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Artiﬁcial Intelligence in
Precision Cardiovascular Medicine
Chayakrit Krittanawong, MD,a,b HongJu Zhang, PHD,c Zhen Wang, PHD,d,e Mehmet Aydar, PHD,b,f
Takeshi Kitai, MD, PHDb,g

ABSTRACT
Artiﬁcial intelligence (AI) is a ﬁeld of computer science that aims to mimic human thought processes, learning
capacity, and knowledge storage. AI techniques have been applied in cardiovascular medicine to explore novel
genotypes and phenotypes in existing diseases, improve the quality of patient care, enable cost-effectiveness, and
reduce readmission and mortality rates. Over the past decade, several machine-learning techniques have been
used for cardiovascular disease diagnosis and prediction. Each problem requires some degree of understanding of
the problem, in terms of cardiovascular medicine and statistics, to apply the optimal machine-learning algorithm. In
the near future, AI will result in a paradigm shift toward precision cardiovascular medicine. The potential of AI in
cardiovascular medicine is tremendous; however, ignorance of the challenges may overshadow its potential clinical
impact. This paper gives a glimpse of AI’s application in cardiovascular clinical care and discusses its potential role
in facilitating precision cardiovascular medicine. (J Am Coll Cardiol 2017;69:2657–64) © 2017 by the American
College of Cardiology Foundation.

I

n the near future, artiﬁcial intelligence (AI) tech-

to be stored, analyzed, and used. AI has the potential

niques, such as machine learning, deep learning,

to exploit big data and be used in advanced patient

and cognitive computing, may play a critical role

care. In fact, cardiovascular diseases (CVDs) are com-

in the evolution of cardiovascular (CV) medicine to

plex and heterogeneous in nature, as they are caused

facilitate precision CV medicine. CV clinical care

by multiple genetic, environmental (e.g., air pollu-

currently faces practical challenges pertaining to

tion), and behavioral factors (e.g., diet and gut micro-

cost reductions in prevention and treatment, low

biome). At present, many more advancements need

cost-effectiveness, overutilization, inadequate pa-

to be made to predict outcomes accurately and effec-

tient care, and high readmission and mortality rates.

tively, rather than assessing a simple score system or

Productive interactions between physicians and data

traditional CV risk factors. Deep-learning AI is a new

scientists are needed to enable clinically meaningful

machine-learning technique that plays a vital role in

automated and predictive data analysis. To date, big

areas such as image recognition (e.g., Facebook’s

data, such as “omics” data, human gut microbiome

facial recognition system [Menlo Park, California],

sequencing, social media, and cardiac imaging, are

self-driving cars, speech recognition (e.g., Apple’s

too large and heterogeneous, and change too quickly,

Siri [Cupertino, California], Google Brain [Mountain
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ABBREVIATIONS

View, California], Amazon’s Alexa Voice

processing of big data to make predictions or decisions

AND ACRONYMS

[Seattle, Washington]), Google DeepMind

using AI has the potential to transform the current

AlphaGo, mobile apps (e.g., Cardiogram app

practice of clinical care. Big data analytics using AI

[San Francisco, California]), machine vision

may potentially facilitate identiﬁcation of novel ge-

software in cameras, IBM Watson (North

notypes or phenotypes of heterogeneous syndromes,

Castle,

Deep-

such as HFpEF, Takotsubo cardiomyopathy, hyper-

learning AI using big data can be used in

trophic cardiomyopathy, primary pulmonary hyper-

pattern recognition in heterogeneous syn-

tension (PH), hypertension (HTN), and coronary artery

dromes and image recognition in CV imaging.

