for the children is
follow, the children have conformed diagnosis of CHD
as verified by echocardiography and if any comorbid
medical conditions are presence in children, they were
excluded.

Data collected from mothers pertained to factors
related to their pregnancy period. We developed a Per-
forma to collect data from respondents.

The sample size determination is done by using the fol-
lowing formula [21].

Z’p(1—p)

x D
o2

n =

,where z is the table value standard normal distribution
for a defined significance level and p denotes the disease
prevalence because we are interested in the presence of
the disease. ¢ denotes the level of precision and fixed
within 10% and D is the effect of sampling design whose
value lies between 1 and 10. For a simple random sam-
pling, D is chosen to be 1 while for purposive sampling,
the value of D is equal to 10 [22]. The CHD prevalence
used for the sample size is 4 per 1000 live births.

In this research, the questionnaire was designed (Sup-
plementary file S1) by the principal author in consulta-
tion with an expert and senior Pediatric cardiologist. This
self-designed questionnaire included questions related to
socioeconomic factors, environmental factors, and gen-
eral health for data collection. Family history of diabe-
tes was inquired from the parents’ first-degree relatives.
Family history of heart disease was inquired from the
parents’ first-degree relatives. Mothers who could walk
at least two and a half hours a week during pregnancy
were considered physically active [23, 24]. The educa-
tion of parents was categorized into five groups based
on formal education: uneducated, primary to middle,
secondary to higher secondary, graduate, and master’s
or higher. The father’s occupation was divided into five
groups: those who were not working or deceased (Group
1), laborers or former (Group 2), those with private jobs
(Group 3), small business owners (Group 4), and civil
servants (Group 5). The number of children living in a
home. Access to healthcare facilities was defined by the
presence of a government hospital or medical unit and
government doctor in their area. Good quality of health
care facilities was defined by the presence of well-trained
and motivated staff, accurate medical records, access to
water, proper hand hygiene, energy supply, functional
waste disposal facilities, reliability, safety, sanitation, and
adequate stocks of medicines, supplies, and equipment.
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The dependent variable was categorized into cyanotic
and acyanotic CHD. It was written in the patient’s medi-
cal record that the disease was cyanotic or acyanotic
CHD. Doctors followed a systematic approach to diag-
nose after a thorough examination and documented their
findings in the patient’s file.

To assess the validity of the questionnaire, a pre-test
was conducted. This method proved valuable in refining
the questionnaire by removing certain factors and adding
others to enhance data collection. During the pre-test,
data was gathered from a sample of 80 children. After
data collection, we performed descriptive statistics and
ultimately removed questions that were deemed unnec-
essary for children, such as waist-hip ratio and blood
group.

All the data were collected using a questionnaire that
included the aforementioned variables, and for the sta-
tistical analysis, these variables were pre-coded. Both
descriptive and analytical analyses were conducted on
the data using the R programming language.

The primary concern in data collection through inter-
views is addressing bias efficiently. In this study, uniform
questions were posed to each respondent to minimize
the potential for bias. Several steps were taken to reduce
bias in data collection, including:

1. Before conducting interviews, all targeted children
and their parents received a comprehensive briefing
about the study’s purpose.

2. Questions were presented in simple and
understandable language, and any doubts regarding
the study were clarified.

3. Adequate time was allocated to each subject for the
interview, with a guarantee of record confidentiality.

4. The first author personally conducted interviews
with all targeted children and their parents.

Mothers were asked to provide information about socio-
economic and environmental factors based on their past
experiences. Furthermore, they discussed the situation
with their husbands and other family members (due to
the joint family system) to minimize recall bias. However,
future follow-up studies may be conducted to further
refine recall bias reduction.

