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KEY POINTS

e Artificial intelligence (Al) is substantially improving the diagnostic
capabilities of existing medical tests. This advancement is leading to
earlier and more accurate diagnoses of cardiovascular diseases.

e Al is enabling the deep phenotyping of individuals. This detailed
analysis stands to assist in tailoring personalized treatment plans,
embodying the principles of precision medicine in cardiovascular care.

e Al tools can diagnose cardiovascular conditions on a large scale, reliev-
ing the burden on health care systems by detecting occult (hidden)
diseases and predicting future disease risks and enabling primary care
providers to screen more effectively for cardiovascular disease.

e Although still in early development stages, clinical trials are increas-
ingly demonstrating Al's effectiveness. Al offers the ability to extract
clinically relevant information from wearable devices, even in non-
medical settings.

e (Clinicians today need to understand the basics of how Al works, its
strengths and limitations, and when to trust Al-generated results.
This chapter provides foundational information to that end.

Artificial intelligence (Al) is ubiquitous. It autocompletes the sen-
tences we type, populates web searches before we complete our
thoughts, enables our phones to understand verbal commands, per
mits cars to drive themselves to destinations we speak, and increas-
ingly is used in support of medical diagnostic tests.In medicine, it has
identified retinal pathology with a skill that exceeds that of a trained
ophthalmologist, can tirelessly detect mammographic lesions,and can
identify abnormalities on a pathologic slide. It has been vilified as a
technology that will lead to massive unemployment and economic
disruption, presenting an existential threat to humanity. Alternatively; it
has been deified as the tool that will liberate humanity from drudgery
and elevate the most noble of human tasks.!

Al can be predictive or generative. Predictive identifies patterns
within a data stream (electronic medical record [EMR], electrocardio-
gram [ECG],images) and provides additional inferences. Generative Al
creates text and/or images, in response to queries or by extracting and
or summarizing preexisting documents, using a vast storehouse of data
to inform its responses. Predictive Al has early approved uses in medi-
cine, with many more in the pipeline. Generative Al holds dramatic

promise but is in earlier stages of development. This chapter focuses
predominantly on predictive Al

Medicine encompasses three broad capabilities of Al.The first is the
automation of fatiguing processes that involve analysis of massive
amounts of data, such as continuous ECG tracings acquired over
months. In this context, Al performs human-like tasks at massive scale.
This also permits embedding technology in novel forms such as cloth-
ing and other wearables to extract physiologic information to monitor
health continuously. These advances enable remote monitoring in ru-
ral locations, space exploration, and extreme conditions. The second
is the ability to extract signals beyond those a human is capable of
recognizing—for example, determining the presence of ventricular
function from a standard 12-lead electrocardiograph or single-lead
ECG acquired from a watch- or smartphone-enabled electrodes. In this
context, Al brings new value to well-established medical diagnostic
tests that exist in current clinical workflows and practice. Third, and
more broadly;the ability to characterize specificallyrichly,and uniquely
an individual’s physiologic data allows for a new level of personalized
predictive models, potentially creating a whole new category of indi-
vidual “previvors, who learn of impending disease before any signs or
symptoms develop, permitting potential interventions, with associated
social, legal, and economic implications. This deep phenotyping may
inform additional fields,such as genetics. Al in medicine is in its early
stages; the promise is large, but requires rigorous testing, vetting, and
validation, as do all tests that affect human health. Here we focus on Al
and its role in cardiovascular (CV) medicine.

DEFINITIONS AND KEY TERMS

If intelligence is a cake, the bulk of the cake is unsupervised
learning, the icing on the cake is supervised learning, and the
cherry on the cake is reinforcement learning (RL).

Yann LeCun, 2016

Al is a lay term, referring to machine learning (ML).In his cake analogy,
Dr.Yann LeCun,” divides ML into its three main branches and presents

“Yann LeCun, Geoffrey Hinton, and Yoshua Bengio, often referred to as the Godfa-
thers of Al or the founding fathers of modern Al research, were awarded together
the prestigious Turing Award in 2018 for their contribution to the Al revolution.
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one of the technology’s main challenges: the amount of data required
for implementation.In all three types of learning (supervised, unsuper-
vised, and reinforcement), instead of using an explicit set of human-
devised rules to interpret a signal, large volumes of data are fed to a
model, which uses statistical processes to identify relationships within
the data.? Recent advancements have led to the creation of generative
Al which uses all of the factors described here to create new, realistic
data. This exciting frontier is designed to generate novel data that mir
ror real-world examples. Generative Al harnesses the capabilities of
supervised, unsupervised, and reinforcement learning to synthesize
new and realistic data patterns. In short, the data train the model, free
from human hypothesis (eFig. 10.1).

Learning

Learning is the enhancement of abilities through experience. As the
task is repeated, ML improves by getting feedback (via an error or loss
function) and changing the way it performs the task (e.g.,by changing
with weights and biases the mathematical functions that make up the
neurons in a neural network), until feedback indicates that the task is
done correctly, or at least above a certain standard. With ML, feedback
comes from a loss function, which measures the gap between the ex-

pected and actual outcomes. Training is computationally demanding.

Once trained, many networks can then operate with limited computa-
tional resources, for example, on a smartphone. This makes many
Al tools massively scalable.

SUPERVISED LEARNING

Supervised learning is the most commonly used form of ML. Super
vised learning requires labeled data (images and captions, ECGs and
their rhythm description), with labels often provided by human ex-
perts.The discovery of the rules that explain the relationship between
the input (a signal) and the output (a label) is called training. For ex-
ample,if ECG samples labeled normal rhythm or atrial fibrillation (AF)
are fed to a model, it will learn to differentiate between the two
rhythms. The specific features of the signal used to generate model
output are determined by the computer during training and are not
discernable to humans (Fig. 10.1).Thus, Al is at times referred to as a
“black box”In most cases,the model will be a parametric function ()

Neural network
Flow of data
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of the inputs,and it will be initialized using a set of random parameters
(weights). During training, in an iterative manner, F is applied on a set
of inputs with known outputs (the labels). The results of applying the
function F on the inputs yields estimated outputs (in the previous ex-
ample, the probability of AE Each iteration assesses model perfor-
mance through the error between predicted and true labels, tuning the
function’s weights to minimize this discrepancy. Further weight adjust-
ment details are described in the “Optimization and Hyperparameters”
subsection of this chapter. Tasks in supervised learning can be either
classification, such as determining categories (e.g., dogs vs. cats), or
regression, predicting continuous values such as age from an image.
The iterative approach of supervised learning necessitates large, la-
beled datasets.

