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Human beings have always resisted change 
which stems from fear. In 1760, we feared 
the industrial revolution would replace our 
jobs. A t that time, as technological and scien-
tific advances unfolded, it quickly became 
apparent that industrialisation permitted 
mass production, consistent quality and timely 
delivery for a growing population. Ultimately, 
it generated jobs. Today, we encounter similar 
reservations revolving around artificial intel-
ligence (AI) and machine learning (ML). 
There is concern it will replace physicians. 
On closer inspection, both AI and ML will 
enable practitioners to streamline and tailor 
patient care, allowing for more efficacious, 
facile and individualised preventive measures 
for the population at large (figure 1).

In their article, Sarraju et al describe a 
model designed to further risk stratify indi-
viduals of multiethnic origins with estab-
lished atherosclerotic cardiovascular disease 
(ASCVD).1 Data were extracted from the 
electronic health record. Logistic regression 
reported the Thrombolysis in Myocardial 
Infarction Risk Score for Secondary Preven-
tion (TRS 2°P) from the area under the curve 
of the gradient boosted models (XGBoost). 
Interestingly, they included women, Asians, 
Caucasians and Hispanic populations from a 
pool of 32 192 of whom 23 475 had ASCVD. 
At 5 years of follow-up, 4010 patients (12.5%) 
sustained a new ASCVD event. The ML model 
outperformed the standard TRS 2°P risk 
scoring. In addition to the conventional risk 
factors, the variables with the highest predict-
able value determined by XGBoost included 
prior ASCVD and non-traditional risk factors, 
like education and socioeconomic levels. 
Similarly, other ML studies (Reduction of 
Atherothrombosis for Continued Health and 
Second Manifestations of Arterial Disease) 
reported consistent performance throughout 
the cohort in weeding out residual risk 
in those with established cardiovascular 
diseases.2 3 Nevertheless, it is essential to 

recognise the limitation of these models in 
younger lower-risk populations without prior 
ASCVD.

Factoring age into algorithms is consistently 
challenging, particularly as we recognise the 
value of lifetime risk reduction in preventive 
therapies. Jonas et al performed a post hoc 
analysis of 303 patients from the CREDENCE 
trial referred for coronary angiography 
followed by cardiac CT (CCTA).4 5 This 
analysis was blinded, and core lab was adju-
dicated. Using quantitative coronary angiog-
raphy, obstructive (>50%) or non-obstructive 
(<50%) lesions were stratified. In addition, 
AI software quantified plaque volume (PV), 
low-density non-calcified plaque (LD-NCP), 
non-calcified plaque (NCP), calcified plaque 
(CP), lesion length from the CCTA images. 
AI was able to characterise the obstructive 
disease and non-obstructive disease and 
report the results by age. Patients older than 
65 years were more likely to have CP. Younger 
patients had more %PAV (LD-NCP) (1.5% 
vs 0.7%, p<0.038). Younger patients had 
more PV, LD-NCP, NCP and longer lesions 
in obstructive disease than a non-obstructive 
disease. Understanding disease patterns 
permits the selection of appropriate invasive 
strategies for obstructive lesions and intensi-
fying preventive strategies often neglected in 
younger patients. Figure  2 summarises the 
trials reporting patterns of atherosclerosis in 
different subsets.

There are examples of successful clinical 
applications of AI across many disciplines. 
Although D’Costa and Zatale6 focus on the 
role of AI in the discipline of cardiology, 
they present a brief introduction to AI prin-
ciples and a sound, concise overview. The 
concept of deep learning (DL) is compared 
with how we as humans think by using our 
‘neural network.’ Going beyond the use of 
algorithms, data input is processed through 
multiple layers, each consisting of algorithms 
that produce output that is processed further. 
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DL is clinically applied to detect and classify arrhyth-
mias. Furthermore, the advancement in natural language 
processing means that information is now extracted 
from clinical notes, imaging reports, laboratory results 
and real-time vital signs. This pool of data is the basis of 
AI application in critical care predictive analytics. Fore-
casting patient deterioration with multidimensional 
algorithms allows clinicians to identify risk and under-
take interventions with the possibility of changing the 
course of the disease. With the advent of ML, predictive 
patient trajectory models prove more accurate than early 
warning scores, which lack specificity. For example, ML 
models can generate more precise predictions in central 
line-associated bloodstream infections, which infection 
control experts use to tailor management for high-risk 
patients. AI is also used in specialised critical care units 
such as neurointensive care to predict seizures. AI helps 
identify patients expected to require prolonged respi-
ratory support, so management, including the timing 
of tracheostomy and weaning plans, is personalised 
accordingly.7 In the paediatric intensive care field, auto-
mation of image analysis has been reported to identify 
pneumonia infiltrates correctly from healthy lungs with 
more than 90% sensitivity and 100% specificity when 
lung ultrasound images were processed through a neural 
network algorithm.8

Figure 1  Central illustration and the utility of AI and 
machine learning in medicine. AI, artificial intelligence.

Figure 2  Summary of the most relevant trials reporting 
patterns of atherosclerosis. ACS, acute coronary syndrome; 
CAD, coronary artery disease; CCTA; cardiovascular 
computed tomography angiogram; CV, cardiovascular; MI, 
myocardial infarction; PAD, peripheral arterial disease; PCI, 
percutaneous coronary intervention.
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As mentioned previously, machine-assisted advances 
have many clinical implications in critical inpatients 
and stable outpatients. For example, the clinician can 
implement intensive prevention with statin therapy or 
proprotein convertase subtilisin/kexin type 9 inhibi-
tors. Moreover, they serve as a tool to detect weaknesses 
in currently instated prevention programmes requiring 
improvement. Finally, they are a gateway to new research 
that can cross-reference risk factors, identify new risk 
factors and report the efficacy of preventive therapies in 
target populations. The Multi-Ethnic Study of Atheroscle-
rosis has unequivocally revealed the ethnic differences 
concerning coronary artery calcium scoring (CACS).9 
Eng et al previously reported the utility of ML in auto-
mating CACS from routine non-gated chest CT scans, 
thus allowing screening of a larger population than 
what individual clinics or practitioners can evaluate.10 
AI and ML will enable healthcare systems to accurately 
screen patients at risk, adopt new prevention strategies, 
and refine existing ones tailored to specifically targeted 
populations, whether by age, ethnicity or geography. 
Eventually, they may generate new and more jobs in 
public health, prevention and research in many areas of 
medicine.
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