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Abstract

Artificial intelligence (AI) is one of the key drivers of digital health. Digital health and AI applications in
medicine and biology are emerging worldwide, not only in resource-rich but also resource-limited regions. AI
predates to the mid-20th century, but the current wave of AI builds in part on machine learning (ML), big data,
and algorithms that can learn from massive amounts of online user data from patients or healthy persons. There
are lessons to be learned from AI applications in different medical specialties and across developed and resource-
limited contexts. A case in point is congenital heart defects (CHDs) that continue to plague sub-Saharan Africa,
which calls for innovative approaches to improve risk prediction and performance of the available diagnostics.
Beyond CHDs, AI in cardiology is a promising context as well. The current suite of digital health applications
in CHD and cardiology include complementary technologies such as neural networks, ML, natural language
processing and deep learning, not to mention embedded digital sensors. Algorithms that build on these advances
are beginning to complement traditional medical expertise while inviting us to redefine the concepts and defi-
nitions of expertise in molecular diagnostics and precision medicine. We examine and share here the lessons
learned in current attempts to implement AI and digital health in CHD for precision risk prediction and diagnosis
in resource-limited settings. These top 10 lessons on AI and digital health summarized in this expert review are
relevant broadly beyond CHD in cardiology and medical innovations. As with AI itself that calls for systems
approaches to data capture, analysis, and interpretation, both developed and developing countries can usefully
learn from their respective experiences as digital health continues to evolve worldwide.

Keywords: artificial intelligence, digital health, machine learning, deep learning, congenital heart defects,
eHealth

Introduction

At the time of The Great Depression in the United
States, the American sociologist William F. Ogburn has

proposed the theory of ‘‘cultural lags,’’ the idea that as
technological changes leap forward, they create a cultural lag
in society, which then need to adapt to the new realities in-
troduced by innovations (Ogburn, 1922).

Yet, history has shown that the relationship between so-
ciety and technological change is not a one-way interaction,
and that society and individuals are not simply passive
adapters of emerging technologies. That is, new technologies
not only shape but are also shaped by society.

While scientific communities have long subscribed to the
cultural lag theory of technology development, society and
individuals can shape technology development through their
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‘‘agency’’ or put in other words, humans’ ability to shape
their sociotechnical environment.

If we accept the view that there is a bidirectional rela-
tionship between technology and society, what are the pros-
pects and challenges across the continuum of developed and
developing countries as artificial intelligence (AI) and digital
health are becoming trending research topics, not to mention
applications in medicine, biology, and ecology?

The Rise of AI and Digital Health

AI and digital health are changing health care delivery,
impacting, for example, medical diagnoses, reducing dupli-
cation in testing, and empowering patients in their health
care decisions. The rise of AI and digital health has now
established a proof of concept in certain medical fields such
as radiology, psychiatry, pathology, and ophthalmology with
their application overwhelmingly transforming and revolu-
tionizing medical practice.

Cardiovascular medicine has a vast impact on health care
as heart and vascular disease greatly impact global health.
On the contrary, the use of AI in the field of cardiology is an
emerging practice that still requires further development to
actualize its full application potential. AI, digital health, and
their applications can complement clinical practice by using
efficient predictive models and algorithms developed through
initiatives of bioinformatics to detect and analyze large-scale
heterogeneous datasets, including but not limited to cardio-
vascular imaging, environmental, and clinical big data to
leverage disease-risk prediction and diagnosis to foster per-
sonalized medicine.

In a context of cardiology, AI and digital health intersec-
tion, congenital heart defects (CHDs) are the most common
congenital anomalies observed worldwide, and remain the
leading cause of infant morbidity and mortality (Gilboa et al.,
2010; Sun et al., 2017; Yeh et al., 2013). The estimated global
incidence rate of CHD is *1% per live birth (Qu et al., 2016;
Triedman and Newburger, 2016). CHDs often result in long-
term ill health and require long-term expert medical man-
agement, which significantly impact individuals, families,
and society at large. In resource-limited settings such as sub-
Saharan Africa (SSA), the social and clinical context of CHD
is further challenged by access to new technologies and de-
vising applications that are meaningful to local communities.

Many studies being conducted currently on CHDs are
examining epidemiological data and clinical characteristics
that will ascertain the burden and improve diagnostic power
culminating into better management and corrective surgeries.
These studies focus on the distribution patterns and risk fac-
tors that potentially lead to CHD births because of individual
exposures. Due to the complications of CHD, it becomes a
daunting task to seek corrective measures once diagnosis is
made due to several factors, including socioeconomic vari-
ations, state-of-the-art facilities, and religion (Carlsson et al.,
2016; Knowles et al., 2016).