UNSUPERVISED LEARNING

In unsupervised learning, the task revolves around the structure of
the data itself. The most common form of unsupervised learning is
clustering, in which the model clusters data based on characteris-
tics,instead of labels, during the training stage.The model is fed only
unlabeled data,and clusters samples based on similarity, using each
sample’s distance (euclidian or other) from other samples. If the la-
bel of just a few samples in each cluster is known, the label of other
samples in the cluster can be inferred because all the samples in
that cluster would have similar features. An example would be the
acquisition of multiple ECG segments from a patient at various po-
tassium blood levels (e.g.,at various times during dialysis).The ECG
segments could be clustered, and the potassium value of each clus-
ter should be similar. Unsupervised learning requires only the raw
samples and basic assumptions regarding the data structure (e.g.,
the number of clusters); therefore, the barrier imposed by labeled
data is lowered.

REINFORCEMENT LEARNING AND REINFORCEMENT
LEARNING FROM HUMAN FEEDBACK

Reinforcement learning (RL) develops the optimal strategy for an
agent in an environment with known rules and rewards. An example
would be a chess player learning chess by playing against itself, with-
out labels or recorded human games. It uses only the rules and the
game score. Reinforcement learning from human feedback (RLHF)
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FIG. 10.1 Graphical depiction of a neural network. Top left, The neural network shown contains four layers. Each layer is composed of “neurons” (bottom panel). Each
neuron receives multiple inputs, each multiplied by a weight (in;...in,), and a bias (offset) “b” and applies a nonlinear function to generate its output. During network training,
weights and biases of each neuron are adjusted by back propagation to minimize an error function (example error function shown top right).
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combines RL techniques with human feedback to optimize Al agents,
especially in contexts such as natural language processing. This ap-
proach allows for more accurate fine-tuning, especially when subtle-
ties and nuances of tasks, such as chat interactions, are involved.

Traditional RL requires known rules and rewards; thus, its direct use
in health care can be limited. RLHF offers a more nuanced approach
by incorporating human feedback, but a comprehensive exploration
of its use in health care is outside the scope of this chapter.

Fully Connected and Convolutional Neural

Networks

Inspired by the human brain, a fully connected neural network is a
multilayer parametric function that implements a nonlinear function
between the inputs to the outputs (see Fig. 10.1) Each node (neuron)
in each layer receives a weighted sum of all the nodes in the preceding
layers and is activated using a nonlinear function. The values of the
weights are defined during training, as the network learns the relation-
ship between the input and output.

In convolutional neural networks, convolutional filters extract fea-
ture information from images in the initial layers, with the weights of
the filters determined during training, so that the features selected are
those that best define the desired network output. Both types of net-
works can be either used for classification tasks or for regression tasks.

Optimization and Hyperparameters

During training, the weights of the inputs to each neuron in a neural
network adjust to bring the outputs closer to their real labels. The dif-
ference between network output and the actual label is measured us-
ing a loss function, with smaller loss values indicating closer outputs.
Instead of randomly adjusting weights, a more efficient method is to
assess the effect of each weight on the error and adjust accordingly.
This involves calculating the gradient of the function and adjusting
weights in the opposite direction. The gradient is approximated using
a batch of samples, and the number of samples in the batch (batch
size) influences its accuracy. The gradient provides direction for
adjustment, but the magnitude, or step size, remains uncertain. If too
large, the adjustment can overshoot optimal performance, and, if too
small, progress may be too slow. Step size and batch size are hyperpa-
rameters, affecting the training but not part of the final function. Deter-
mining optimal hyperparameters often involves trial and error and is
tested on an internal validation set. Once finalized, the network is
evaluated on a holdout testing set.

Transfer Learning

Transfer learning is method used to apply supervised learning to prob-
lems for which the data sets available to train a network are relatively
small. In this method, a network is developed to solve a problem that
has enough labeled samples (the primer) and then is retrained to
solve a similar task with a much smaller dataset. The underlying hy-
pothesis is that some of the patterns learned by the model are com-
mon to both tasks,but can only be learned with a sufficient number of
samples. This is similar to a human learning one musical instrument
proficiently over years,and then requiring much less time and effort to
learn a related instrument (e.g.,guitar and banjo).Using transfer learn-
ing, datasets that may initially appear irrelevant can be employed to
solve specific tasks, and the transfer can be applied to all model pa-
rameters (basically seeding the model with weights from a trained
model, instead of random weights), or to only a subset of parameters
by freezing some model layers during training to keep the primer
model values, but allowing the rest to change.

FOUNDATIONAL MODELS

Building on the principles of transfer learning, in which models ini-
tially trained for one domain are repurposed for another, the advent of
foundational models represents a significant leap in Al These robust
models, enriched by their training on vast datasets,do not just harness
the concept of transfer learning but elevate it. They serve as a potent

base (and are often called base models), drawing on shared common-
alities across various tasks, ready to be specialized and adapted.Founda-
tional models, distinguished by their immense scale, can encapsulate
billions of parameters. This enormity enables them to recognize and
represent intricate patterns within data, often beyond the discernment
of simpler models. Their initial training equips them with a versatility
reminiscent of the underlying ethos of transfer learning. Just as transfer
learning underscores the shared features across different tasks, founda-
tional models, with their expansive pretraining, emerge as versatile
juggernauts capable of pivoting across diverse domains.

Generative Artificial Intelligence

Generative Al distinguishes itself from other Al forms by its ability to
produce new data instances that are not part of its initial training data.
This contrasts with discriminative models, which focus on distinguish-
ing between given categories or predicting continuous values in regres-
sion tasks. Whereas discriminative models, like those used in standard
classification or regression tasks, delineate boundaries between classes
or predict outcomes based on input features, generative models aim to
understand the underlying distribution from which the data originate.
This inherent distinction allows generative Al to create images, sounds,
and even text that mirrors genuine data, unlocking vast possibilities,
especially in the medical arena.

Operating primarily within the unsupervised learning paradigm,
generative Al does not rely solely on labeled data.Instead, it learns the
underlying patterns and distributions inherent in the input data.Tech-
niques such as generative adversarial networks (GANs) and varia-
tional autoencoders (VAEs) exemplify this approach. However, there is
a fascinating overlap in which generative models can benefit from
other learning techniques. Semisupervised learning, for instance, lever-
ages generative models to augment datasets with labeled data, en-
hancing the performance of tasks with limited labeled samples.

