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Limits of SHAP feature importance in XGBoost-SOL Surrogates for catalytic Cracking:
Correlation-Driven Bias, stability Diagnostics, and the Need for unsupervised validation

To the Editor.

Li et al. (2026) developed an XGBoost-based surrogate modeling
framework integrated with a structure-oriented lumping (SOL) kinetic
model to optimize direct crude-oil catalytic cracking processes. Their
study reconstructed a molecular-level representation of crude oil and
trained an XGBoost surrogate to predict product yields under varying
operating and catalyst conditions. Strong predictive performance was
reported, and SHapley Additive exPlanations (SHAP) were used to rank
key operating variables and to support mechanistic interpretations
regarding cracking severity and product distribution [1]. However, re-
searchers are not familiar with algorithm-induced errors and underlying
assumptions of machine learning tools whereas supervised models lack
ground truth for accuracy validation in feature importance calculations,
leading to erroneous conclusions. This paper raises urgent alarms
regarding the use of supervised models for feature importance or se-
lection assessments.

While the reported predictive accuracy was high, the interpretability
claims warrant careful consideration. As with other supervised learning
pipelines, the surrogate model achieved target-prediction accuracy, but
feature-importance reliability lacks a ground-truth reference. Conse-
quently, SHAP-based rankings may reflect how the model exploits sta-
tistical dependencies in the data rather than identifying stable physical
or chemical determinants. This concern is particularly relevant in pro-
cess systems where operating variables are correlated and may act as
interchangeable proxies without affecting predictive performance
[2-6].

These limitations become more evident when the mechanism by
which SHAP generates explanations is examined. SHAP explanations are
computed strictly with respect to a trained predictive model, as
expressed by the functional relationship explain = SHAP(model). In this
setting, SHAP quantifies how individual inputs contribute to the model’s
output rather than whether those inputs represent true mechanistic
drivers. As a result, any proxy relationships or structural biases present
in the trained surrogate are directly propagated into the SHAP attribu-
tions. In the presence of correlated variables, importance may be
redistributed arbitrarily among interchangeable inputs, and small per-
turbations in data or model structure may lead to substantial shifts in
ranking. Although SHAP satisfies theoretical properties such as local
accuracy and consistency under specific assumptions, these guarantees
apply only to the internal behavior of the model being explained and do
not ensure physical or chemical validity [7-11].

To evaluate whether feature importance reflects true associations
rather than algorithmic artifacts, two criteria are particularly important:
consistency and dose-response behavior. Consistency requires that
importance rankings remain coherent under perturbation, while dos-
e-response relationships require systematic and proportional changes in
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predicted outcomes as feature values vary. Because the modeled rela-
tionship can be expressed as y = f(x) = f(x1, ........ , Xp), verification of
these properties should not rely solely on supervised model outputs. A
practical diagnostic is a leave-top-1-out stress test, in which the highest-
ranked variable is removed and the remaining features are re-ranked.
Predictable, proportionate shifts support genuine associations,
whereas large or erratic reordering suggests instability driven by cor-
relation structure or model dependence [12-15].

To illustrate this, we applied a leave-top-1-out procedure on a pub-
licly available concrete strength dataset [16] with no missing values and
real-valued variables, using Strength as the target variable. The top eight
features were first selected from the full dataset, after which the highest-
ranked feature was removed and the top seven features were reselected
from the reduced dataset. Feature ranking orders and cross-validation
performance were compared across Random Forest, XGBoost, Feature
Agglomeration (FA), Highly Variable Gene Selection (HVGS), and
Spearman correlation, without scaling or transformation. The feature
ranking stability and cross-validation results are summarized in Table 1.

The results show clear differences in feature importance stability.
Feature Agglomeration and HVGS exhibit stable behavior, where
removal of the highest-ranked feature leads to a monotonic shift in
ranking, preserving the relative order of remaining features, with new
features entering only at lower ranks. Spearman correlation shows
relatively stable behavior with minor changes in ordering. In contrast,
XGBoost demonstrates unstable behavior, where ranking order changes
and features such as FineAggregate shift position or newly appear after
removal of the top feature.

Cross-validation results support these observations. After removal of
the highest-ranked feature, XGBoost shows a notable reduction in pre-
dictive performance, whereas HVGS and Feature Agglomeration main-
tain high performance. In contrast, Random Forest and Spearman also
show substantial reductions after feature removal. This indicates that
unsupervised methods retain predictive capability under perturbation,
while supervised approaches depend more strongly on specific features.

In summary, while the proposed XGBoost—-SOL surrogate framework
demonstrates strong predictive utility for process optimization, caution
is warranted when interpreting SHAP-derived feature importance as
evidence of mechanistic significance. To address these limitations and
strengthen interpretability, we recommend augmenting the pipeline
with unsupervised feature-stability methods such as feature agglomer-
ation (FA) and highly variable gene selection (HVGS), followed by non-
targeted nonlinear nonparametric association tests such as Spearman
correlation with p-values [17-19]. These approaches operate indepen-
dently of labels, helping to avoid label-driven errors and reduce model-
specific distortions. Combining these unsupervised and nonparametric
methods with supervised modeling would provide a more reliable and

Received 15 January 2026; Received in revised form 4 April 2026; Accepted 6 April 2026

Available online 8 April 2026

0016-2361/© 2026 Elsevier Ltd. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


www.sciencedirect.com/science/journal/00162361
https://www.elsevier.com/locate/fuel
https://doi.org/10.1016/j.fuel.2026.139411
https://doi.org/10.1016/j.fuel.2026.139411

Letter to the editor

Table 1
Cross-validation performance and feature ranking stability under leave-top-1-
out perturbation.

Method CV10 Cv9 Top5 features of ~ Top4 features
Accuracy Accuracy Top8 of Top7
Random Forest 0.9072 0.3955 AgelnDays, Cement,
Cement, Water, Water,
Slag, Superplast FineAgg, Slag
XGBoost 0.9318 0.4241 AgelnDays, Cement,
Cement, Water, Water, FlyAsh,
FlyAsh, FineAgg
Superplast
Feature 0.9068 0.9046 FineAgg, CoarseAgg,
Agglomeration CoarseAgg, Cement, Slag,
(FA) Cement, Slag, AgelnDays
AgelnDays
HVGS (Variance)  0.9067 0.8637 Cement, Slag, Slag, FineAgg,
FineAgg, CoarseAgg,
CoarseAgg, FlyAsh
FlyAsh
Spearman 0.9065 0.3954 AgelnDays, Cement,
Cement, Superplast,
Superplast, Water,
Water, CoarseAgg
CoarseAgg

physically grounded understanding of which variables truly contribute
to product-yield outcomes.
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