The million-dollar question then becomes, ‘‘Is it possible
to use available tools and/or emerging diagnostic approaches
and technologies such as AI and digital health to predict
groups or individuals at considerable risk of CHD birth?’’

Screening for high-risk CHD birth before and during
pregnancy is clinically important as it will play a crucial role
in early intervention and management. An example of the

power of prediction tools is evident in the simple use of
premarital sickle screening to inform reproductive and off-
spring management decisions in several African countries
where the burden of sickle cell is significantly high (Abioye-
Kuteyi et al., 2009; Gallo et al., 2010). Models with good
predictive potential for identifying women whose offspring
is prone to CHD will help manage the burden of this birth
defect, especially in resource-limited settings.

We examine and share here the lessons learned in current
attempts to implement AI and digital health in CHD for
precision risk prediction and diagnosis in resource-limited
settings.

AI Learning Architecture and Disease
Prediction Algorithms

The clinical introduction of Internet of medical things,
data-rich technologies such as next-generation sequencing
(NGS), and mobile smart watches, which generate, collect,
and store data on vital signs, will soon require that clinicians
including cardiologists utilize and operationalize data from
many fields of medicine to effectively diagnose CHD and
its associated phenotype (Dimitrov, 2016; Lu et al., 2016;
Ozdemir and Hekim, 2018; Reeder and David, 2016) and
recommend appropriate management and policies.

The field of precision medicine is a medical discipline
individually tailored with emphasis on disease diagnosis,
management, and personalized therapy. Prediction of disease
risk is a focus of precision medicine that is gradually gaining
momentum and requires innovations for transformation in
this postgenomic era. CHDs risk prediction in precision
medicine using AI, a data-driven technique, will enhance
cardiology practice and improve outcomes of CHD. The
practice of cardiology is being overwhelmed with various
data types that require complex analysis and interpretation
while cardiologists are expected to competently perform.

The practical application of AI in cardiology lies in in-
corporating and utilizing data from a multidisciplinary group
of clinicians in improving diagnosis and personalized man-
agement as in the case of clinical decision support systems.
AI can be used to analyze and interpret electrocardiographs
(ECGs) and echocardiographic (ECHO) images to elucidate
underlying dynamic patterns relevant to addressing the defect
(Alsharqi et al., 2018; Ouyang et al., 1997; Saini et al., 2013).
There are so much underutilized data in the health care in-
dustry in resource-limited countries, which do not augur well
for robust health care delivery in the current AI and digital
health age. This article looks at the AI in CHDs and cardi-
ology and the challenges faced in resource-limited settings
and opportunities it presents.

The rising cost of health care is one of the most important
factors worldwide in making disease prediction, a significant
area of research. The development of big data in biomedical
and clinical communities is providing important data types
that can lead to early disease recognition, risk prediction, and
accurate diagnosis. The datasets generated in these commu-
nities need to be queried to explore what is known, trend
analysis and predict what is about to happen. Probing mod-
els that can decrypt the data and pick features that can lead
to disease prediction will play a pivotal role in inching closer
to personalized medicine (Fröhlich et al., 2018; Mesko,
2017).
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AI comprising neural networks, machine learning (ML),
natural language processing, and deep learning uses algo-
rithms and developed disease-specific risk score predictive
models to learn from various complex large-scale data types
and make relevant predictions to complement clinical deci-
sions, thus facilitating a more detailed understanding of the
disease. Disease prediction has been made possible with the
aid of AI and digital health techniques such as support vector
machine (SVM) and artificial neural network (ANN) in
several conditions (Mantzaris et al., 2008; Weng et al., 2016).

The computational intelligence technique Probabilistic
Neural Networks (PNNs) was used in osteoporosis risk pre-
diction and was shown to appropriately predict osteoporosis
risk (Mantzaris et al., 2008). In this study, one of the unique
highlights was that another technique that was used, multi-
layer perceptrons, was observed to have underperformed
compared with PNNs. This means that the development of
algorithms for disease prediction and prognosis requires ro-
bust ability to connect input and output data at different layers
using precise vector mapping. Coronary artery disease
(CAD) is a major cause of death and disability in both de-
veloped and developing countries, and has been a public
health concern for the past few decades (Goyal et al., 2017;
Sanchis-Gomar et al., 2016).

Eight ANN models comprising Levenberg-Marquardt,
quasi-Newton (Broyden, Fletcher, Goldfarb, and Shannon—
BFGS), quasi-Newton (one step secant), conjugate gradients of
scaled, Polak-Ribiére, Fletcher-Reeves and Powell-Beale and
back propagation were used to predict CAD with considerably
high sensitivity, specificity, and accuracy (Cxolak et al., 2008). A
specific type of ANN known as Convolutional Neural Network
(CNN) uses perceptrons (a ML unit algorithm) for supervised
learning to analyze data and has also been widely used in pre-
dicting accurate diagnosis. CNNs have been applied to image
and natural language processing and cognitive tasks in disease
predictions. Deep CNN algorithm was used to predict and di-
agnose periodontally compromised teeth (Lee et al., 2018).