In recent advancements, products such as OpenAl’'s ChatGPT and
their underlying models (GPT 3.5/GPT 4) have shown the extensive
capabilities of generative Al. These models, especially the newer itera-
tions, are not just trained on vast textual datasets using unsupervised
and supervised learning; they also incorporate RLHF to refine their
responses. Such techniques enable more accurate, contextually aware
text generation, proving invaluable in medicine for patient interac-
tions, literature summarization,and diagnostic assistance.On the visual
spectrum, GANs and diffusion models, such as DALL-E, can generate
images based on textual cues, paving the way for potential applica-
tions such as medical imagery generation or data augmentation.
Additionally, generative models capable of predicting molecular struc-
tures have enhanced drug discovery, optimizing the journey from
laboratory to patient. It is imperative to acknowledge that although
these models offer vast potential in health care, their use in critical
sectors requires meticulous validation, considering the import of
medical decisions.

The integration of generative Al into medicine promises a pioneer
ing era, foreseeing rapid research advancements and a heightened
quality of patient care. Progress in this arena could transform health
care.

CLINICAL USES IN CARDIOVASCULAR MEDICINE

Electrocardiography-Based Screening,

Detection, and Prevention

Achieving human-like automated ECG interpretation has been a goal
since the advent of digital ECG recording more than 60 years ago.?
Early iterations of the technology were designed to identify fiducial
points,make discrete measurements,and define common quantifiable
abnormalities,*® whereas contemporary approaches have moved be-
yond these rule-based approaches to recognize patterns in massive
quantities of labeled ECG data. Some early success has been
achieved training deep neural networks on large datasets of single-
lead ECGs and applying the algorithms to the 12-lead ECG,? sometimes
outperforming expert overreaders.”
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For some discrete applications, these algorithms may enable rapid
diagnosis on novel, patient- or consumerfacing devices. For example,
algorithms can effectively diagnose AF using a variety of single-lead
ECG devices,!*'3 and offers great potential for making other important
diagnoses, including QT prolongation,'* acute myocardial infarction,'
° or other arrhythmias'® (Video 10.1).This “democratization” of ECG tech-

nology will exponentially increase the volume of signals that demand
interpretation,and this will quickly outstrip the capacity of human ECG
readers. We anticipate that these models will facilitate telehealth tech-
nologies and automatic, patient- or consumer-facing technologies.

By leveraging massive, labeled datasets, various neural networks
can move beyond human-like tasks to uncover more subtle patterns in
the ECG previously unrecognized even by expert ECG readers. Thus,
these networks can bring new diagnostic power and value to the ECG.
For instance, the ECG can identify low ejection fraction (EF),!” propensity
toward AF (observable during normal sinus rhythm),'® hypertrophic
cardiomyopathy (HCM)," left ventricular (LV) hypertrophy,®® hyperka-
lemia,? age and sex,?? medical comorbidity/frailty, valvular heart
disease,?** amyloidosis, coronary artery disease,” and many other
conditions.

Artificial intelligence-electrocardiography (AI-ECG) is an example
of adding Al to an existing clinical test (the 12-lead ECG), which is al-
ready embedded in clinical workflows and widely available. Thus,it can
readily screen for underdetected disease, for which therapies exist
(Fig. 10.2A).The use of the 12-lead ECG to identify LV dysfunction (present
asymptomatically in 3% to 9% of people) has been prospectively evalu-
ated in a large cluster-design pragmatic trial (EAGLE, discussed later);
the AI-ECG has also been embedded into a stethoscope device to
effectively screen for ventricular dysfunction in the British National
Health Service (NHS).%¢ Because of the potential sensitivity of Al tests
to detect disease early and provide deep phenotyping, it may appear to
“predict” future disease, creating a class of “previvors” who have not yet
experienced a disease (see Fig. 10.2B).The AIFECG may also permit in-
expensive at-home observation of patients at risk for ventricular dys-
function, such as those receiving chemotherapy or cardiac transplants
(see Fig. 10.2C). Prospective studies assessing such use cases are under
way (TACTIC,NCT03879629).Whether Al tests achieve a sufficient level
of predictive power to warrant intervention before a disease manifests
by currently used tests requires validation (Fig. 10.3), which at present
is under development.US Food and Drug Administration (FDA) approv-
als for novel uses of established tools such as the ECG with the addi-
tional Al continue to accumulate (further discussion later).

Clinical Trials of Artificial Intelligence
Electrocardiography

With an increasing number of Al and ML algorithms for early disease
detection, attention has increased on how to evaluate them best in the
clinical arena. As with any new clinical technology; it is critical to
evaluate algorithms systematically to understand better the clinical
cost and relative impact they may have in patient care. Prospective
clinical trials to assess (1) accuracy, (2) safety, (3) reliability, and
(4) cost.In the realm of Al applications to the use of ECG to allow for
early prediction of a variety of disease states, multiple recent clinical
trials have supported the potential impact of these algorithms.

ARTIFICIAL INTELLIGENCE-ENABLED EARLY PREDICTION
OF LOW EJECTION FRACTION

In the prospective ECG Al-guided screening for low ejection fraction
(EAGLE) study, Yao and colleagues?” demonstrated the utility of an Al
algorithm employing the 12-lead ECG for the early prediction of low EF
within a primary care practice. The study design demonstrated rapid
enrollment of software-based interventions (over 23,000 patients in
8 months) with a modest budget. This innovation significantly improved
the diagnosis of low EF when compared to routine clinical practice.?®
Across 120 primary care teams distributed across 45 clinics and hospi-
tals, the control group exhibited a low EF diagnosis rate of 1.6%,
whereas the intervention group, which employed the Al algorithm, re-
ported a 2.1% diagnosis rate, with similar echocardiography use.These
results underscore the effectiveness of Al-based algorithms using ECGs
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in enabling the early diagnosis of low EF within primary care settings.
The AI-ECG has received FDA approval for screening for LV dysfunction.