Table 1 Latent factors and their observed variables

No. Latent Description Observed variables
Factor

1 SF Socioeconomic Education level of mother,

Factors Education level of father, Oc-
cupation of father

2 EF Environmental Healthcare quality, access to
Factors healthcare facilities

3 GH General Health Diabetes in family, Family His-

tory, Physically active mother
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Structural equation modeling
The combination of multiple regression and factor analy-
sis is referred to as the Structural Equation Model (SEM)
[25], which involves both measured variables and the
development of latent factors from those variables. The
primary objective is to model the dependent variable
using latent variables. In this study, we utilized categori-
cal SEM to model CHD in a single comprehensive model
and identify hidden or latent variables that represent
potential risk factors for CHD. The response variable was
categorical, and the 10 observed variables were grouped
into three latent factors.

For the SEM model, the 3 categories are used as latent
variables defined in Table 1.

Thus, the final latent variable regression model is as
follows:

Disease = By + f1SF + BoEF + 3GF+ €

Where the disease is a categorical variable representing
the Cyanotic and Acyanotic for CHD. §; are the param-
eters of the latent variables and € is the independently
and identically distributed error term.

Performance evaluation

To evaluate the performance of SEM, we utilize mea-
sures such as Chi-Square, Akaike information criteria,
Bayesian information criteria, Standardized Root Mean
Square Residual (SRMR), and Root Mean Square Error
of Approximation (RMSEA). More details can be seen in
[26].

The introduction of SRMR is necessary because the
root mean square residual depends on the size of vari-
ances and covariances. Without considering the scales of
variables, it’s not possible to determine whether a given
RMSEA value indicates a good or bad fit. A zero value of
SRMR signifies a perfect fit. However, due to its sensitiv-
ity to misspecified models and its dependence on sample
size, it is challenging to establish a definitive cutoff point
for what constitutes an acceptable or good fit [27]. A rule
of thumb for a good fit is that SRMR should be less than
0.05 [28]. However, the value of SRMR smaller than 0.10
will be acceptable [29].

The RMSEA was bounded below zero. It was defined
as a close fit as its value was less than or equal to 0.05
[30, 31]. The value of RMSEA greater than 0.10 is not
acceptable, if this value lies between 0.08 and 0.10 it can
be considered a mediocre fit, if this value lies between
0.05 and 0.08 it can be considered an adequate fit, and it
can be considered a good fit if the value of RMSEA less
than or equal to 0.05 [31]. The RMSEA value for a good
model should be less than 0.05 and the value of RMSEA
less than 0.06 is considered a cutoff criterion [32]. Also,
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it was observed as relatively independent of sample size
[31, 33].

Results

The results of univariate analyses, including frequencies
and percentages, are presented in Table 2. According
to the table, 53.6% of males have acyanotic CHD, while
54.5% have cyanotic CHD. For females, 46.4% have acy-
anotic CHD, and 45.5% have cyanotic CHD. In the case
of children with no family history of diabetes, 64.0%
have acyanotic CHD, and 36.0% have cyanotic CHD.
Meanwhile, for children with a family history of diabe-
tes, 59.7% have acyanotic CHD, and 40.3% have cyanotic
CHD. Lastly, children with no family history are at 31.7%
for acyanotic CHD and 68.3% for cyanotic CHD, while
children with a family history are at 42.9% for acyanotic
CHD and 57.1% for cyanotic CHD.

Of the mothers of children having acyanotic CHD,
55.1% are uneducated, 37.0% are primary or middle edu-
cated, secondary 7.4% are higher secondary educated,
0.3% are graduates and 0.3% are masters or higher edu-
cated. Of the mother of children having cyanotic CHD
58.0% are uneducated, 33.9% are primary or middle edu-
cated, secondary and 7.6% are higher secondary edu-
cated, and 0.5% are graduated. Of the father of children
having acyanotic CHD 40.7% are uneducated, 45.0% are
primary or middle educated, secondary and 12.0% are
higher secondary educated, 1.9% are graduate and 0.4%
are masters or higher educated. Of the mother of the
children having cyanotic CHD 59.0% are uneducated,
29.7% are primary or middle educated, secondary and
9.9% are higher secondary educated, 1.0% are graduated
and 0.3% are masters or higher educated. Of the father
of children having acyanotic CHD, 0.1% are dead or
unemployed, 68.9% are labor or former, 7.2% have private
jobs, 22.9% have a small business, and 1.0% have a civil