This study used a combination of pretrained deep CNN
architecture and self-trained networks to optimize CNN al-
gorithm and weights on periapical radiographic images for
accurate prediction and diagnosis.

Certain disease conditions such as CAD, aneurysm, and
congenital heart diseases require tests such as magnetic res-
onance imaging (MRI), coronary and cardiac computed to-
mography angiogram (CCTA), echocardiogram (ultrasound)
and X-ray to be able to make effective diagnosis and prog-
nosis. Due to differences in medical training and experience,
the interpretation of these tests varies, which may lead to
misdiagnosis and error in patient care. AI-based models and
algorithms have been very useful in image processing that has
led to improved diagnosis and prognosis of these conditions.

Alzheimer’s disease (AD), an irreversible brain degener-
ative disease, affects people *65 years old and above. Al-
though the progression of AD can be delayed, there is no
effective cure. One of the ways of diagnosing AD at the early
stages for patient care and management is using a functional
molecular imaging modality known as fluorodeoxyglucose
positrons emission tomography, which is very good to un-
derstanding the anatomical and neural changes of the brain in
AD. One of the challenges with image analysis is the high
level of noise and often low resolution, which makes re-
solving and diagnosing or predicting very subtle. A voxel-

based volumetric image analysis algorithm was performed to
classify three groups, which made it possible to extract in-
formation about location of metabolic changes induced by
AD that directly relies statistical features and brain regions of
interest (Vigneron et al., 2016).

A ML model that resulted in an SVM with radial-basis
function kernel was used to successfully predict AD conver-
sion individuals with mild cognitive impairment and was
shown to have high cross-validation performances (Grassi
et al., 2018). A long-short-term memory recurrent neural
network, which relies on an enhanced ‘‘many-to-one’’ neural
network architecture to support shift of time steps, was adopted
to predict patient’s AD progression with efficient accuracy
(Wang et al., 2018). In most of the predictive models that have
been highlighted above, it is observed that most of the algo-
rithms involve neural networks. The outcome of the prediction
is highly dependent on the dataset and developed algorithm,
which influences the robustness of the outcome and reliability.

The datasets that are used in the predictive models are from
electronic health records (EHRs) and clinical records. The
deployment of AI systems in predictive models requires
‘‘trained’’ data that are mostly generated from clinical ac-
tivities, including screening, diagnosis, and treatment. The
clinical data used include data on demographics, electronic
data from medical devices such as MRI, echocardiographs
(ECHO), computed tomography (CT) scans, clinicians’
notes, laboratory results, physical examinations, and medical
images ( Jiang et al., 2017; Raposo, 2015). The motivation for
trained data is for learning between similar subject groups,
associations between subject features and outcomes of in-
terest ( Jiang et al., 2017). The dataset is critical in the ac-
curacy of prediction and diagnosis, which also brings to the
fore data-driven methods for prediction and diagnosis with
our focus on CHDs and cardiology.

Challenges with ‘‘Big-Data’’ in Precision Cardiology

AI and digital health predictive models
in resource-limited settings

There are massive amounts of data generated in the hos-
pitals, including clinical information, genomic data, and data
from EHRs. Advancement in big data is continuously playing
a key role in health care management, which enables evalu-
ation of big datasets for disease management, therapeutic
dosing and prediction (Topol, 2019). Despite the vast amount
of data generated in health care, majority of the data remain
unmined primarily due to the challenge of storing, managing,
and the complex nature of the datasets (multidimensional and
nonlinear relationship between data variables). Utilization
of these datasets especially in rare conditions such as CHD
using AI predictive models will be useful for identifying
individuals at risk of having CHD children, having compli-
cations after a successful heart surgery and management
(Kuo et al., 2018; Min et al., 2019; Moonesinghe et al., 2013;
Olive and Owens, 2018).

CHDs are the most severe common birth defects affecting
*1% live births with uncertain etiology (Abdulkadir and
Abdulkadir, 2016; Hoffman, 2013). The devastating effects
of CHD are seen in structural and great vessel disorders that
are seen at birth, which often require major surgery to cor-
rect the condition. CHD diagnosis is often performed with
electrocardiogram (ECG), electrocardiography (ECHO), and
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cardiologist’s experience. Vast amount of data is generated
on CHD parents, the affected proband, and other siblings in
both developed and developing countries (Williams and
McCrindle, 2002; Witter et al., 2013).