Beyond primary care,other studies have explored the application of
Al algorithms for low EF detection in clinical and ambulatory settings
using advanced ECG monitoring devices, such as stethoscopes with
integrated ECG electrodes for ECG acquisition during physical exami-
nations and wearable smartwatches that allow patients to record their
own ECGs.2%3 A study involving 100 patients undergoing echocardiog-
raphy revealed that the Al algorithm applied to ECGs recorded from an
ECG-enabled stethoscope reliably detected low EEwith an area under
the curve (AUC) of 0.91 for EF less than 35%,0.89 for EF less than 40%,
and 0.84 for EF less than 50%. Similar results were found using the
stethoscope in 1050 primary care patients seen in the UK NHS.%

A prospective evaluation applying the Al algorithm to single-lead
ECGs acquired from a smartwatch demonstrated the impact on clini-
cal trials. Patients who had been seen at Mayo Clinic were remotely
enrolled, resulting in inclusion of 2454 unique patients from 46 US
states and 11 countries in 5 months, who transmitted over 125,000
ECGs acquired in nonmedical environments. The watch ECG had an
AUC of 0.89 for identifying patients with an EF less than 40%. These
trials affirm that Al-based algorithms for predicting low EF can be ex-
tended to nontraditional ECG sources, acquire signals in nonmedical
environments, be assessed using inexpensive, novel study designs, and
accurately identify patients with undiagnosed cardiomyopathy,even in
the absence of symptoms.

ARTIFICIAL INTELLIGENCE-ENABLED EARLY
IDENTIFICATION OF ATRIAL FIBRILLATION

Among patients with undiagnosed AF early identification, particularly for
those at increased stroke risk, is critical. The BEAGLE study processed
stored sinus rhythm ECGs from patients previously seen at Mayo Clinic
with no known history of AF to screen for Al-detected silent AF Patients
were then contacted and offered a 30-day monitor if they had a high
CHADSVASC score.Among 1003 patients recruited from across the United
States, those with a high-risk AIFECG for silent AF were more likely to expe-
rience AF during monitoring than those with a low risk (odds ratio ap-
proximately 5) or than those undergoing usual care. These data indicate
that an Al-guided targeted screening approach can significantly increase
the yield of AF detection and thus improve effectiveness of screening.

ARTIFICIAL INTELLIGENCE-ENABLED EARLY DETECTION
OF HYPERTROPHIC CARDIOMYOPATHY

The PIONEER-OLE trial studied the efficacy of mavacamten in patients
with HCM (see Chapter 62).32 As extension of this trial,an Al algorithm was
applied to ECGs from all patients enrolled (N = 13) who were matched
against control patients (N = 2600) in a 1:200 ratio.The AIECG algorithm
to detect HCM was then applied to all ECGs for patients treated in the trial
to assess association with the hypertrophic state.To discriminate patients
with HCM from those without at baseline, the algorithm yielded an AUC
of 0.94,comparable to previous retrospective data underscoring the ability
of the AI-ECG to identify patients with HCM, and to distinguish them from
patients with hypertensive heart disease. Interestingly, among treated pa-
tients, the HCM score provided by the AI-ECG algorithm (higher score =
higher likelihood of having HCM) decreased over the course of treatment
(mean reduction >40%).These mirrored clinical changes in terms of re-
duction of LV outflow tract gradient and N-terminal pro-brain natriuretic
peptide (NTproBNP) levels.This study not only highlighted the accuracy
of the AFECG algorithm but also demonstrated that it could assist monitor-
ing over time the disease state of patients with HCM.

ARTIFICIAL INTELLIGENCE DISEASE DETECTION IN
SPECIAL POPULATIONS

With the increasing application of AI-ECG screening in the general
population, increasing focus has also been paid to applications in
special populations. For example, pregnant females or patients under-
going chemotherapy may have an increased risk for developing car
diomyopathy. However, routine echocardiography is time and labor
intensive and often not performed. Moreover,many of the symptoms of
pregnancy—edema, dyspnea, exercise intolerance—may mimic those
of cardiomyopathy. Thus, early screening with inexpensive, safe, and
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(A) Electrocardiogram acquired from a 35-year-old asymptomatic male who presented after his sister died suddenly, read as normal. An AI-ECG algorithm reported
a 76% probability of having a low EF. Subsequent echocardiography demonstrated an EF of 18%. He was ultimately diagnosed with familial dilated cardiomyopathy. (B) Left,
ECG from a 28-year-old male, read as normal. The AI-ECG algorithm indicated a high probability of an EF less than 35% (positive test). Echocardiography at that time reported
an EF of 50%, suggesting a false positive. However, the patient developed ventricular dysfunction, with an EF of 31% 5 years later. In some patients, the Al algorithm may be
identifying subtle features that may predict future development of low EF. This raises the concept of disease “previvors,”
changes affecting ion channels and electrical impulse generation before mechanical function is affected, although the mechanism remains unproven. Right, The increased risk
for developing left ventricular dysfunction with a positive AI-ECG screen for ventricular dysfunction.

and in this case may result from pathophysiologic
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FIG. 10.2, cont'd (C) Plot of the AECG outputs for all of the ECGs for an
individual patient, taken from the Mayo Clinic Cardiology Al-Dashboard. Each point
on the graph is generated by a single ECG, with the abscissa indicative of the date of
the ECG, and the ordinate the probability of ventricular dysfunction. The patient had
dilated cardiomyopathy, and confirmed low EF (red points, left of 2005 on the graph).
He received a cardiac transplant, with normalization of his EF, and subsequent low
probability of low EF by AI-ECG (blue points). In 2020 he experienced rejection and
ventricular dysfunction, identified by the AI-ECG (red points at 2020). Al-ECG,
Artificial intelligence—electrocardiography; BPM, beats per minute; EF, ejection
fraction. (B, right, from Attia ZI, Kapa S, Lopez-Jimenez F, et al. Screening for cardiac
contractile dysfunction using an artificial intelligence-enabled electrocardiogram. Nat
Med. 2019;25:70-74.)

rapid tests, such as the AIFECG, may offer particular value in these
populations. Clinical trials of pregnant females and of patients under
going chemotherapy have demonstrated that the AIFECG algorithm
used to detect low EF was highly accurate (similar to findings in the
general population) in identifying those with a low EF and better than
traditional approaches such as using natriuretic peptide levels or a
multivariable model consisting of demographic and clinical parame-
ters (AUC 0.92 for EF =35%,0.89 for EF <45%,0.87 for EF <50%).%

In summary, clinical trials provide a rubric for how to assess Al algo-
rithms in terms of their utility in clinical practice. Additionally, they
have demonstrated how pragmatic trials of software as a medical de-
vice (SaMD, further discussion later) enable rapid and inexpensive
assessment of AI-ECG tools.In aggregate, the AI-ECG algorithms demon-
strate a robust ability to maintain accuracy even when applied to
nontraditional ECG platforms (e.g., single-lead ECGs obtained via a
smartwatch or ECG-enabled stethoscope), as well as across different
populations in diverse geographies. Moreover, they can enable faster
and more precise diagnosis of disease among patients when applied
in routine practice, potentially influencing clinical practice change.