disease, leading to personalized, targeted therapy. Big

For example, AI can classify new genotypes

data analytics using AI can also support important

CVD = cardiovascular disease

or phenotypes of heart failure (HF) with pre-

clinical decisions, such as selection of antiplatelet

ECG = electrocardiographic

served ejection fraction (HFpEF), and novel

agents in individuals who are post–percutaneous

EHR = electronic health record

diagnostic

parameters

coronary intervention, anticoagulant agents in in-

HF = heart failure

could potentially lead to novel targeted ther-

dividuals with nonvalvular atrial ﬁbrillation (AF), and

HFpEF = heart failure with

apy. In addition, to date, 2-dimensional

pharmacogenomics in individuals. Furthermore, big

preserved ejection fraction

speckle-tracking echocardiography (2D-STE)

data analytics has the potential to identify unknown

HTN = hypertension

quantitation cannot sufﬁciently assess left

risk factors for acute coronary syndrome (ACS),

RNN = recurrent neural

ventricular ejection fraction because left ven-

spontaneous coronary artery dissection (SCAD), or

network

tricular ejection fraction is commonly calcu-

Brugada syndrome, and even the controversial issue

SCAD = spontaneous coronary

lated by manually tracing boundaries or via

of statins in the older population (age >75 years).

artery dissection

the time-honored “eyeball” method, which

Although big data utilization in CV medicine is still in

lack reproducibility and precision. Therefore,

its infancy, big data analytics have recently been

AI may improve the accuracy of 2D-STE

implemented in CV medicine.

ACS = acute coronary
syndrome

AF = atrial ﬁbrillation
AI = artiﬁcial intelligence
ANN = artiﬁcial neural network
AUC = area under the curve
CV = cardiovascular

STE = speckle-tracking
echocardiography

SVM = support vector machine

New

York),

and

robots.

echocardiographic

quantitation

and

other

cardiac

imaging

methods. In the 21st century, the paradigm is shifting
from traditional statistical tools to the use of AI in CV
medicine to enable precision CV medicine. Big data
can be used to automatically generate new hypotheses, instead of physicians having to initiate hypotheses. In our opinion, rather than replacing physicians,
AI will assist them in making better clinical decisions.
The objective of this paper is to outline the role of AI
applications,

such

as

machine

learning,

deep

learning, and cognitive computing, in enabling precision CV medicine, and discuss the potential future direction of AI in clinical practice. Going forward,
future studies in CV research should focus on more
complex and heterogeneous diseases using AI by
moving beyond traditional statistical tools. To illustrate some of the points addressed here, this paper focuses on examples of AI algorithms in CV medicine.

BIG DATA

TRADITIONAL

STATISTICS

VERSUS

MACHINE

LEARNING. In the big data realm, AI techniques, such

as machine learning, are revolutionizing the way
physicians make clinical decisions and diagnosis, and
have the potential to improve the estimated CVD risk
scores to automate prediction. In traditional statistics, such as the logistic regression model, the
c-statistic is a standard measure of predictive accuracy. However, current predictive scores, such as
congestive HF, hypertension, age $75 years, diabetes
mellitus, and prior stroke, vascular disease, age 65 to
74 years, and sex category (CHA 2DS2-VASc), dual antiplatelet therapy, and the Framingham risk score,
were developed using large trials or cohorts with
ill-deﬁned moderated values of c-statistics (e.g., 0.79
for men in Framingham risk score, 0.83 for women in
Framingham risk score, 0.65 for CHA2DS2 -VASc score,
0.66 for Anticoagulation and Risk Factors in Atrial
Fibrillation, 0.70 and 0.68, respectively, in the
ischemic and bleeding models in dual antiplatelet

The term big data refers to extremely large datasets

therapy) (1–4). Although the dual antiplatelet therapy

that cannot be analyzed, searched, interpreted, or

study involved 25,682 patients at 452 sites in 11

stored using traditional data-processing methods. Big

countries, big data analytics using precision medicine

data include data from mobile phone applications,

platforms could involve millions of patients for

wearable technology, social media, environmental

exploration and validation. In 2013, the American

and

sociodemographics,

Heart Association/American College of Cardiology

“omic” data (e.g., genomics, metabolomics, prote-

guideline was developed by estimating atheroscle-

omics), and data from standardized electronic health

rotic CVD using the pooled cohort equations from

records (EHRs) or precision medicine platforms.