These data include laboratory data on other diagnosis,
maternal and paternal age, prenatal and postnatal data on
mothers such as gestational diabetes, pre-eclampsia, admin-
istered medication, medical history, smoking and alcohol
consumption and genetic data (Abqari et al., 2016; Bahtiyar
et al., 2007; Czeizel et al., 2015). Medical informaticians
have proposed the use of AI models such as machine and
deep learning to predict accurate patient response to medi-
cation, predisposition to certain conditions, and diagnosis
(Clifton et al., 2015). This review provides an overview of the
applications of AI in disease prediction, the challenges and
opportunities in resource-limited settings, and lessons
learned. The interoperability and usage of data generated
from data sources in resource-limited settings are discussed
in the next sections.

EHRs and eHealth in the era of AI and digital health

EHRs have become a key bedrock in the health care man-
agement system as it presents easy access to patient data. This
is a digital record of a patient’s paper chart that provides
detailed information on a patient’s past and present medical
history, diagnosis, laboratory test, immunization information
and medications. Despite the amount of information provided
in EHRs, there is more to EHRs than clinical data collected as
it is inclusive of broader view of a patient’s care. In countries
with limited resources, EHR is an underutilized data source
although it has great prospects in clinical practice, especially
when used as part of predictive algorithms (Wu et al., 2018).
Sub-Saharan African countries are lagging behind in the
availability and use of EHRs, although there has been an
appreciable increase in utilization and availability of EHRs
over the last decade (Akanbi et al., 2012).

Ghana, a sub-Saharan country, for example launched an e-
strategy to incorporate electronic records as part of the health
care system to improve health care delivery in the country
(Afarikumah, 2014). Such an initiative will generate big data,
which can be utilized for the robust disease prediction. EHRs
offer promising opportunities for application in disease-risk
prediction such as CHD and accurate diagnosis. EHRs from
women visiting a health facility in the United States were
used to predict breast cancer phenotypes and their ‘‘harm-
fulness’’ using developed regularized predictive models a
year in advance (Wu et al., 2018).

The prediction model that demonstrated significantly higher
predictive performance was Lasso Logistic Regression (Las-
soLR), which used data extracted from EHRs on demo-
graphics, diagnosis, medications, laboratory analysis, age at
diagnosis, and treatment procedures. There are reported stud-
ies on predictive models using EHRs on cardiovascular-related
conditions such as heart failures and hypertension in devel-
oped jurisdictions or countries (Table 1).

AI algorithms have been successfully used in predicting
cardiovascular conditions from electronic heath records with
very few records that can give a prediction accuracy of *70%
(Table 1). This puts the utilization of EHRs for prediction a key
factor in precision cardiology, especially in resource-limited
countries where such records are generated in terabytes of data.

AI models such as ML and deep learning algorithms for
disease-risk prediction using EHRs have been successfully
deployed in key clinical queries over the past decade in ad-
vanced countries such as the United States, Germany, and
China. These predictive models explore new features or
nonlinear relationships in EHR data using predictor variables
such as age, gender, diagnosis, comorbidities, and laboratory
results than observations. These predictive variables are
continuously generated and available in developing coun-
tries, and can be incorporated into predictive algorithms.

However, one of the challenges of developing EHRs in
resource-limited environments is capacity to advance stable
computerized systems to keep such records or data. Health
records in developing countries (resource-limited ones) are
mostly kept in paper formats, which over time get some of the
pages being lost or torn into pieces due to mishandling.
Transitioning from paper-based record keeping to electro-
nic records will require massive investments in resources,
which most developing countries lack (Dennehy et al., 2011;
Jawhari et al., 2016). Despite these challenges, several sub-
Saharan African countries such as Ghana, Nigeria, and South
Africa knowing the opportunities associated with keeping
robust EHRs are actively deploying measures to cause sig-
nificant investment in e-health systems (Afarikumah, 2014;
Ford et al., 2018; Katurura and Cilliers, 2018).

SVM and random forest (RF) algorithms integrated with
logistic regression models are some of the current AI enter-
prises used to predict risks and outcomes of heart failures and
other cardiovascular-related conditions. Challenges of EHR
data include missing variables, misclassification, errors in
measurement, disorganization among others. Utilizing mul-
tiple algorithms and picking the single best algorithm or us-
ing a weighted approach help lessen the challenge of quality
issues with EHRs.

High-Throughput Molecular Profiling Data: ‘‘Omics’’
in Resource-Limited Settings?

