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CORRESPONDENCE

We read with great interest the thorough 
Review by Thalji et al. (Risk assessment 
methods for cardiac surgery and interven
tion. Nat. Rev. Cardiol. 11, 704–714; 2014).1 
The authors provided an excellent overview 
of the development, applications, and limita
tions of existing cardiac surgical risk models 
in clinical practice. They noted limitations 
of these models as well as the current and 
future implications of these shortcomings. 
The validity of future risk models requires 
continuous evolution of today’s models.

As mentioned in the Review, both clinical 
and administrative databases are nonstation
ary, and experience a phenomenon called 
‘concept drift’.2 These inherent dynamics 
include changes to the population of patients 
coming to surgery, the definition of risk 
factors, and the incidence of outcomes.3 
An additional challenge arises because of 
imbalanced distribution of the outcome, 
particularly in small databases.4 So far, trad
itional cardiac surgery risk models such as 
EuroSCORE and the Society of Thoracic 
Surgeons (STS) score have been stationary 
models, which lose their calibration over 
time and, therefore, need to be reconstructed 
periodically from scratch (for example, 
EuroSCORE II).5,6

The problem of concept drift can be 
addressed by several methods including, 
but not limited to, tracking the databases 
over time and estimating the points at which 
major changes occur,7 creation of incremen
tal models with online streaming,8 and devel
opment of ensemble models that are made 
up of several connected classifiers and that 
can autocalibrate by adding and/or deleting 
these classifiers over time.9 Ensemble models 
explicitly and simultaneously address both 
concept drift and imbalance phenomena.10
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One of the great steps in machine learn
ing was application of soft computing and 
fuzzy logic,11 which have been increasingly 
applied in medicine.12 Computing that can 
tolerate imprecision and uncertainty is 
termed soft computing. The potential to 
exploit meaningful relationships in a data 
set can be used in the diagnosis, treatment, 
and prediction of the outcome in many 
clinical scenarios.12 However, few studies 
in cardiac surgery risk assessment have 
u tilized these possibilities.13,14

Of note, a tradeoff should exist between 
accuracy and complexity in clinical risk 
assessment models. Although algorithms 
employing neural networks15 have not been 
encouraged because of their complexity, 
advanced algorithms exist (for example, 
Decision Tree) that are interpretable by 
both patients and experts; these algorithms 
have a hierarchical structure and can be 
used to identify nonlinear relationships 
between variables.

In summary, continued evolution of 
risk models requires new techniques to be 
employed. Such efforts will result in more 
successful models and might be particu
larly applicable to new procedures, such as 
t ranscatheter aortic valve implantation.
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