Image Interpretation, Point of Care

Ultrasound, and Procedural Guidance

The complex field of cardiac imaging has been a particular focus of
modern Al and ML work, in which ML has been used to improve image
acquisition, image quality, accuracy of interpretation, and enhancing
insights into cardiac physiology.

POINT OF CARE ULTRASOUND

Use of point-of-care ultrasound (POCUS) has increased bedside assess-
ment because of its ease of use and portability However, although the
technology has become readily available to many clinicians (both car
diologists and noncardiologists), image interpretation (e.g., to identify
ventricular dysfunction, major conditions such as a pericardial effusion,
regional wall motion abnormalities in the setting of myocardial infarc-
tion) requires substantial training and expertise. Al has shown value in
the accurate and rapid interpretation of images obtained at the bedside.
Compared with expert ultrasound readers, Al-assisted LV function as-
sessments or determination of inferior vena cava compressibility were
repeatable and comparable to formal transthoracic echocardiographic
measurements.?* In addition, the use of Al in POCUS can guide user
image acquisition by providing feedback and visual instruction as to
how to position and move the ultrasound probe. This results in greater
reproducibility in image acquisition among novice users.*

NUCLEAR CARDIOLOGY AND STRESS TESTING

Both ECG stress testing and noninvasive nuclear imaging are limited
by potential false-positives or false-negatives. The prognostic value of
both ECG stress testing and nuclear imaging depends on the patient-
specific pretest likelihood of disease and electrocardiographic,clinical,

(i) Probability of low EF
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perfusion, and functional variables. One study of over 2000 patients
suggested that Al models may surpass the diagnostic accuracy of
standard quantitative analysis and clinical visual reading for myocar
dial perfusion imaging (AUC of 0.83 with an Al model vs. 0.71 with
expert reader diagnosis of obstructive coronary disease).?” Further
more, deep learning approaches offer statistically significant improve-
ments in pervessel and per-patient detection of obstructive coronary
disease.!*

ECHOCARDIOGRAPHY

Several factors affect the clinical utility of echocardiographic images:
(1) skill related to image acquisition, (2) image quality,and (3) accu-
racy and consistency of image interpretation.®® Much work has fo-
cused on using Al approaches to facilitate remote training of unskilled
sonographers and for robot-assisted echocardiography, with results in
improving image acquisition similar to those seen with POCUS. Apply-
ing Al to facilitate image acquisition significantly improves diagnostic
process time when done in combination with telemedicine-enabled
cardiac consultation. Al embedded in the imaging tool recognizes im-
ages of diagnostic quality; thus, it offers immediate feedback to the
bedside imager (e.g., indicating an image is acceptable, or, if not, sug-
gesting specific maneuvers to acquire the desired image).

In addition to facilitating high-quality image acquisition, the scal-
ability of echocardiographic imaging suffers from the same limitations
as other imaging modalities—that is, the need for expert interpretation.
Several recent studies have suggested applying ML to echocardio-
graphic images can accurately ascertain several key variables (EE
chamber volumes, valve characterization). One recent global study
supported that Al-based analysis of EF minimized variability and in-
creased the statistical power to predict mortality when compared with
manual, expert analysis. Thus, such approaches, when applied broadly,
may permit rapid and accurate identification of disease and identifica-
tion of images warranting expert overread.®

In addition, Al approaches have the potential to address other as-
pects of ultrasound image acquisition, including image noise, poor
image quality,and enhancing risk prediction. In various areas of ultra-
sound imaging, use of ML improves image classification,detection,and
segmentation. Methodologic tasks ranging from optimizing imaging
quality through the segmentation and registration of such images may
be streamlined using integrated Al algorithms.*!

COMPUTED TOMOGRAPHY AND MAGNETIC
RESONANCE IMAGING

Similar to echocardiography and nuclear stress imaging, the expertise
of the clinician interpreting the images presents a key limitation of
computed tomography (CT) and magnetic resonance imaging (MRI).
Several studies have suggested that Al approaches applied to cardiac
imaging can improve the consistency and accuracy of interpretation
of images. Beyond interpretation, Al approaches to image acquisition
may reduce the time required to obtain high-quality MRI and CT
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FIG. 10.3 (A) Example of serial electrocardiograms (ECGs) from a patient with no atrial fibrillation (AF) until 2019. Each dot on the plot on the top left represents an ECG,
and three representative ECGs from the plot are shown. Al analysis of the first ECG shown from 2008 does not indicate silent AF. The ECG from 2013 was acquired during
normal sinus rhythm (NSR), but Al indicates the presence of silent AF (AF present at other times), as did other ECGs afterward (shown as red dots on the plot). In 2019 AF was
finally documented clinically, as shown in the ECG. (B) Surface ECG lead Il (top left), intracardiac electrogram (EGM) acquired from interatrial septum (left, middle recording),
and EGM acquired from the coronary sinus (left, bottom tracing). Note the continuous fractionated signals recorded at the septum, suggestive of fibrosis, as opposed to the
discrete signals, separated by isoelectric intervals recorded simultaneously at the coronary sinus during AF. The structural changes, and/or transient repolarization changes before
or after AF episodes may lead to subtle changes on the ECG that are used by artificial intelligence—electrocardiography (AI-ECG) to determine episodic AF is present, although
the mechanisms by which Al determines the presence of AF from an ECG recorded during NSR is not known. LAA, Left atrial appendage; PVCS, premature ventricular
contractions.
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images while reducing motion or other artifacts. Further, Al can scale
and improve the speed of segmentation and reconstruction of data
from MRI and CT, as well as be useful for risk prediction,showing close
association with prognosis and mortality risk. Moreover, recent studies
have suggested that Al can be used to facilitate contrast-less myocardial
scar assessment, with the ability to virtually allow for scar quantifica-
tion and spatial assessment equivalent to contrast-enhanced-based
approaches. Recent reviews have summarized these benefits. 4243

Artificial Intelligence in Invasive

Electrophysiology

Application of Al to the electrophysiology (EP) laboratory has in-
creased.The areas of application range from preoperative integration of
data into the procedural arena (including integration of CT, MRI, echo-
cardiography, and noninvasive multielectrode ECG scar assessment
data) through real-time applications in the EP laboratory Much current
research is focused pre-procedurally on how best to tailor therapy to
specific disease phenotypes. For example, in persistent AE Al tools may
help leverage specific clinical and imaging variables to optimize deci-
sion-making regarding the appropriate approach (e.g., pulmonary vein
isolation, posterior wall isolation). The utility of deep learning specifi-
cally may also simplify and make more reproducible approaches to
computational heart modeling in the EP laboratory. This application in-
cludes aspects of real-time lesion assessment,identifying targets for abla-
tion, and facilitating understanding of endpoints. Further, the use of Al
may facilitate outcome prediction or allow tailoring of energy delivery
with newer energy sources based on the region targeted for ablation
(e.g., in thicker ventricular myocardium vs. thinner atrial myocardium
with pulsed field energy).*# The rich data sets and complexity of EP
procedures promise substantial value from Al tools, but development is
in an early stage and outcome trials are lacking.