Advancement in laboratory technology is at the fore-
front of providing robust reliable biological data useful for
clinical application. Big data generation is being pioneered
through ‘‘omics’’ methods such as genomics, proteomics,
metabolomics, metabonomics, and transcriptomics. The
list of ‘‘omics’’ methods is continuously increasing even
as the goal toward precision or personalized medicine is
being pursued (Bope et al., 2019). How are these data
generated in resource-limited settings and how will inte-
grating AI lead to risk prediction for CHD? The molecular
basis of CHD has become a critical theme for medical
research and discourse among cardiologists and medical
scientists for the past few decades (Garg, 2012; Huang
et al., 2010; Sander et al., 2006; Wang et al., 2013). Un-
derstanding the mechanisms of CHD has primarily focused
on biomarker identification development for pre-
cision phenotyping and diagnosis.

However, due to the massive amount of data generated and
segregation in the data analysis the goal of reliable biomarker
identification for CHD phenotypes is becoming elusive. The
genesis of AI methods such as ML and deep learning neural
network algorithms will provide the means to integrate such
big data for reliable analytical outcome (Topol, 2019; Tra-
kadis et al., 2018).
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Cardiogenomics Data and AI

There has been a tremendous improvement in using ge-
nomic information to determine genomics regulation and
interaction with the environment in the control of complex
biochemical function in health and disease. Generation of
complex genomic data/information up to the transcriptomics
level has been made possible using NGS technologies such as
whole exome sequencing (WES), whole genome sequencing
(WGS), and RNAseq/Ampliseq. The influx of low-cost ge-
nomic technologies has made the application of genomics in
CHD research very affordable. Due to the complexity of
genomic data and analysis, predictive risk profiling for dis-
ease conditions has become a big challenge.

AI methods have enabled the potential use of genomic data
and analysis in risk prediction in health and diseases. For
example, ML algorithms were used to integrate genetic,
epigenetic, and phenotypic data from the Framingham Heart
Study to build and test a RF classification for coronary heart
diseases at an accuracy, sensitivity, and specificity of 78%,
0.75, and 0.80, respectively (Dogan et al., 2018). Besides
identifying at-risk patients, AI integration of genomic data
can assist in precision therapy, primarily it presents a mul-
tidimensional scope of the disease (Fröhlich et al., 2018;
Madhukar and Elemento, 2018).

Several genome-wide and phenome-wide association
studies have shown that cardiovascular disease pathophysi-
ology occurs from complex interactions from the genome
(Lucas et al., 2012; Musameh et al., 2015). Risk score as-
sessment is achieved for a potential cardiovascular condition
incidence using classified risk scores of factors that poten-
tially predispose one to the condition (Giampaoli et al., 2006;
Studziński et al., 2017). In CHD risk prediction, genomic data
will be key in calculating risk scores for predisposition to-
ward acquisition, phenotyping and survival postsurgery, a
much needed intervention in resource-limited settings such as
sub-Saharan African countries.

NGS-based technologies can produce big genomic datasets
that can be used in combination with AI for CHD disease pre-
diction. Targeted NGS has provided data on three pathogenic
gene variants (MYH6, NOTCH1, and TBX5), which potentially
explains the defects observed in six Belgian families (Jia et al.,
2015) and data from WES on nine kindred with familial CHD
showing GATA4 mutation in the transactivation domain
p.G115W associated with familial atrial septal defects (ASDs)
and splice donor site mutation in MYH11 (c.4599 + 1delG)
identified in familial patent ductus arteriosus (PDA) (LaHaye
et al., 2016). Such studies expanded to families will generate
more data, which could be analyzed to determine mode of in-
heritance and risk prediction in unborn babies.

AI risk prediction will be beneficial to familial congenital
heart conditions for planning and management. A study con-
ducted using WES in combination with a CHD-related gene
filter discovered a novel variant in TBX20 c.526G>A associated
with familial ASD where it was identified to cosegregate in all
affected members of the family (Liu et al., 2014). The success
story of ML algorithms utilizing WES data is reported in pre-
dicting at-risk individuals for conditions such as schizophrenia
(SCZ). Gradient trees with regularization (eXtreme Gradient
Boosting implementation) yielding an accuracy of >85% predict
SCZ occurrence in *600 asymptomatic unaffected individuals
confirmed with SCZ cases (Trakadis et al., 2018).

AI methods such as supervised ML algorithms can be used in
WES data by recognizing patterns of variants observed in the
different genes to determine which set of genes can potentially
predict risk for an individual. WES data from CHD research can
be subjected to such AI algorithms and used to predict risk for
individuals who can potentially have babies born with CHD.

