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Song et al. report a machine-learning framework based on the eXtreme Gradient Boosting (XGBoost) algo-
rithm for predicting 1-year unplanned readmissions among elderly patients with coronary heart disease
(CHD). This commentary examines critical limitations in the interpretability and methodological robustness
of such models. Extensive prior work has demonstrated that tree-based algorithms can exhibit structural
biases in feature-importance estimates, particularly when predictors display substantial collinearity or het-
erogeneous measurement scales. SHAP explanations, by inheriting these model-embedded biases, may over-
state the relevance of variables whose prominence arises from algorithmic artifacts rather than clinically
coherent patterns. To enhance reliability, model-agnostic validation, non-parametric association analyses,
and unsupervised strategies that mitigate multicollinearity should complement predictive modeling efforts.
Strengthening interpretability frameworks is essential to ensure that machine-learning—derived insights
meaningfully inform cardiovascular care and support reproducible clinical translation.
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Letter to the Editor

Song et al. report a machine-learning framework based on the
eXtreme Gradient Boosting (XGBoost) algorithm for predicting 1-
year unplanned readmissions among elderly patients with coronary
heart disease (CHD) .! Based on a retrospective single-center cohort
of 2137 patients aged 60—99 years—including 482 readmitted within
one year—they developed and validated a predictive framework inte-
grating routinely available demographic, clinical, laboratory, and
comorbidity-related variables. After excluding features with >80%
missing data and applying ridge regression for feature selection, a
final set of 38 predictors was retained to balance performance and
clinical feasibility. In the independent test cohort, predictive perfor-
mance reached an AUROC of 0.704, accompanied by high specificity
(0.936). SHapley Additive exPlanations (SHAP) analysis identified
length of stay, the age-adjusted Charlson comorbidity index, mono-
cyte count, blood glucose, and red blood cell count as the most influ-
ential contributors to the risk of readmission. However, the utility
and reliability of the derived feature-importance rankings warrant
further discussion before any translation into clinical practice.

A growing body of literature has examined biases in feature
importance across different modeling frameworks. Representative
prior studies have highlighted multiple sources of such bias, includ-
ing structural characteristics of tree-based models, >~® limitations of
model-dependent explanation methods,”'! and broader challenges
in reconciling predictive performance with reliable attribution.'?~ ">
These findings are consistent with recent trends in medical and
healthcare-related machine learning, where growing attention has
been paid to potential biases in feature importance and model inter-
pretability.'® 23 In particular, feature importance measures may be

https://doi.org/10.1016/j.gerinurse.2026.104318

influenced by model-specific characteristics, potentially limiting their
ability to fully capture true feature-outcome relationships. Further
details and additional references are provided in the Supplementary
Material. This perspective reinforces the need to approach such find-
ings cautiously when considering their application to real-world clin-
ical settings and to recognize the inherent limitations highlighted by
prior methodological evaluations. In the absence of public access to
the dataset, we instead cite prior empirical studies showing that fea-
ture importance measures may not reliably capture true underlying
relationships, even in well-performing models.>* This does not cri-
tique the original study but highlights a general limitation of model-
dependent attribution methods in complex clinical data.

Tree-based models, including XGBoost and random forests, can
exhibit systematic biases in feature importance, particularly
favoring variables that enable early splits within the model struc-
ture. This tendency becomes especially pronounced in high-
dimensional clinical datasets characterized by complex correla-
tions and multicollinearity, which can amplify the risk of overfit-
ting and distort the apparent relevance of individual predictors.
In Song et al.’s framework, the analytical approach incorporates a
broad set of routinely collected demographic, clinical, laboratory,
and comorbidity-related variables, many of which are inherently
correlated, such as indices of disease burden, inflammatory
markers, and metabolic measures. Under these conditions, top-
ranked features may emerge not because of a stable or causal
association with readmission risk, but because of their statistical
position within the feature space. In the absence of an indepen-
dent reference or external validation for feature stability, such
rankings should be interpreted cautiously, as they may not reli-
ably reflect robust and reproducible relationships.

0197-4572/$ — see front matter © 2026 Elsevier Inc. All rights are reserved, including those for text and data mining, Al training, and similar technologies.
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When discussing SHAP in practice, it is useful to distinguish
how its implementations operate. In particular, variants such as
TreeSHAP and KernelSHAP are based on distinct approximation
strategies and assumptions, which can lead to different behaviors
depending on the model and data context. Recent studies have
also explored methods to improve the robustness and reliability
of model explanations, although this remains an active area of
research. Furthermore, because SHAP is inherently contingent
upon the model under interpretation, it inherits the biases
embedded within that model. As a post-hoc explanation tool, it
reflects the model’s internal logic, which may not align with the
underlying structure of the data. In the context of an
XGBoost-based framework applied to clinical and laboratory vari-
ables for predicting 1-year unplanned readmission, SHAP values
primarily describe how the trained model organizes and weights
its inputs rather than how those inputs relate to established clini-
cal knowledge or mechanisms. Moreover, SHAP explanations can
be sensitive to differences in model architecture and hyperpara-
meter choices, potentially producing inconsistent interpretations
across otherwise similar models. Consequently, such outputs war-
rant rigorous scrutiny and complementary, model-agnostic valida-
tion to ensure that the reported attributions are stable and not
artifacts of a particular modeling configuration or analytical pipe-
line. Alternative explainability approaches, including permutation
feature importance, LIME, counterfactual explanations, and causal
inference-based methods, may offer complementary perspectives
on feature relevance, each with distinct assumptions and method-
ological trade-offs.

To address these limitations, a robust analytical framework is
required that extends beyond model-dependent attribution and
explicitly accounts for the structural complexity of clinical data.
Techniques such as Highly Variable Gene Selection and Feature
Agglomeration provide unsupervised approaches to dimensional-
ity reduction, helping to mitigate multicollinearity by grouping or
prioritizing correlated variables before downstream modeling.?>-*°
In their study cohort analyzed, the numerous clinical, laboratory,
and comorbidity-related variables exhibited substantial interde-
pendence, and these preprocessing steps reduced redundancy
while preserving relevant variation. Complementing these strate-
gies with non-parametric association methods, including Spear-
man’s rho or Kendall's tau, can facilitate the exploration of
monotonic and non-linear relationships that may not be captured
by model-specific assumptions. Together, these approaches offer
a more stable foundation for identifying robust predictors and
improving the interpretability and translatability of findings in
cardiovascular research.

In summary, Song et al. advance data-driven risk stratification, yet
intrinsic model biases and their propagation through SHAP analysis
constrain the interpretability of downstream clinical inferences. In
this context, biased feature importance may have direct clinical
implications. Misinterpretation of feature rankings could lead to
inappropriate weighting of clinical variables, potentially affecting
risk stratification and treatment prioritization. For example, variables
such as length of stay or laboratory markers identified as highly influ-
ential in Song et al.’s analysis may be overemphasized due to model-
specific characteristics rather than stable clinical relevance, poten-
tially distorting clinical interpretation. Furthermore, reliance on
model-dependent attributions in real-world settings may introduce
risks if such patterns do not reflect robust or clinically meaningful
associations. To strengthen methodological coherence, analytical
frameworks must prioritize dimensionality reduction and systematic
stability assessments. Through these strategies, investigators can
effectively decouple clinical signals from model artifacts and ensure
the reliable translation of machine-learning insights into cardiovas-
cular practice.
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