Table 2 Descriptive analysis of the variables of CHD
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servant. Of the fathers of children having cyanotic CHD,
0.3% are dead or unemployed, 69.4% are labor or former,
1.7% have a private job, 27.6% have a small business, and
1.0% have a civil servant. In acyanotic CHD, 56.8% of
children have a poor quality of basic healthcare facilities,
24.4% of children have a normal quality of basic health-
care facilities, and 18.8% of children have a good quality
of basic healthcare facilities. In cyanotic CHD, 42.5% of
children have a poor quality of basic healthcare facilities,
34.8% of children have normal quality of basic healthcare
facilities, and 22.7% of children have good quality basic
healthcare facilities. In acyanotic CHD, 75.1% of children
have no access to basic healthcare facilities while 24.9%
of children have access to basic healthcare facilities. In
cyanotic CHD, 64.7% of children have no access to basic
healthcare facilities while 35.3% of children have access
to basic healthcare facilities.

The more powerful alternative to multiple regression
analysis is SEM. The SEM has represented a path model
that permits to estimate of the effect that is direct or
indirect.

In Fig. 1, an ellipse represents the latent variables, the
rectangles represent the observed variables. The param-
eters are represented by arrows to be estimated with val-
ues and names displayed above each edge.

Table 3 shows that all the observed variables are sig-
nificantly contributing to forming the latent variable at a
1% level of significance. And hence are the risk factors.
Similarly, the results of the latent factor show that socio-
economic factors (SE) and environmental factors (EF)are
statistically significant at a 1% level of significance. Hence
these latent factors are highly associated with risk factors
of CHD in children.

In Table 4 results of model performance measures
are present, and the p-value of the chi-square statis-
tic is found significant which shows that the model is a

Variable Category AcyanoticCHD  Cyanotic CHD Variable Category Acyanotic CHD Cyanotic
CHD
Gander Female 1258 (46.4%) 518 (45.5%) Inactive No 800 (29.5%) 342 (28.7%)
Male 1452 (53.6%) 672 (54.5%) Yes 1910 (70.5%) 848 (71.3%)
Diabetes No 1734(64.0%) 710 (59.7%) Family History No 858 (31.7%) 0 (42.9%)
Yes 976 (36.0%) 480 (40.3%) Yes 1852 (68.3%) 680 (57.1%)
Mother Uneducated 1492 (55.1%) 690 (58.0%) Father Uneducated 1102 (40.7) 702 (59.0)
Education Primary/Middle 1002 (37.0%) 404 (33.9%) Education Primary/Middle 1220 (45.0) 354 (29.7)
Secondary/Higher 200 (7.4%) 90 (7.6%) Secondary/Higher 326 (12.0) 118 (9.9)
Graduate 8(0.3%) 6 (0.5%) Graduate 52(1.9) 12 (1.0)
Masters or higher 8 (0.3%) 0 (0.0%) Masters or higher 10 (0.4) 4(0.3)
Health care No 2034 (75.1%) 770 (64.7%) Father Dead/ Unemployed 4(0.1%) 4(0.3%)
Access Yes 676 (24.9%) 420 (35.3%) Occupation Labour/Former 1866 (68.9%) 826 (69.4%)
Health Care  Poor 1540 (56.8%) 506 (42.5%) Private Job 194 (7.2%) 20 (1.7%)
Quality Normal 660 (24.4%) 4 (34.8%) Small Business 620 (22 9%) 328 (27.6%)
Good 510 (18.8%) 270 (22.7%) Civil Servant 6 (1.0%) 2 (1.0%)
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Fig. 1 The SEM model for CHD
Table 3 Regression result using SEM for CHD good fit. The values of AIC and BIC are 76132.199 and
Latent Observed Estimate S.E  Zvalue  P-value 76215.661 respectively. The value of SRMR is 0.087 is less
Variables Variables than 0.089 which shows that the model is a good fit. The
SF 0.062 0021 2992 0003 RMSEA value is 0.113, less than 0.20 which also shows
EF 0.221 0063 3503 0.000™" the good fit of the model.
GH -0.144 0.088 -1.633 0.102
SF Mother 1 Discussion
Education With the help of SEM, the current study is showing a
Father 1326 0042 31.721 0.000 method for categorical data analysis to recognize the
Occupation . . . .
Eather 1970 0037 34049 0000 robustness of the relationship between associated vari-
Education ’ ) ) ) ables to the cause of CHD in children. The importance of
£F Health Care 4302 0693 6205 0000~ the SEM is that this method does not depend directly on
Quality the judgment of skilled users to build it. With the help of
Health Care 3753 0618 -6.075 0.000”" SEM, the best assessment model results are obtained. By
Access using the distinct data set we could need several adjust-
GH Diabetes 1 ments by applying the given approach here, i.e., a model
History -0.505 0.100 -5.030 0.000 calibration requires to be executed once again. For fur-
Inactive 0.986 0152 649 0000 ther studies, the analysis of the categorical data through
™" =significance at 1%; "= significant at 5%;. S.E=Standard Error SEM remains a challenge.
In socio-economic factors, the education and occupa-
Table 4 The model performance measures of SEM tion of the father are found significant variables for CHD.
Model Fit Test Statistic 1973.911 In a previous study [14]education of parents was also
Degrees of freedom 39 found significant. Environmental factors, poor access to
P-value (Chi-square) 0.000 healthcare facilities, and poor quality of healthcare facili-
Akaike (AIC) /6132199 ties are found to be significant factors for CHD. The same
Bayesian (BIC) 76215661 variables were significant in studies [17-19]. In general
RMSEA 0113 health factors, the family history of heart and physically
SRMR 0.087