sex- and race-speciﬁc proportional hazards models,

Whereas big data by themselves are useless, the

but its c-statistics are not well-deﬁned in African

lifestyle-related

factors,
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Americans (0.713 in men and 0.818 in women) (5).

known as sample size in traditional statistics) and the

Cook et al. (6) reviewed the guideline and found

right algorithms to optimize its performance on the

overestimation of the pooled cohort equations in

training dataset before testing. In traditional statis-

primary prevention external cohorts. They subse-

tics, alpha should not be more than 0.05, whereas in

quently suggested that real-time calibration of risk

machine learning, there should be no underﬁtting

prediction equations is feasible with big data ana-

(suboptimal data) or overﬁtting (noisy data). Over-

lytics (6). Therefore, the increasing availability of

ﬁtting commonly occurs when a model is excessively

automated real-time decision support tools using AI

complex relative to the size of the training dataset

applications in EHRs will likely reduce the need for

(i.e., too many parameters) that may not be valid for

simple scoring systems such as these.

the testing dataset. For example, for a machine trying
to learn what SCAD or acute myocardial infarction is,

MACHINE LEARNING

we start by training it with keywords such as “chest

Machine learning, a popular subdiscipline of AI, rep-

factors,” and “h/o ﬁbromuscular dysplasia”; the ma-

resents various techniques for solving complicated

chine detects in the initial phase that all SCAD fea-

problems with big data by identifying interaction

tures have “chest pain,” “female,” “age 30 to 50,”

patterns among variables. In contrast to traditional

“physical/emotional factors,” and “h/o ﬁbromuscular

statistics, machine learning is focused on building

dysplasia.” If training continues with the same key

automated clinical decision systems (such as read-

words, the machine may also falsely deduce that all

pain,” “female,” “age 30 to 50,” “physical/emotional

mission and mortality score systems) that help phy-

SCAD features must have “chest pain,” “female,”

sicians make more accurate predictions, rather than

“age 30 to 50,” and “h/o ﬁbromuscular dysplasia,”

simple estimated score systems.

and that all “chest pain,” “female,” “age 30 to 50,”

Machine learning can be categorized into 3 learning

and “history ﬁbromuscular dysplasia” are SCAD. This

types: supervised; unsupervised; and reinforcement.

may

In supervised learning, algorithms use a dataset

myocardial infarction or Takotsubo cardiomyopathy,

labeled by humans to predict the desired and

which is called overﬁtting to data. In contrast, AI may

known outcome. Supervised learning is great for

potentially exclude SCAD in men, SCAD without

classiﬁcation and regression problems, but it requires

ﬁbromuscular dysplasia, or 51-year-old women with

a lot of data and is time-consuming because the data

SCAD. This problem is called underﬁtting to data.

potentially

include

atherosclerotic

acute

have to be labeled by humans. Conversely, unsuper-

An excellent example of the use of machine

vised learning seeks to identify novel disease mecha-

learning is the prediction of the survival of patients

nisms,

hidden

with HFpEF. Shah et al. (7) created an unsupervised

patterns present in the data. In unsupervised learning,

genotypes,

or

phenotypes

from

learning model across 46 different variables to

the objective is to ﬁnd the hidden patterns in the data

identify intrinsic structures within patients with

without feedback from humans. For example, teach-

HFpEF; they identiﬁed 3 distinct groups. Subse-

ing medical residents (labels) before they see the pa-

quently, they performed supervised learning to pre-

tients can be termed supervised learning. In contrast,

dict the difference in desired outcomes (mortality and

allowing medical residents to see patients (no labels),

hospitalization) among the groups. However, the

then allowing them to learn from their mistakes (er-

limitation of unsupervised learning is that the initial

rors) and come up with their own plans (optimize) can

cluster pattern needs to be corrected without bias;

be termed unsupervised learning. Some algorithms,

therefore, the study needs to be validated with other

such as artiﬁcial neural networks (ANNs), can be

cohorts.

trained using supervised or unsupervised learning to
optimize the accuracy of automated prediction. Last,

