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Authors conflate two fundamentally different objec-
tives of Al in medicine: predicting clinical targets and
estimating feature importance, or the underlying asso-
ciations between variables. Target prediction concerns
how accurately a model forecasts an outcome, such as
treatment response, whereas feature importance con-
cerns whether the variables identified by the model
represent genuine, clinically meaningful determinants
of that outcome. These objectives require different
forms of validation.

Predictive accuracy can be rigorously assessed
against ground-truth labels using measures such as
discrimination, calibration, and external validation. In
contrast, feature importance generally has no univer-
sally accepted ground truth against which it can be
directly evaluated. Consequently, a machine learning
model may predict outcomes accurately while identi-
fying features that are unstable, confounded, or merely
predictive proxies rather than true causal or clinically
relevant factors. This distinction highlights both the
limitations of feature assessment and the need for
independent external validation.

In clinical decision-making, target prediction can
help estimate the likely effectiveness or safety of ther-
apies, whereas reliable feature importance can help
identify which therapy, biomarker, or patient charac-
teristic is most relevant among competing alternatives,
potentially leading to more individualized and effec-
tive care. At present, no single algorithm can reliably
recover true associations or guarantee stable, clinically
meaningful feature importance from observational or
high-dimensional data alone.

The extended Bradford Hill considerations (Hill
1965)—including feature consistency and dose-response
relationships (Hill 1965; Loos et al. 2026; Loughman
et al. 2026; Thapa et al. 2026; Zhao et al. 2026)—offer
useful evidence for evaluating the plausibility and
robustness of identified associations, but these are nec-
essary rather than sufficient conditions and cannot, by
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themselves, establish causality. Many existing Al studies
therefore exhibit serious methodological weaknesses:
they emphasize predictive performance while treating
feature importance as though it were automatically
trustworthy, rely on data-driven associations without
adequate control for confounding and bias, and lack
independent validation of the reported features.

As a result, clinicians may currently outperform Al in
certain decision-making contexts—not because clinical
judgment is inherently superior across all settings, but
because Al-derived feature assessments remain vulnera-
ble to instability, spurious correlations, and poor general-
izability. Even state-of-the-art Al systems have yet to
solve the fundamental problem of reliably distinguishing
true clinical associations from features that are merely
useful for prediction. Underlying much of this literature
is an implicit and largely untested assumption: that high
target-prediction accuracy guarantees reliable feature
importance, despite the complete absence of ground
truth against which feature assessments can be verified.

To address this gap, this research advocates a
leave-top-feature-out (LTFO) approach serving as an
external feature validation framework for operationaliz-
ing the Bradford Hill criteria. LTFO proceeds as follows:
(1) select the top n features from the full feature set (Set
1); (2) remove the single highest-ranked feature to create
a reduced dataset; (3) re-fit the model and re-select the
top n-1 features from this reduced dataset (Set 2); and
(4) compare the resulting ordered feature rankings across
Set 1 and Set 2. Removing the highest-ranked feature
exerts the strongest perturbation on subsequent rankings,
as it typically contributes most to prediction in super-
vised models, whereas removing the lowest-ranked fea-
ture exerts the weakest perturbation—together allowing
systematic examination of feature consistency and dose-
response relationships. LTFO has been validated success-
fully across multiple domains and disciplines using
diverse datasets, demonstrating its methodological
robustness (Takefuji 2025, 2026a, 2026b, 2026¢, 2026d).
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There is a significant difference between existing
ablation studies and LTFO. Conventional ablation
studies, including Jaccard-based comparisons and
related methods, examine feature sets as unordered
collections, thereby discarding ranking information
entirely. LTFO, by contrast, treats feature sets as
ordered sequences, preserving rank information that is
essential for evaluating feature consistency and dose—
response relationships—both central to the Bradford
Hill considerations.

Because no algorithm can currently guarantee true
associations or reliable feature importance, robust esti-
mation requires triangulation across methodologically
diverse approaches rather than reliance on any single
model. We therefore recommend combining LTFO
with complementary techniques spanning distinct
modeling paradigms—nonparametric supervised mod-
els, nonparametric unsupervised models, and
non-target-prediction statistical measures such as
Spearman’s correlation. Convergent feature rankings
across these fundamentally different paradigms pro-
vide stronger evidence of genuine, stable associations,
whereas divergence signals potential instability, con-
founding, or model-specific artifacts. This
cross-paradigm consistency serves as an additional
external safeguard against spurious or unreliable fea-
ture importance estimates.
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