@ESC

European Society doi:10.1093/ehjdh/ztab015
of Cardiology

European Heart Journal - Digital Health (2021) 2, 135-136

EDITORIAL

The role of machine learning in the early
detection of cardiovascular disease in a

community setting

Peter M. van Dam'?

1Car‘diology Department, Utrecht University Medical Center, Weiland 38, 2415 BC, Nieuwerbrug aan den Rijn, Utrecht, The Netherlands; and 2ECG Excellence, Nieuwerbrug,

The Netherlands

Online publish-ahead-of-print 5 February 2021

This editorial refers to ‘ECG machine learning for detec-
tion of cardiovascular disease in African Americans: the
Jackson Heart Study’ by J.D. Pollard et al., on page 137.

Cardiovascular disease (CVD) is often a slow progressing disease
and when neglected for a longer time could cause severe heart failure
or even a fatal heart attack. The early detection of CVD is crucial for
prevention beneficial for both the patient and the healthcare system.
Regular screening would be fundamental to reach this goal
However, access to healthcare is sometimes limited which is empha-
sized currently with the COVID-19 pandemic, even resulting in a
new class of patients at increased CVD risk."* One of the most used
screening tests to detect CVD is the electrocardiogram (ECG). The
ECG as a diagnostic tool provided an instantaneous image of the elec-
trical function of the heart in which also possible mechanical prob-
lems are reflected. In the study performed by Pollard et al,® the
potential added value of machine learning analysing ECGs for the
screening of CVD in a community setting is investigated.

That the ECG can be collected and analysed in a local community
setting might have a significant impact on the early detection of CVD,
although the best model showed a modest 70% detection accuracy.
To apply this at the local barber shop provides patients with a low-
cost easy access for which you normally must go to a hospital. This
study also shows that using an easily derived ECG parameter like the
QRS-T-wave angle is useful for the screening of CVD. However, to
compute the QRST angle you must perform a 12-lead ECG record-
ing. To apply the 12-leads following the standard procedure can be
challenging. Misplacement of the electrodes will result in measure-
ment errors reducing its accuracy. Even in the day-to-day clinical
practice acquiring 12-lead ECG’s by dedicated staff, the electrodes
are frequently misplaced.* To enable the full diagnostic potential of
the ECGs at a low-cost non-hospital setting, the data collection needs
to be performed by non-experts. To make sure that the electrodes

are accurately placed or that the ECGs are analysed by algorithms
that can correct for this, the following solutions could possibly be
implemented:

(1) Applying a mobile phone.>® The camera of the phone can monitor
the electrodes positioning process and guide the local person for
the correct placement. This reduces the training of personnel and
improving the diagnostic accuracy of the ECG.

(2) Additional algorithms might be able to detect and correct for lead
misplacements. For this purpose, machine learning algorithms can
be applied, Rjoob et al.”

(3) The ultimate solution would be to develop diagnostic algorithms
that can withstand measurement errors or by taking into account
the patient’s physique. Age can be used as an indication to define
the physique used in the CVD risk prediction model described in
the study by Pollard et al® Other factors that can increase accuracy
and sensitivity may be related to optimal electrode placement on
the chest while taking body build into account. This could be
extracted if cameras were used in the data collection process.
Because of the different nature of the patient’s data sources, ECG
signals, and image data, machine learning algorithms are ideally
suited to extract the accurate data to screen for CVD risk.

Ultimately, the screening process within a community setting
should result in an advice to see a cardiologist or maybe to support a
pharmacist-led CVD management. Because of the low threshold to
get a diagnostic ECG measurement within the community environ-
ment, they can also collect the ECGs over time. We can again use
machine learning algorithms to accurately track patients based on the
acquired ECG and image data,® see the community setting workflow
figure (Figure 1).

Machine learning thus might be essential to guard and improve the
screening process of CVD at an easy accessible level within a com-
munity. The last step of how such a diagnostic path would fit within
the current healthcare systems needs to be further evaluated once
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Figure I Community setting workflow of the cardiovascular risk assessment. The electrocardiogram recording can be monitored by a camera.
The recording process is evaluated by machine learning algorithms taking the input from multiple inputs, like the electrocardiogram and derived
parameters like a QRST angle, camera, but also weight might be added here. Once verified the cardiovascular disease risk is estimated by a machine
learning network using all input data, resulting in an advice on the cardiovascular disease risk.

we have established the accuracy of the screening methods. The
study by Pollard et al.® provides a first step.
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