SUPERVISED LEARNING. Supervised learning algo-

reinforcement learning can be viewed as a hybrid of

rithms have been successfully applied to problems in

supervised and unsupervised learning. The aim of

the prediction, diagnosis, and treatment of CVD as

reinforcement learning is to maximize the accuracy of

well as image analysis in CV imaging. Various algo-

algorithms using trial and error.

rithms can be trained using supervised learning. For

Learning curves and area under the curve (AUC)

example, we trained a machine for 30 potential var-

are important considerations in the choice of a

iables (such as C-reactive protein, erythrocyte sedi-

machine-learning algorithm, whereas c-statistics are

mentation rate, cysteine, QTc interval, E/A ratio, and

important in the choice of traditional data-processing

SYNTAX score [an angiographic tool]). Subsequently,

methods. As with traditional statistics, machine

the algorithms generated a prediction model using

learning requires sufﬁcient training datasets (also

weighted variables from the training dataset. Next,
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we applied the algorithms to a new dataset (testing

forest, have lower accuracy than ANN and SVM, but

dataset) to predict ACS risk; the machine then

are relatively easy to use and can be used with small

calculated the ACS risk from the 30 potential vari-

datasets. The decision tree algorithm is easy to un-

ables in the new dataset. The prediction accuracy

derstand and is unlikely to encounter overﬁtting

depends on the algorithm, dataset, and hypothesis.

because of the relatively small dataset. It can be used

Different algorithms are appropriate for different

with a series of yes/no questions to classify data into

hypotheses, and so an understanding of the advan-

categories and also be used in clinical decision-

tages and disadvantages of each algorithm is required

making or CV risk prediction in simple tasks (12).

to apply it in the optimal manner and potentially test

The random forest algorithm is an extension of the

the hypotheses. Knowing the goals and the appro-

decision tree algorithm, in which decision trees are

priate techniques for hypotheses is critical for ma-

combined and each decision tree is independently

chine learning to be carried out effectively and

trained. Random forest algorithms have been used in

accurately.

coronary computed tomography angiography, read-

Algorithms that can be used in supervised learning

mission for HF patients, and HF risk and survival

include ANN, support vector machine (SVM), decision

prediction

tree, random forests, naive Bayes classiﬁer, fuzzy

forests can easily perform leave-1-out predictions

logic, and K-nearest neighbor (KNN). Each algorithm

(i.e., sensitivity analysis in meta-analysis) and are

has its own advantages and disadvantages. Super-

relatively robust to selection bias.

models

(13–17).

In

addition,

random

vised learning problems can be categorized into clas-

The naive Bayes classiﬁer is a simple probabilistic

siﬁcation (predict categories), regression (predict

classiﬁer derived from Bayes’ theorem. It performs

values), and anomaly detection (predict unusual pat-

very well on small training datasets and can be used in

terns) problems. Factors for selecting optimal algo-

text classiﬁcation problems, such as in CV risk factor

rithms include data characteristics, training time,

identiﬁcation and decision-making systems (18,19).

learning curves, and number of parameters and fea-

Fuzzy logic functions are similar to human reasoning

tures. ANN and SVM are the 2 most popular algorithms

and decision-making in which logic returns values

because they are compatible with large and complex

(e.g., 10% possibility of SCAD, 30% possibility of acute

data (e.g., “omic” data) and can process data with

myocardial infarction, 15% possibility of pericarditis)

higher accuracy than other supervised learning

instead of straight true/false or yes/no answers (e.g.,

algorithms.

deﬁnitely SCAD and not SCAD). Fuzzy logic has been

ANNs, which mimic the human neuron concept,

used in various areas, such as for prediction of early-

perform well for image processing of electrocardio-

stage coronary artery disease, mortality prediction

graphic (ECG) and echocardiographic data. ANNs: 1)

after cardiac surgery, and cardiac arrhythmia detec-

can be used in nonlinear relations; 2) conditions

tion (20–23). K-nearest neighbor is one of the simplest

where traditional statistical analyses fail; 3) have a

nonparametric methods. It executes quickly on small

higher predictive accuracy than linear or logistic

training datasets and can be used in ECG interpreta-

regression; 4) are very ﬂexible in various data types;

tion problems (24,25); however, K-nearest neighbor

and 5) can be used with deep-learning algorithms.

requires more space and time for large datasets.