inactive mothers found significant variables for CHD,
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and the family history was also found significant in the
study [12]. Studies [12, 14, 17-19] support our findings
related to the observable factor, but the latent factor was
not explored in any of the studies for CHD.

In the current study, 1452 males had acyanotic CHD
and 672 had cyanotic CHD. There are 1258 of females
have acyanotic CHD and 518 have cyanotic CHD. Similar
results were found in another study conducted in India
[32] and their results show that 77 of males have Acya-
notic CHD and 33 have cyanotic CHD. There were 64
females have Acyanotic CHD and 27 have cyanotic CHD.
In two related studies done in Africa [34] in Cameroon
and in Nigeria [35], the proportion of acyanotic heart
disease was well above 80%.

The result of the SEM from another study [36] for coro-
nary heart disease shows that the education of parents,
the status of employment, and family history were the
contributing factors to coronary heart disease. The value
of chi-square was 0.966 while the value of RMSEA was
0.000 found in this study. Another study [37, 38] shows
that the low level of education of mothers was a signifi-
cant risk factor for coronary heart disease. A low level
of education may cause insufficient knowledge about
birth and maternal outcomes including the health of the
mother and physical activity. Another study [39] reports
that the risk of CHD was linked to genetic, behavioral,
and environmental factors, Also the development of
CHD is associated with a low level of education of the
mother, the occupation of the parent, and the status of
employment.

Conclusion

In this study, categorical SEM is employed to develop a
predictive model for CHD and identify latent risk factors
in children. Diagnostic measures assessing the model’s
performance indicate that it is a good fit. Additionally,
the latent variables, specifically socioeconomic and envi-
ronmental factors during mothers’ pregnancies, exhibit
a significant impact in causing cyanotic congenital heart
disease, while a poor general health factor increases the
risk of acyanotic congenital heart disease. Among the
associated observable factors, low paternal education,
paternal occupation, lack of access to and poor quality
of basic healthcare facilities, family history, and maternal
physical inactivity during pregnancy emerge as signifi-
cant risk factors. These results provide valuable insights
for medical practitioners and scientists, enhancing their
understanding of disease behavior and incidence, and
enabling prediction and prevention strategies for CHD
in children. Moreover, the study sheds light on hidden
latent risk factors for the disease, which can inform effec-
tive policies and raise awareness of the causes of CHD in
children. Ultimately, this knowledge contributes to the
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reduction of the burden of CHD-related mortality and
morbidity in children.
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