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This editorial refers to ‘Preventing unnecessary imaging in

patients suspect of coronary artery disease through ma-

chine learning of electronic health records’, by L.M.

Overmars et al., pp. 11–19.

Introduction

In this issue of the Journal, Overmars et al.1 published a study entitled
‘Preventing unnecessary imaging in patients suspect of coronary artery
disease through machine learning of electronic health records’. They
developed algorithms trained on routinely available electronic health
records (EHRs), raw electrocardiograms, and blood samples data, to ex-
clude coronary artery disease (CAD) in patients prior to any other clin-
ical or instrumental assessment.1 They conclude that their algorithm has
a very high negative predictive value for the exclusion of CAD (0.96/
0.97 based on anatomic modelling and 0.75–0.92 based on functional
modelling—i.e. ischaemia imaging) and the expenses of a very low speci-
ficity. Their effort in modelling is quite impressive and provides interest-
ing insight into the topic of alternative diagnostic approaches. There are
some issues with the study which are fairly and properly mentioned and
addressed by the authors; mostly they have to do with the quality and
quantity of the data available for the modelling in the first place.

Discussion

A massive amount of scientific resources has been devoted in the
past decades towards the creation and improvement of tools for the
stratification of individuals and patients with suspected or known
CAD. However, over the years, there has always been the practical
observation that all models that have been developed and imple-
mented were not delivering the expected performance in every day
clinical routine. At the same time, there has been raising awareness
that risk stratification is an epidemiological concept and tool, hence, it
does not work for diagnostic purposes; this was probably one of the
seeds for the concept of personalized medicine. The risk of being sick

is different from actually being sick, even though in a very early and
pre-clinical phase of the disease.

In this landscape, there is also a progressively deeper awareness of
the costs of healthcare which leads to the search for newer and smar-
ter approaches.

Massive dataset available for each individual or patient (EHRs) may
open the possibility for risk stratification but also for early or very
early diagnosis. And yet again we should be very clear: risk is not dis-
ease. Approaching diagnosis as we approach risk stratification is prob-
ably wrong.

Therefore, we should talk about ‘Pre-Diagnosis’, and Pre-
Diagnostic(s) as the field in which we study methods for diagnosing a
disease in a very early phase (Figure 1); and what we normally address
as risk factors should be substituted by disease factors.

The availability of a multitude of structured and unstructured EHRs
represents an opportunity for the implementation of innovation and
offers new chances for the development, monitoring, evaluation, and
control of decision-making processes and the implementation of new
policy strategies.

In the last decade, the widespread availability of machine learning
(ML) and artificial intelligence (AI) tools, associated with increasing
computational power, has boosted the attempt to further improve
this field of research based on the capability to feed AI algorithms
with massive amount of data.

Unfortunately, we still rely very much on the advancement and
performance of ‘conventional’ diagnostic tools and algorithms.

The first objective which may have a significant impact in Pre-
Diagnostic field may be to identify individuals with no disease and sep-
arate them from the rest of the population.

Semi-automatic data management algorithms are therefore desir-
able to streamline decision-making procedures, reduce subjective
evaluation errors and ensure a balance between the cost and benefit
of decision-making procedures.

Existing models of obstructive CAD by the European Society of
Cardiology (ESC)2–4 or the American Heart Association (AHA)5

postulate a logistic regression model of relatively few traditional
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..disease predictors. Despite the reported good performance of such
parametric regression models, a systematic review demonstrated
poor external validation and head-to-head comparisons, poor
reporting of their technical characteristics as well as variability in out-
come variables, predictors and prediction horizons, which limits their
applicability in evidence-based decision-making in healthcare.6

Moreover, the increasing availability of large data sets and the highly
improved computational power, seem to have directed large part of re-
cent research towards model development rather than model validation7;
in other words, we have several models with little or no validation.

Machine learning and AI could be used for this purpose by enabling
the identification of the most informative features from big data,
which now are becoming available, incorporating several features,
ranging from clinical examinations and lab tests to advanced analytics
such as lipidomics, proteomics, and genomics.8

Furthermore, recent computational models could be used as prog-
nostic tools or as treatment tools in the case of implementing com-
putational biomechanics models of virtual stenting applications.9,10

Although advanced imaging equipment (e.g. computed tomog-
raphy, magnetic resonance, nuclear medicine equipments, and so
forth) manufacturers provide analysis software able to collect several
qualitative/quantitative information, to the best of our knowledge,
there is no clinically validated platform available on the market that
has a clinical decision support system (CDSS) which integrates
imaging-based and non-imaging-based models.

Besides the computationally based CDSS systems, cyber-physical
systems in the form of point of care devices have been developed to
easily and cost-effectively measure biomarkers, which can be used
for the diagnosis of CAD. The bio-nanochip system measures several
biomarkers (for example in saliva and blood), offering diagnostic ac-
curacy equal to laboratory methods.11

To our knowledge, the only attempt to structure a complex
CDSS is H2020-SMARTool project (GA number: 689068).12 In
addition, plasma lipidomics may be a promising source of diag-
nostic and prognostic biomarkers in cardiovascular disease, ex-
ploitable not only to assess the risk of adverse events but also to

Figure 1 The figure shows the two different concepts of risk of coronary artery disease stratification (contemporary approach) and of Pre-
Diagnostic of coronary artery disease (forthcoming approach). Our current approach is based on constant modulation and re-modulation of risk of
coronary artery disease (in this case not of major adverse cardiac/cardiovascular events) until the treatment phase is achieved and this corresponds
to the concept of risk in the figure. The newer approach that may be allowed by adequate artificial intelligence-based models is the Pre-Diagnostic of
coronary artery disease with early exclusion of all individuals with no coronary artery disease and direct referral to coronary computed tomography
angiography; this is more consistent with a disease oriented medicine. AI, artificial intelligence; CAD, coronary artery disease; CTCA, coronary com-
puted tomography angiography; EHR, electronic health record; RF, risk factor; RM, regression models.
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..identify subjects without coronary atherosclerosis, thus reduc-
ing unnecessary testing.13

In conclusion, there are great efforts and expectations in the
field of ML/AI implementation on EHR; however, there are also
significant issue in the management of quality and quantity of
data which is key to algorithm training and performance in clinic-
al routine.

Conflict of interest: none declared.
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