Their limitations include: 1) data overﬁtting; 2)
lengthy computation time; and 3) having more parameters than most supervised learning algorithms.
In contrast to ANNs, SVMs are less prone to overﬁtting and need less memory. They have been shown
to perform well for text classiﬁcation in EHRs and
pattern recognition in echocardiographic imaging to
stratify CV risk and help physicians make decisions
(8,9). In addition, an SVM is feasible for nonlinear
data or large and complex data, such as “omic” data,
because kernel functions, a shortcut to expedite
learning process, can be applied to SVMs to enhance
their accuracy and reduce processing time (10,11).
However, selection of kernel functions is very
important, as the wrong choice can lead to an in-

LIMITATIONS OF SUPERVISED LEARNING. In super-

vised learning, small training datasets can lead to
inaccurate decisions in testing datasets if the training
datasets are biased; therefore, supervised learning
requires large datasets to train the model and validation by other datasets. Supervised learning also requires the training datasets to be manually labeled to
predict only known output results (e.g., mortality and
readmission rate). Furthermore, even though multiple
functions can ﬁt a given training dataset on which
supervised learning subsequently makes assumptions
about the “best” function that ﬁts the data, it can
cause bias that guides the learning algorithm to prefer
to one hypothesis or function over another.

crease in the error percentage. Other algorithms, such

UNSUPERVISED

as decision tree, naive Bayes classiﬁer, and random

learning, unlabeled data are used to predict unknown

LEARNING. In

unsupervised
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results and the algorithm has to determine how to

promising. Deep learning can be very powerful in im-

discover the hidden patterns in the dataset. Unsu-

age recognition (e.g., facial recognition in Facebook,

pervised learning is often used in deep learning, and

image search in Google), and can potentially be used in

has been implemented in self-driving vehicles and

CV imaging (e.g., 2D-STE, 3D-STE, angiography, car-

robots as well as being used in speech- and pattern-

diac magnetic resonance). It can also be trained in an

recognition applications. In CV clinical care, unsu-

unsupervised manner for unsupervised learning tasks

pervised deep learning with 2D- and 3-dimensional

(e.g., novel drug-drug interaction). Furthermore, there

(3D)-STE data may enable identiﬁcation of novel

is no limitation on working memory. It also works well

phenotypes of cardiomyopathy or HFpEF, and can

with noisy data, such as strain imaging and 3D-STE

potentially be used in precision medicine platforms or

data. Deep-learning algorithms will facilitate use of

the National Heart, Lung, and Blood Institute’s Trans-

artiﬁcial real-time CV imaging with better spatial and

Omics for Precision Medicine program to identify

temporal resolution, potentially improving the quality

genotypes of HTN or ACS. The algorithms used

of care and reducing costs.

in unsupervised learning can be classiﬁed into:

Deep learning has recently been implemented in

1) clustering algorithms; and 2) association rule-

CV medicine, more speciﬁcally, in CV imaging. Deep

learning algorithms. Clustering algorithms can be

learning with neuronal network algorithms can be

used to cluster unlabeled data into different groups.

recurrent neural networks (RNN), convolutional, and

A cluster is a collection of data items that are “similar”

deep neural networks. Wang and Kong (26) used a

to 1 cluster and “dissimilar” to other clusters and is

supervised convolutional neural network model to

used when there are no obvious natural groupings, in

predict end-systolic and end-diastolic volumes in

which case the data may be difﬁcult to explore. For

cardiac magnetic resonance. Convolutional neural

example, Google News can be shown to customers in

networks and RNN are dominant in image and speech

different ways to match their online lifestyles.