Beyond the EP laboratory, evolving work is applying Al to under-
standing ion channel function and basic EPThis aspect is useful par
ticularly in genetic channelopathy, in which phenotypic expression
can be unpredictable with a given gene mutation and with uncertain
structure-function relationships. Optimizing pathogenicity prediction
may facilitate identification of drug targets or tailoring drug therapy to
specific disease types.**

Invasive Cardiac Angiography and

Hemodynamics

In the field of catheterization, beyond the pre-procedural character
ization, Al may help during the procedure to improve consistency of
interpretation of images acquired in real time to enhance interpreta-
tion of complex lesions. Thereby, ML and deep learning algorithms
may facilitate the appropriate choices in management.Recent studies
have suggested that, using ML approaches, fractional flow reserve and
lesion severity may be extracted from CT coronary angiography and
facilitate in-procedure decision-making regarding stent delivery.® As-
pects such as predicting stent size and length, likelihood of future
stenosis, and complex lesion characteristics (irregular lumen shape,
invasive fractional flow reserve from cinegraphic images), which
would traditionally require the use of additional tools (pressure wires,
intravascular ultrasound), represent areas in which Al may offer value
in interventional cardiology.*®*7 Further, increasing attention is being
paid to the role of Al in facilitating structural interventions such as
transcatheter valve repair. Al approaches may aid decision-making on
optimal placement of devices in patients to minimize risk and opti-
mize outcomes.*®

Hemodynamic assessment presents another area for use of Al. Tra-
ditionally, hemodynamic evaluation entails invasive right heart cathe-
terization. Furthermore, interpretation of recordings requires expert
review to reach an accurate diagnosis.Al may help in the diagnosis of
complex hemodynamic issues. Additionally, Al can assess hemody-
namics via noninvasive tools such as ECG, auscultation, and other
multimodal sensors. Such approaches may facilitate real-time, nonin-
vasive assessment of hemodynamics.*?
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Natural Language Processing, Structured Data

Analysis, and Clinical Decision Support

Structured data elements readily available within the EMR enable
predictive analytics that can facilitate rapid, point-of-care decision
support. However, much of the EMR contains free text that requires
additional processing for data abstraction. Traditional rule-based ap-
proaches to extract clinical data from free text are prone to
misclassification because of the complexities of natural language
structure, and more sophisticated models are emerging as more reli-
able alternatives. These approaches may include hybrid training of
models using text vectorization and output tags (representation of text
mathematically) that are fed into ML models or even completely unsu-
pervised topic modeling. Further, with the advent of generative Al ap-
proaches, a system could read and “learn” from free text charts and
provide free text responses based on the contained data.The ability of
generative Al to recognize complex language patterns by comprehen-
sively assessing all available documentation may permit improved
accuracy in capturing potentially ambiguous diagnoses or to under
stand better care patterns and thereby build clinical decision support
systems aligned with a specific patient’s condition.>

Risk Scores (Deep Phenotyping)

Structured and unstructured patient data within EMRs offer an opportunity
to generate risk scores and characterize patients on a large scale. Deep
phenotyping approaches employ a hybrid deep learning model structure
to distill the relationships hidden in the data.This may include models that
transform event structures into deep clinical concept embedding and use
recurrent neural networks to predict outcomes over time. Alternatively; le-
veraging generative Al may allow for integration of multimodal data to get
to more patientspecific assessment of risk. In the Atherosclerosis Risk in
Communities (ARIC) study, for example, an ML model outperformed all
available regression models, establishing improved risk scores for pa-
tients.5! In addition, one large-scale retrospective study using over three
million patient records demonstrated that both traditional statistical ap-
proaches and novel ML models can predict risk of AE? Similar approaches
can identify patients with heart failure (HF), predict risk of hospitalization,
diagnose diabetes and peripheral artery disease, and generally demon-
strate performance superior to that relying on structured data alone.’>5
Both supervised and unsupervised learning approaches and creating
repositories of such algorithms have garnered increased attention. For
example, public repositories of algorithms, such as the Phenotype Knowl-
edgeBase (PheKB), contain rule-based algorithms for medical conditions,
and many have demonstrated good performance when implemented
across different health systems.® More recently attention has focused on
more scalable approaches for algorithm development and application
using unsupervised learning approaches,such as via Phe2vec.”

IMPLEMENTING ARTIFICIAL INTELLIGENT
INTO CLINICAL PRACTICE

Al stands to increase the power of existing clinical tests and transform
many mundane accessories (e.g., stethoscopes, shirts, watches) into
sources of medically diagnostic information (eFig.10.2).Edge comput-
ing refers to processing signals at the site of data acquisition, limiting
transmission time and cost, whereas central processing provides
greater computation power. Hybrid approaches using sensors, smart-
phones,and central processing are emerging as well.

Several key issues need to be addressed as computational algo-
rithms are applied to clinical cardiology practice. Clinical standards
will need to ensure optimal and responsible approaches to testing and
validation of these algorithms. Concerns remain related to algorithmic
bias,such as diversity of the training datasets, selection of an appropri-
ate and specific training target (asking the right questions when train-
ing algorithms), how to best ensure that an algorithm will function
similarly on data acquired at a location different from where the initial
algorithm was developed (reproducibility), transparency, and model
explainability Furthermore, studies are needed to understand how best
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to optimize real-time, clinical implementation of Al-enabled alerts. For
example, Al algorithms that streamline data acquisition, interpretation,
and reporting may integrate more easily into practice. However,as such
algorithms become more embedded into health systems, the potential
for human oversight and correction may decrease. In turn, Al-managed
alerts that permit recognition of disease (e.g., detection of LV EF from
a 12-lead ECG) may not have substantial impact if not implemented in
such a way that physicians can react appropriately to the alert. A few
clinical trials have evaluated the clinical impact of Al algorithms, as
noted earlier. Al-guided screening proved superior to usual care in
identifying unrecognized AF?! A blinded, randomized trial comparing
sonographer initial assessment of LV function to automated Al initial
assessment showed an Al-guided workflow was noninferior and supe-
rior to sonographer assessment and was associated with improved ef-
ficiency in the clinical interpretation of echocardiograms.>®