There is paucity of data on WES/WGS studies in resource-
limited settings. Limited resources such as NGS facilities and
research funds motivate samples to be sent to collaborators in
advanced economies where data specific to such resource-
limited countries get lumped in the entire studies preventing
specific analysis to such settings. Although CHDs are a bur-
den in resource-limited settings such as SSA, there is lack of
investment in database setup for clinical, epidemiological,
and genomic data. With the growing influence of AI in
medicine and its global implementation in helping make
important life-dependent health decisions, resource-limited
countries can gradually implement AI in CHD risk prediction
as an effort to plan and manage the condition.

Cardioproteomics Data and AI

Proteomics is contributing significantly in our understand-
ing of cardiovascular diseases. The improvement in analytics
and computational algorithm added another critical compo-
nent in proteomics, which is the ability to address cardiac
physiology question beyond protein species discovery. The
increasing number of datasets generated by mass spectrometry
has increased the intersection between proteomics and big data
science (Lam et al., 2016). Proteomics data provide the dy-
namics to disease phenotype and could be used for under-
standing of the mechanism, which leads to the development of
cardiovascular disease (Barallobre-Barreiro et al., 2013).

The use of AI in the field of ‘‘omics’’ especially utilizing
proteomics data is at early stage. However, despite the
challenge in terms of algorithm development and data man-
agement, the use of AI in proteomics will enhance our
knowledge and understanding on cardiovascular diseases.
There are reported studies on predictive models using pro-
teomics on cardiovascular conditions (Table 2).

Readily available biomarkers for CHD and phenotype
diagnosis are a perennial challenge that is facing the clin-
ical community. However, the development of high-
throughput techniques such as proteomics is earnestly pro-
moting biomarker discoveries and with the added benefit of AI
algorithms, the level of accuracy and specificity of CHD
prediction and diagnoses in medical ecosystem will be apt. In a
recent study to gain insights into the potential mechanisms of
cardiovascular development using ventricular septal defect
(VSD) patients and healthy controls using peptidomic analysis
of amniotic fluid, it was discovered that*35 signature peptides
located with key functional domains of their precursor proteins
could serve as biomarkers for VSD (Li et al., 2016).

Although the analysis used peptide profiles obtained from
mass spectrometry, a bioinformatics ingenuity pathway
analysis program was used in obtaining the 35 peptides and
‘‘predicting’’ the role of the peptides in the cardiovascular
system morphogenesis and cardiogenesis. LASSO has been
extensively utilized coupled with other AI algorithms in an-
alyzing proteomic data and successfully used in revealing
differential signaling and insulin-like growth factor pathways
(Erdem et al., 2016; Huang et al., 2013). There is ample
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indication that LASSO and other AI algorithms can be used
to analyze proteomics data for prediction of cardiovascular-
related diseases (Table 2), which presents AI as the future (if
not the current) tool for accurate disease prediction in the
medical system, especially for conditions with relatively high
mortality such as CHDs.

Cardiac Imaging, Signal Detection, and AI

Noninvasive imaging technologies play a key role in di-
agnosis, prognosis, and management of patients with CHDs.
Imaging techniques such as echocardiography, cardiac MRI,
nuclear cardiology, and CT have essentially formed the
bedrock of cardiology with the interpretation and analysis of
data subject to the expertise of the clinician with a certain
ratio of subjectivity. Due to different training and exposure of
clinicians, cardiac imaging diagnoses have led to variable
interpretation and management strategies for patients most
especially with complicated conditions such as CHDs.

The quality of diagnosis in the various cardiac imaging
techniques is also strongly dependent if the clinician has
enough knowledge about the normal growth and develop-
ment of the heart, different types of CHDs, and some level of
knowledge on principles of ultrasound physics. There have
been incidences of diagnostic errors using cardiac imaging
such as echocardiography (Moradian, 2012) and MRI (Raggi
et al., 1996) in CHDs in pediatric patients and a large left
atrial thrombus patient. One major challenge with interpre-
tation could also be resolution of images, which brings about
the variable diagnosis.

AI presents a reliable and accurate alternative for the
management and diagnosis of complex heart conditions with
resultant images, which drastically reduce the potential risk
of human errors (Alsharqi et al., 2018; Itchhaporia et al.,
1996). If the key features in cardiology images are used to
train an algorithm, it will be easy for the algorithm to detect
and report accurately the diagnosis, and there will be con-
sistency in the reportage. With the benefit of AI toolsets,
which have grown to include robust models such as Bayesian
classifiers, decision trees, neural networks, SVM, clustering
algorithms, and components analysis, accuracy of image in-
terpretation in cardiology can be improved to make diagno-
sis, prognosis, and management of CHDs apt (Table 3).