recognition. RNNs have proven effective in many

Association rule-learning algorithms help to uncover

difﬁcult machine-learning tasks, such as image

relationships between seemingly unrelated data

captioning (27) and language translation (28). Choi

items. For example, 70% of patients who had angioe-

et al. (29) used an RNN to predict HF 9 months before

dema with angiotensin-converting enzyme inhibitors

diagnosis made by physicians and found that the RNN

also have angioedema with angiotensin receptor-

(AUC: 0.777) was superior to supervised machine-

neprilysin inhibitors. Another example of an associa-

learning algorithms. Google developed a deep neural

tion rule is novel drug-drug interaction.

network known as Google DeepMind AlphaGo that

LIMITATIONS OF UNSUPERVISED LEARNING. One

defeated human champions in the Go game in March

major limitation of unsupervised learning is difﬁculty

2016. Kannathal et al. (30) used a deep neural

identifying the initial cluster pattern, which could

network to classify the ECG signals of cardiac patients

potentially lead to biases. Because the ﬁnal cluster

into normal, abnormal, and life-threatening states,

pattern is dependent on the initial cluster pattern,

and found the classiﬁcation to be correct in approxi-

this could result in inaccurate decisions. Therefore, it

mately 99% of test cases.

needs validation in several cohorts. In addition, some

Deep learning has proven to be better than other

complex problems lead to limitations that are not

machine-learning techniques, such as SVM, because

easily overcome without supervised training; thus, it

deep learning can use multiple layers and trans-

may require manually labeled data to identify the

formations, compared with the 2 layers used by SVM.

optimal algorithm. For example, noisy data, such as
3D-STE images, have to be manually denoised before

LIMITATIONS OF DEEP LEARNING. Deep learning is

predictions can be successful. Thus, for the best re-

usually nonlinear analysis and has many parameters

sults, unsupervised learning may require manual

and multiple layers; thus, overﬁtting may be a major

hand coding in some parts, unsupervised algorithms

challenge that could lead to poor predictive perfor-

in other parts, and subsequent validation.

mance. Increasing the size of the training dataset or
decreasing the number of hidden layers may help to

DEEP LEARNING

avoid overﬁtting. Deep learning also requires a large
training dataset, which necessitates collaboration

Deep learning mimics the operation of the human brain

between institutions and EHR linkage (e.g., the

using multiple layers of artiﬁcial neuronal networks

American Heart Association Precision Medicine Plat-

that can generate automated predictions from input

form). Furthermore, deep-learning analysis requires

(training datasets). Deep learning has become a hot

deep-learning–capable machines, such as graphics

topic in AI because it is a growing ﬁeld and appears

processing unit-accelerated computing, for example,
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C E NT R AL IL L U STR AT IO N Artiﬁcial Intelligence in Precision Cardiovascular Medicine

Krittanawong, C. et al. J Am Coll Cardiol. 2017;69(21):2657–64.

Big data (genetics, social media, environmental, and lifestyle-related factors, or “omic” data) can be stored through EHRs or precision medicine platforms, and can be
shared for data analysis with other physicians or researchers through secure cloud systems. Big data analytics using artiﬁcial intelligence (machine learning, deep
learning, or cognitive computing) and 3 main types of learning algorithms (supervised, unsupervised, and reinforcement learning) will enable precision cardiovascular
medicine. EHR ¼ electronic health record.

NVIDIA DIGITS DevBox (Santa Clara, California) and

unsupervised deep learning may facilitate explora-

Amazon EC2. Setting up a neural network using deep-

tion of novel factors in score systems or add hidden

learning algorithms is also time-consuming. Finally,

risk factors to existing models. Second, deep learning

deep learning with multiple layers may increase the

can be used to classify novel genotypes and pheno-

training time without improvement in precision.

types from heterogeneous CVDs, such as HFpEF,

CLINICAL IMPLICATIONS OF DEEP LEARNING. Deep

HTN, pulmonary hypertension, and cardiomyopathy.

learning can perform tasks without human assistance

Third, automated deep-learning prediction models

in industry (e.g., self-driving, playing Go, learning

can predict risk of bleeding and stroke by weighting

math to write math textbooks, reading scientiﬁc

between

publications to answer questions, watching movies to

abnormal renal function, abnormal liver function,

answer questions, machine vision software in cam-

stroke, bleeding, labile international normalized ra-

eras, phones, and robots). Implementation of deep

tios, elderly, drug therapy, and alcohol intake (known

learning in CV medicine includes the following. First,

as HAS-BLED) scores to facilitate optimal doses and

CHA 2DS2-VASc

and

the

hypertension,

Krittanawong et al.