Mayo Clinic has developed an Al Dashboard accessible via the EMR
that automatically ingests all clinical ECGs available in the EMR and
patient-recorded smartwatch ECGs transmitted to the EMR using a
Mayo Clinic ECG app.The dashboard displays multiple Al analyses in
an interactive, graphical format (Video 10.2; eFig. 10.3) to facilitate the
incorporation of Al-based results into an existing clinical process to
facilitate and improve patient care.?0>

Other key areas of consideration when implementing Al and ML into
clinical practice include how to allow continuous adaptation of the algo-
rithms to new data, associated regulatory implications, and how algo-
rithms and data should interact. Continuous exposure to new data,which
improves diversity of cases to which a clinician gets exposed, improves
clinical expertise.Similarly;systems that use Al algorithms will continue to
evolve in response to their correct and incorrect interpretations, strength-
ening the overall model over time. However, regulatory standards and
approval of adaptive algorithms may vary among countries.® The ques-
tion of how algorithms are practically and effectively deployed across
institutions or countries remains to be determined. Many algorithms re-
quire large computational resources (high energy and memory require-
ments) and can only operate in cloud-based systems. However, many
data frameworks impose restrictions on sending data to centralized
cloud-based servers.Supplying algorithms to individual institutions limits
the opportunity for continuous learning and leads to potential scalability
issues because of the availability of adequate computational power at
every local site. In addition, the use of cloud-based systems that allow
data to be sent to a centralized framework creates concerns regarding
data sharing and data privacy Edge computing, blockchain, and feder
ated learning technologies (defined later) individually and in combina-
tion provide potential solutions to scaling the use of Al in clinical care,
ensuring data privacy, and supporting clinical data sharing for develop-
ment and validation of novel algorithms. Edge computing allows for data
processing close to the source of data acquisition and is particularly
useful for near realtime data analysis and result generation, as well as
preserving data privacy®' Many novel digital devices are now equipped
with edge computational capabilities such as smartphones, smart-
watches, and biometric sensors. Blockchains are digital records or data-
bases in which multiple stakeholders have joint control of shared data,
data transfer is encrypted to protect data privacy, and the system is es-
sentially tamper proof.5? Federated learning trains Al algorithms in a de-
centralized manner, thus ensuring data privacy because sensitive clinical
data never leave the original location.% These options in addition to de-
velopment of new methods to ensure effective data sharing while ad-
dressing privacy concerns will need to be incorporated into health care
systems to allow patients to benefit equitably from Al algorithms.

REGULATORY APPROVAL OF ARTIFICIAL
INTELLIGENCE- AND MACHINE LEARNING-
BASED SOFTWARE AS A MEDICAL DEVICE

Any software “intended to treat, diagnose, cure, mitigate or prevent
disease” is considered software as a medical device (SaMD) and clas-
sified based on associated clinical risk to patients and intended use.®
The FDAs approval process for traditional medical devices was not

originally designed for adaptive Al and ML technologies, and these
technologies were initially being evaluated as static or “locked” algo-
rithms (that do not change with time) using the SaMD framework, and
any changes to the algorithm had to undergo premarket FDA review.
However, a newer regulatory framework initially proposed in 2019 in-
corporates modifications to the Al/ML-based SaMD approval process.
An action plan was also published in 2021 regarding the FDAS role in
the development and regulation of Al/ML-based technologies®” and
highlighting key issues to consider, such as AI/ML best practices, in-
cluding transparency, identification and mitigation of algorithmic bias,
and real-world data collection/evaluation of model performance.’
This document also acknowledges that with rapid advancements in
Al/ML-based SaMD, its regulatory processes would need to evolve
continuously. The European commission established an expert group
to develop guidelines on trustworthy Al, which was published in 2019
and subsequently identified, based on feedback, that requirements
related to transparency and human oversight were not explicitly cov-
ered in existing regulatory processes,% and steps were put in place to
revise the guidelines. In keeping with the FDA, the European Commis-
sion also supports flexibility in the regulatory framework to allow for
modifications as Al technologies evolve. The FDA has also partnered
with Health Canada and the United Kingdom in establishing key guid-
ing principles for good ML practice for medical device development.5?

PITFALLS AND LIMITATIONS OF ARTIFICIAL
INTELLIGENCE IN CARDIOVASCULAR
MEDICINE

Despite the immense promise of ML,a number of considerations have
impeded its development and require addressing. Before neural net-
works can be trained, data must be accessed in a usable format, and
for many forms of ML, clearly labeled. This requires subject matter ex-
perts as well as technical experts. Data ownership remains an unre-
solved issue, particularly with patient data. Use of an individual’s data
in ML exposes them to risk of loss of privacy, and at the same time a
third party may yield financial benefit, raising potential conflicts of
interest. The training of many networks requires large quantities of
data, often necessitating accumulation of data from more than a single
institution,again with concerns relating to privacy and data ownership.
There is currently a lack of well-established quality standards or a
centralized clearinghouse for vetted technology.

Deep learning can make deep connections within data but can
only learn from data that it encounters. Any preexisting biases or situ-
ations excluded from the training set may lead to unreliable results
when fed into a clinically used network. Examples have included a
higher rate of misidentification of Black versus White populations in
facial recognition software. In the medical field, false associations
could lead to a prediction of increased mortality because of zip code,
socioeconomic status,and other nonmedical correlates.

Generative Al,a subset of Al models, has its own pitfalls.These mod-
els can sometimes produce “hallucinations;” generating outputs that
appear real but are incorrect.Even if a generative Al is set to only frame
structures and incorporate userinput or trained data, such hallucina-
tions might arise. This is especially problematic when the generated
output seems convincing but is fundamentally flawed or baseless.
Additionally, these models have debatable ability to de-identify them-
selves. Given their capacity to recall patterns, there’s a tangible risk
they might inadvertently memorize and reproduce specific training
data, posing privacy concerns.