There have been efforts recently to practically inculcate AI
toolsets such as ML in cardiac imaging, which has brought
significant progress in autointerpretation and autoquanti-
fication in echocardiography using RF, SVM, and trained en-
semble classifiers (Narula et al., 2016; Tsang et al., 2016) and
cardiac MRI using linear SVM classifier (Afshin et al., 2014).

ECG measures cardiac electrical activity from the body
surface, which serves a crucial step in diagnosing, under-
standing, and predicting cardiovascular disorders. The role of
ECG in cardiology has to do with diagnosis and prognosis pre-
and postsurgery as heart function can be monitored from ECG
recordings. Interpreting ECG signals is a very subjective topic
as looking for key features that help understand the function of
the heart also requires a high degree of subjectivity. Modern
signal processing and AI techniques will greatly increase the
accuracy and diagnostic power of ECG exponentially, and take
out a significant amount of ambiguity in interpretation.

AI algorithms that will tease out certain features of ECG
such as P-, P¢-, Q-, R-, R¢-, S-, S¢-, T-, and T¢-wave duration,

amplitude, area, and intrinsicoid middle and end of ST-
segment amplitudes, amplitude at the point of 60 msec from
J point, STJ amplitude, total QRS area, balance, deflection
balance, intrinsicoid, leads (aVL, aVr, aVF, I, II, III, V1,
V2, V3, V4, V5, V6) will bring a massive improvement
with cardiovascular diagnosis in the usage of ECG
(Ambale-Venkatesh et al., 2017; Lyon et al., 2018).

There is vast amount of data from echocardiography,
cardiac CT scans, and ECG being generated in SSA used in
diagnosing and managing cardiac conditions, which have
been underutilized in terms of predictive abilities. Such data
have been kept in storage devices without proper analysis for
precision cardiology in resource-limited countries. AI is the
imminent development for accurate cardiac image interpre-
tation, and embracing it in resource-limited countries will
sharpen diagnosis and management of complex heart mal-
formation conditions such as CHDs.

AI Models for Precision Cardiology

The amount of data generated by ‘‘omics,’’ EHR, imaging,
and signal detection technologies is considerably huge and
contain unprecedented information. Data obtained could
provide a basis for risk factor analysis, therapeutic interven-
tions, and prognosis of diseases. For example, it is possible to
predict the risk of myocardial infarction using available re-
cords of patients and their family, and find patterns associated
with heart diseases. The analysis and process of this infor-
mation require the implementation of big data technologies.
The purpose of generating huge volume of data is to extract
meaningful information to improve diagnosis and patient care.

Clinical data derived from different sources such as ge-
nomic, metabolomics, proteomic, imaging, and EHRs con-
tain useful information for a clinician. The physician faces
significant challenges of combining all this information for
better diagnosis and prediction of CHD and cardiology
conditions. In the literature, most of the studies focus on
epidemiological data and/or clinical characteristics to pre-
dict adverse pregnancy outcomes (Goyal et al., 2015; Jung
et al., 2016; Kim et al., 2015; Li et al., 2017; Seravalli et al.,
2014).

Data-driven methods to manage and model big data such
as data mining and ML are good assets to assist the clinician
for diagnosis and prognosis of cardiology conditions such as
CHD. Data mining has played an important role in smart
medical systems and digital health. Large medical dataset
from different sources can be managed by data mining to find
hidden information or pattern (Chaurasia and Pal, 2009; El
Houby, 2018; Lee et al., 2009; Purusothaman and Krishna-
kumari, 2015). Evidence of AI in precision cardiology is
observed in the usage of data mining algorithms to predict
heart diseases and interpret echocardiograms, which have
proven useful for diagnosis and prognosis.

An automated ML method algorithm with convoluted
neural networks was developed by Zhang et al. (2018) to
interpret transthoracic echocardiograms using >10,000
echocardiograms. The subjective human factor will be min-
imized with trained datasets that to interpret data was ob-
served in a report by Davies and colleagues where they found
a change of mind in *10% of clinical experts in percuta-
neous coronary intervention compared with a 100% consis-
tency in their ML model (Davies, 2018a, 2018b).
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An implementation of the AI pipeline, which integrate
omics data, EHR, and imaging for congenital cardiac defect,
will improve clinician diagnosis (Fig. 1).

Current Landscape and Future Perspectives

Outlook in SSA

SSA is saddled with a lot of communicable diseases such as
HIV/AIDS and tuberculosis and recently a lot of noncom-
municable diseases. The incidence of CHDs in sub-Saharan
African countries is no different from what happens in the
world with 1% of live births being born with CHDs. Accurate
diagnosis, surgical correction, and effective treatment of
CHDs are standard practices in advanced economies. In SSA,
major challenges in CHD management include clinical
management such as surgical corrections, affordability, and
postsurgery management of patients.

