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Editor—Harris and colleagues’ examined whether routine
preoperative electrocardiograms (ECGs) can improve prediction
of major cardiovascular complications after noncardiac sur-
gery, and whether combining ECGs with standard clinical
information adds value. They found that convolutional neural
network (CNN) models using ECG waveforms modestly out-
performed a widely used clinical risk score, indicating that ECGs
carry clinically meaningful prognostic signals. Crucially, they
provided clear explanations of which ECG features were asso-
ciated with higher risk, helping clinicians understand why
certain patients were flagged. For a clinical readership, the
practical takeaways are that preoperative ECGs could offer in-
cremental prognostic benefit, integration with routine variables
can further enhance prediction, and interpretable outputs could
support trust and real-world use, all directly relevant to refining
perioperative risk assessment and patient counselling.’
However, a prediction-driven interpretability approach
based on counterfactual ECGs is not recommended. High target
prediction accuracy in supervised models such as CNNs does
not guarantee reliable explanations because interpretation is
model specific and can be misleading.” *° Supervised models
involve two distinct notions of accuracy: target prediction ac-
curacy, which can be validated against ground-truth labels, and
feature importance, which generally lacks ground truth for ac-
curacy validation. Thus, strong cross-validated area under the
receiver operating characteristic curve (AUROC) and convincing
counterfactuals do not ensure trustworthy feature attributions
owing to the absence of ground truth in interpretation.'* %
In other words, high target prediction accuracy does not

DOI of original article: 10.1016/j.bja.2025.07.085.

guarantee reliable feature importances owing to the absence of
ground truth and label-driven errors.

Given the lack of ground truth for feature importance, more
robust, multifaceted strategies are warranted. We recommend
using CNN models for target prediction and performing feature
interpretation with unsupervised methods, specifically feature
agglomeration and highly variable feature selection, followed
by non-target, nonlinear, nonparametric analyses such as
Spearman correlation with P-values. Compared with label-
driven supervised models, which often yield unstable and
model-specific feature rankings, these structure-discovering
techniques and monotonic association tests provide more
stable and reproducible feature prioritisation.

In short, Harris and colleagues® advocate CNN for predic-
tion and a complementary unsupervised, nonparametric
framework for interpretation, rather than relying on
prediction-driven counterfactual ECGs. Stability in feature
rankings can be evaluated simply: select the top n features
from the full set (set 1), remove the highest-ranked feature to
create a reduced dataset, then reselect the top n—1 features
(set 2) and compare the ranking orders between set 1 and set 2.
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