Neural networks have undergone adversarial attacks in which pixels
are modified in an image with no visible effects to a human observer,yet
with complete change in classification and network output (Fig. 10.4).
Such attacks could lead to misclassification or misdiagnosis and raise
questions about the lack of understanding of the mechanism of network
classification.”™ This leads to the black box issue in that the components
of a signal used by a network to make its determination are not known
to humans, raising concerns about their broad-spread deployment.
Careful clinical testing and vetting can mitigate this concern.
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FIG. 10.4 Examples of adversarial attacks on
neural networks. An electrocardiogram (ECG)
(blue tracing) is correctly classified as being ac-
quired from a male by a neural network. The
addition of subclinical noise to the signal (orange
tracing) leads the network to misclassify the trac-
ing as belonging to a female, despite the ab-
sence of significant change to a human observer.
The images below the ECG depict similar adver-
sarial network attacks against a network de-
signed for image classification. The addition of
apparent noise results in no visible change to a
human observer, but misclassification of a panda
as a gibbon by the network, as well as a similar

disruption using a different image. “Bus”

The adoption of Al tools in clinical practice requires physician en-
gagement and thoughtful assessment of workflow and implementation.
Technology-driven solutions (e.g.,many EMRs) in some cases have para-
doxically led to physician burnout,resulted in patient dissatisfaction,and
failed to fulfill their promise. Careful attention to user interfaces, patient
and physician use requirements, meticulous validation, and outcomes-
based observations will be essential to permit Al to improve clinical
medicine.Early experience with large language models and their easy-to-
use interactive nature hold promise for overcoming the user frustrations
encountered with traditional systems, but their limitations (including
hallucinations and occasional false information),are not fully addressed.

WEARABLES AND ARTIFICIAL INTELLIGENCE
IN CARDIOVASCULAR MEDICINE

Wearable technologies (wearables) include a variety of electronic devices
with sensor capabilities that can be worn on the limbs or torso (watches,
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rings, bands), affixed to the skin, or as apparel (garment or shoes)’'; see
elig. 10.2).This approach permits continuous acquisition of large volumes
of data, which are often acquired in noisy environments. Al inherently en-
ables extraction of potentially clinically usable data.See the online version
of this chapter for additional discussion on wearables and Al.

NEW DIRECTIONS

Al'in CV medicine is poised to revolutionize the field in several promis-
ing directions. Numerous sources of physiologic signals can detect the
earliest changes in physiology and homeostasis that have yet to be
meaningfully tapped. Intrinsic signals include ECG, voice, sweat, static
images,and video of various body parts (fundi, nail beds), whereas ex-
trinsic signals include assessment of the energy that interacts with a
body (e.g., ultrasound, CT, MR, another human obtaining a history;
Fig. 10.5). Al analysis has the most power when applied to raw, unpro-
cessed data, as each step of the processing removes data before a
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FIG. 10.5 Biologic signals that can be processed by artificial intelligence (Al) to extract meaningful medical information by Al tools. On the left are depicted intrinsic signals,
those created by the human body, such as electrocardiogram (ECG), voice, and others (perspiration, eye motion, etc.). On the right are shown extrinsic signals, those generated
by interrogating the human body with an energy form such as magnetic resonance imaging (MRI) computed tomography (CT), or echocardiogram (Echo) and analyzing those
signals or by another human obtaining a history and making observations. Intrinsic signals tend to be more data dense and smaller, facilitating analysis, whereas extrinsic signals
result in larger data size, but exquisite detail. Raw signals are filtered to create images, which are interpreted to generate reports. At each step, data are lost so that analysis of
raw signals generally is more powerful than analysis of reports in the electronic medical record (EMR). H&R, History and physical examination.

report enters the EMR. Voice is a particularly rich signal, because its
generation depends on innervation, vascular supply, lung function, and
the synthesis of multiple systems. Early findings indicate voice analysis
detects coronary artery disease, pulmonary hypertension, and AE
among other conditions.Voice includes language-dependent (meaning
of the words a person is speaking) and language-independent (cepstral
analysis) components, both of which are rich in physiologic data.” In
aggregate Al, application to these signals enables exquisite phenotyp-
ing to further support early disease detection and genetic analysis.

Large language models can capture vast troves of information and
respond to queries.These can be coupled to voice information,but also
fundamentally transform a patient’s and clinician’s interaction with the
EMR, and aid in rapid acquisition, identification, and assessment of
specific medical knowledge. Patients will be greatly empowered to un-
derstand their disease and rely on clinicians for judgment, experience,
empathy, and human touch to a greater extent. Patient reliance on a
clinician’s detailed medical knowledge of every available therapy may
be mitigated. Their effective use in medicine requires elimination of
hallucinations as described previously These efforts remain early.

Integration of current Al, new physiologic signals, large language
models, and wearable sensors stands poised to transform medicine
from episodic evaluations of disease to continuous assessment of
health and changes in homeostatic physiology These tools are already
starting to empower personalized medicine, by providing rich and
deep phenotyping, to better allow interpretation of genotype.The ap-
plication of Al to genetic information is in its infancy.

Furthermore, Al is expected to enhance predictive modeling in cardi-
ology;, allowing for better risk stratification and prevention strategies. By
analyzing large datasets, Al can identify patterns and predict the likeli-
hood of future cardiac events, aiding in preventive care and resource
allocation. Additionally, the integration of Al with wearable technology
will enable continuous monitoring of patients’ cardiac health, providing
real-time data that can inform prompt adjustment of treatments. Overall,
the incorporation of Al into CV medicine promises to enhance patient
care,improve health outcomes, and streamline health care delivery. But
challenges remain, as noted previously, including data privacy, potential
errors, patient access, regulatory approaches and prospective assess-
ment of these powerful new tools. They stand poised to change how
health care is delivered, challenge the traditional roles of the physician
and patient, affect reimbursement, and influence what resources are re-
quired, introducing great hope but also uncertainty and rapid change.

CONCLUSIONS

In summary, the application of ML to physiologic data promises to
transform the practice of medicine. Many Al algorithms will be in-
tegrated into devices used by clinicians (including the EMR); oth-
ers may be stand-alone tools. Although Al is unlikely to replace
physicians, physicians who use ML tools will likely supplant those
who do not. Much like the ECG at the turn of the century or the
echocardiogram several decades ago, ML offers new ways to peer
into the body to assess its current state, more accurately gauge its
future state, and thus work to improve the human condition. The
use of earlier disease detection using Al-empowered tools embed-
ded in clinical and nonclinical environments, coupled with striking
advances in therapies that modify risk factors and treat disease
promise to bend the arc of CV morbidity and mortality and have an
impact on human longevity. But substantial work remains to con-
firm, vet, and validate these powerful new tools and to update and
vitalize the regulatory, societal, privacy,and economic implications
of their implementation.
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