Financial challenges continue to plague families and indi-
viduals with CHDs in SSA. AI and digital health implementa-
tion will improve risk prediction in clinical settings in SSA. The
benefit of knowing at-risk individuals in advance for CHD and
other cardiology conditions is to help in clinical and personal
decisions. For resource-limited settings, this will be critical for
personalized and preventive medicine. A look at the AI disease-
risk prediction landscape shows advanced application of AI in
health care in developed countries.

Screening and risk prediction have been implemented in
chromosomal anomalies such as Down’s syndrome, which gives
parents the choice of continuing with the pregnancy or termi-
nating it. Without requiring very complex information, EHRs
can still provide enough predictive power for conditions such as
CHD in clinical settings. For countries with more advanced
biomedical settings, addition of genomic, proteomic data and
imaging records coupled with AI algorithms will provide a more

robust predictive tool for CHD prevention and management.
SSA can take advantage of the AI-digital health revolution to
bring a vast improvement in the health care system.

Key lessons: innovative policy-oriented
framework in health

Sub-Saharan African countries are making effort to im-
prove the management of CHD. The CHD burden in the
medical ecosystem in SSA cannot be underestimated with
significant interventions required to improve in areas such as
preventive approaches, corrective surgery, and management.
A lot of data are being generated in health facilities in SSA
but remain underutilized due to lack of proper policy-oriented
framework for such data in the health care sector. The advent
of AI and digital health calls for an all-inclusive public health
approach to assess, predict risk and improve diagnostic ca-
pacity for CHD in public health.

In SSA where specialist physicians are even a problem,
medical AI technology will be more beneficial as most of the
work can be performed by the AI tech leaving less work for
specialist physicians to work in terms of patient manage-
ment and treatment of CHD patients. AI-related methods have
been successfully implemented in rural areas in countries such as
India and China with less trained physicians and health workers
available. The overall consistency of the AI diagnostic system
and physicians was 94% for *1000 patients in India, while an
all-in-one diagnostic station, which run 11 tests, including blood
pressure, ECG, and routine urine and blood analyses, has been
used in rural community health care settings in China.

Policy-oriented frame work for health care and CHD man-
agement in SSA will help achieve the goal of implementing AI
and digital health in CHD and cardiology management. We
hereby prescribe some policies aimed at achieving this goal:

FIG. 1. Representative AI implemented disease diagnosis and predictive approach. AI, artificial intelligence.
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Top 10 Lessons Learned

The lessons for resource-limited settings such as sub-
Saharan African countries are summarized:

(1) Implementation of eHealth as part of health care in
SSA. eHealth will provide a range of systems and
services that include clinical information from EHRs,
integrated information network, and disease registries
with nonclinical systems. There is paucity of infor-
mation on CHD in SSA and AI-eHealth will flag such
incidence to improve management.

(2) Digitization of all EHRs generated in health facilities
transferable to national servers with appropriate
backup. Such data once generated will be useful in AI-
oriented risk prediction and diagnosis of conditions such
as CHD. Common sources of EHR in CHD include co-
morbidities, ECG, echocardiography, CCT (cardiac
computer tomography), laboratory results, family medi-
cal history, etc. EHR resources provide several pheno-
typic information undeniably more than any lone registry.

(3) Revamping laboratory services in health care facili-
ties to include different omics level analyses as part
of health care to improve diagnostic capacity for
CHD and improve familial risk prediction.

(4) Creating a common platform for medical research
institutions and health care facilities to translate CHD
research, AI, and policies to the medical ecosystem in
health care facilities.

(5) Capacity building training clinicians and health prac-
titioner to use the AI-eHealth system and EHR.

(6) A centralized AI-eHealth country data center, coor-
dination center and development of legal policy
framework, which will ensure data processing, man-
agement, storage, confidentiality, and appropriate
data handling.

(7) Further research and investments are required in AI-
eHealth in resource-limited settings to accelerate
early identification of risk factors/susceptibility to
CHD and improve diagnosis.

(8) A conscious implementation of AI-health informatics
for echocardiogram, ECG, and CCT interpretation to
enhance cardiology patient care and management.

(9) AI-oriented health care industry will augment the
capabilities of clinical and health professionals and
give them reliable tools with predictable outcome and
improvement in quality of service.

(10) The current cost of health care in SSA will be
greatly reduced with the implementation of AI and
cognitive computing in the health care industry.

These top 10 lessons on AI and digital health summarized
in this expert review are relevant broadly beyond CHD in
cardiology and medical innovations. As with AI itself that
calls for systems approaches to data capture, analysis, and
interpretation, both developed and developing countries can
usefully learn from their respective experiences as digital
health continues to evolve worldwide.
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