JACC VOL. 69, NO. 21, 2017
MAY 30, 2017:2657–64

Precision Cardiovascular Medicine

anticoagulant therapy duration in nonvalvular AF

extend models with new pieces. Cognitive computing

patients. Fourth, deep learning may also help to

can leverage machine learning to extend the ability of

identify additional stroke risk factors (e.g., left atrial

HF

appendage, left atrial strain on echocardiography,

discover diagnosis patterns that they may not observe

real-time risks from wearables) and incorporate those

by themselves. Therefore, implementation of deep

factors into new models for anticoagulant therapy.

learning in cognitive computing systems can be used

Last, with deep learning, left ventricular ejection

for classiﬁcation of novel diseases, genotypes, phe-

fraction may be predicted from ECG patterns or cor-

notypes, or unknown drug-drug interaction.

onary calcium score from echocardiography.

diagnosis

efﬁciently

by

helping

physicians

CONCLUSIONS

COGNITIVE COMPUTING
The implementation of deep learning with unsuperCognitive computing involves self-learning systems

vised features for big data analytics holds signiﬁcant

using machine learning, pattern recognition, and

potential for identifying novel genotypes and pheno-

natural language processing to mimic the operation

types in heterogeneous CV diseases, such as Brugada

of human thought processes. In cognitive computing,

syndrome,

a system or device is trained by machine-learning or

white-coat hypertension, HTN, pulmonary hyperten-

deep-learning algorithms. The goal of cognitive

sion, familial AF, and metabolic syndrome. Further-

computing is to create automated computerized

more, the development of AI application and precision

models that can solve problems without human

medicine platforms will facilitate precision CV medi-

assistance (Central Illustration).

cine. In the future, cognitive computers, such as IBM

HFpEF,

Takotsubo

cardiomyopathy,

IBM Watson, a well-known example of cognitive

Watson, will be standard in health care facilities and

computing, continuously learns from datasets (e.g.,

assist physicians with their decision making and pre-

EHR, social media, stock market) and can predict out-

diction of patient outcomes. Many technology com-

comes using multiple algorithms more accurately than

panies, such as IBM, Apple, and Google, are investing

humans. Sengupta et al. (31) developed an associative

heavily in health care analytics to facilitate precision

memory classiﬁer, a cognitive computing machine-

medicine. We believe that AI will not replace physi-

learning algorithmic approach, to classify constric-

cians, but it is important that physicians know how to

tive pericarditis from restrictive cardiomyopathy, and

use AI sufﬁciently to generate their hypotheses,

demonstrated its feasibility for automated interpre-

perform big data analytics, and optimize AI applica-

tation of STE data. An associative memory classiﬁer

tions in clinical practice to bring on the era of precision

(accuracy: 93.7%; AUC: 96.2%) proved to be better than

CV medicine. However, ignorance of the challenges of

random forest (accuracy: 88.3%; AUC: 94.2%) and SVM

AI may overshadow the impact of AI on CV medicine.

(accuracy: 87.4%; AUC: 92.2%). With a set of select STE

Machine learning, deep learning, and cognitive

variables, the associative memory classiﬁer achieved

computing are promising and can potentially change

an AUC of 89.2%. Four echocardiographic variables (e 0 ,

the way in which medicine is practiced, but physicians

E/e 0 , and septal and posterior wall thickness) had an

need to be prepared for the upcoming AI era.

AUC of 94.2%. Fifteen STE and 4 echocardiographic
variables (e0 , E/e0 , septal, and posterior left ventricle
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wall thickness) showed incremental diagnostic value
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Cognitive computing systems can also reason
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