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Using a deep learning algorithm to score
coronary artery calcium in myocardial perfusion
imaging: A real opportunity or just a new hype?

Jan Stassen, MD,a,b Pieter van der Bijl, MD, PhD,a and Jeroen J. Bax, MD, PhDa,c,d

a Department of Cardiology, Leiden University Medical Center, Leiden, The Netherlands
b Department of Cardiology, Jessa Hospital, Hasselt, Belgium
c Department of Cardiology, University of Turku and Turku University Hospital, Turku, Finland
d Department of Cardiology, Heart Lung Centre, Leiden University Medical Centre, Leiden, The

Netherlands

Received May 5, 2022; accepted May 5, 2022

doi:10.1007/s12350-022-03009-1

See related article, pp. 239–250

Ischemic heart disease is still the leading cause of

death worldwide.1 Functional testing, including

myocardial perfusion imaging with positron emission

tomography (PET), remains the preferred method to

evaluate coronary artery disease and is often recom-

mended to risk-stratify and identify patients with

ischemia before considering invasive coronary angiog-

raphy.2,3 However, with the increasing referral of

patients at low to intermediate risk, the diagnostic and

prognostic value of functional testing is declining.4

Coronary artery calcium (CAC) scoring, a surrogate for

coronary atherosclerotic plaque burden, may provide

additional prognostic value over functional testing in

these low to intermediate risk patients who are asymp-

tomatic or present with new-onset chest pain.5,6 In

clinical practice, a PET scan for myocardial perfusion

imaging is preceded by a non-ECG triggered low dose

computed tomography (CT) scan for attenuation cor-

rection of the data. Previous studies have shown that

CAC scoring is feasible on almost all diagnostic, non-

contrast CT scans.7 Assessment of CAC from these low

dose CT scans could therefore provide additional

information over myocardial perfusion imaging and may

improve risk stratification in lower risk patients. Tradi-

tionally, the CAC score is calculated manually, using the

Agatston scoring method.8 However, this method is time

consuming, preventing its widespread use in clinical

practice. Visual scoring (scoring CAC by ‘eye balling’)

and the use of artificial intelligence-based algorithms

with deep learning abilities (scoring CAC ‘automati-

cally’) are less time consuming and could therefore help

to facilitate the more widespread introduction of CAC

scoring after PET in clinical practice.9,10 However, the

accuracy of patients’ CAC scoring according to manual,

visual and automatic performance have not been com-

pared previously in patients receiving a low-dose CT

scan prior to myocardial perfusion imaging with PET.

In the current issue of the journal, Dobrolinska et al.

evaluated 213 patients undergoing a low dose CT scan,

prior to a 13N-ammonia PET scan for myocardial per-

fusion imaging.11 All patients also received an ECG-

triggered calcium scoring CT scan as the gold standard.

Both low dose and calcium scoring CT scan were scored

manually, visually and automatically in all patients. For

visual scoring, a 6-points risk scale (according to the

Agatston score) was used, whereas the automatic scoring

was performed with deep-learning software. Manual

scoring on the ECG-triggered, calcium scoring CT was

used as the reference. The authors found a strong cor-

relation between the automatic (weighted kappa 0.95,

95% CI 0.92-0.97) and visual (weighted kappa 0.88,

95% CI 0.85-0.92) scores on the cardiac scoring CT, and

the reference technique. In addition, all three scoring

methods (manual, visual and automatic) used in the low

dose CT, correctly identified patients with CAC, as

reflected by the high positive predictive values (100%

for all). However, none of the scoring methods reliably

excluded the presence of calcium, as reflected by the low
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negative predictive values (57%, 31% and 63% for

manual, automatic and visual methods, respectively).

The agreement of manual (weighted kappa 0.59, 95% CI

0.53-0.65) and automatic (weighted kappa 0.50, 95% CI

0.44-0.56) scoring on the low dose CT with the refer-

ence technique was low, whereas agreement of the

visual scoring on the low dose CT with the reference

technique was much higher (weighted kappa 0.82; 95%

CI 0.77-0.86).

The use of artificial intelligence with deep learning

algorithms in the field of cardiovascular imaging is

growing fast and it has the potential to be implemented

in standard clinical practice. However, with this

increased interest comes the risk of unrealistic expec-

tations and subsequent disappointment, especially when

this technology fails to deliver the expected results. The

current study of Dobrolinska et al indeed showed that

visual assessment outperformed manual, as well as

automatic analysis of CAC scoring in low dose CT

scans. However, instead of focusing on visual calcium

scoring in low dose CT scans, clinicians should learn

how to improve their knowledge of artificial intelligence

algorithms and understand what these algorithms need

for their successful implementation in different medical

settings. Indeed, machine learning algorithms are not a

magical solution, suitable for all clinical scenarios. Deep

learning algorithms are crucially dependent on the raw

input that is provided. The automatic method used in the

current study was trained on ECG-gated CT scans,

whereas non-gated CT scans were used for CAC scor-

ing. The lack of ECG-triggering increases the amount of

motion artifacts and decreases the accuracy to detect

calcium in the coronary system, especially when the

deep learning algorithm is not trained on this type of

data.12 This knowledge might at least partially explain

the discrepancy that was seen between this study and

others, which showed a better agreement between

automated CAC scoring on low-dose CT scans and the

gold standard (i.e., manual scoring on a calcium scoring

CT).13 Deep learning algorithms should also undergo

thorough internal and external validation, similar to all

other diagnostic algorithms, before being used in clinical

practice. Furthermore, the implementation of deep

learning algorithms is an ongoing process and training,

as well as the continuous input of more general data,

could certainly help to further improve their perfor-

mance in different clinical settings. Despite the low

agreement observed in the current study, the risk

reclassification did not vary by more than one risk group

in[90% of the patients and the high positive predictive

value of the automatic method demonstrated a correct

identification of patients with CAC. Taking the above-

mentioned limitations into account, these findings

highlight the potential value of deep learning algorithms

when used in the correct setting.

Although PET myocardial perfusion imaging cer-

tainly has value for the risk stratification of patients with

suspected coronary artery disease, this technique may

underestimate the cardiovascular risk in patients with

non-flow limiting atherosclerosis. The additional infor-

mation from CAC scoring on a low dose CT scan could

certainly help to improve the risk stratification and

change the behavior of patients with cardiovascular risk

factors who have a ‘normal’ functional test.14 Due to the

time consuming character of reading these scans man-

ually, we can only hope that the use of deep learning

algorithms will help to implement CAC scoring from

low dose CT scans into clinical practice. Recognizing

the appropriate setting and the current limitations of

artificial intelligence-based algorithms, as well as having

realistic expectations will certainly have an impact on

whether these novel developments will have a long-

lasting effect in this field of cardiovascular imaging.
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