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Interpreting Variable Importance in Metabolically
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Co-Regulated Systems: Considerations for Metabolic
Dysfunction-associated Steatotic Liver Disease
Risk Prediction

Ho et al. provide an important contribution by inte-
grating multimodal UK Biobank data to develop super-
vised learning models for metabolic dysfunction-
associated steatotic liver disease (MASLD) risk predic-
tion." Their study incorporated magnetic resonance
imaging-proton density fat fraction (MRI-PDFF), elec-
tronic health records, and extensive metabolomic
profiling from 82,638 participants. Comparison across
supervised learning algorithms, including partial least
squares discriminant analysis (PLS-DA), Random Forest
(RF), support vector machine (linear kernel; SVM-linear),
and logistic regression, yielded area under the curve
(AUROC) values 0.80-0.85. Nevertheless, several method-
ological considerations related to metabolic co-regulation,
nonlinear effects, and feature prioritization may influence
interpretability. In particular, whether the analytical
framework fully captures the hierarchical, co-regulated,
and nonlinear architecture of metabolic dysfunction war-
rants further discussion.

Model-derived feature importance may obscure inter-
dependent relationships among predictors. In linear clas-
sifiers such as SVM-linear and logistic regression,
metabolic and clinical features relevant to MASLD are un-
likely to act as independent risk factors and instead reflect
shared latent processes linked to insulin resistance. This is
evident in Table 1, where body mass index (BMI) (25.08-
30.09), waist-hip ratio (0.50-0.58), triglycerides (1.30-
1.94 mmol/L), high-density lipoprotein cholesterol
(HDL-C) (1.44-1.20 mmol/L), and hepatic injury
markers—including alanine aminotransferase (ALT),
aspartate aminotransferase (AST), and gamma-glutamyl
transferase (GGT)—shift in a coordinated manner between
groups. They also note that ‘the metabolites measured
consisted of amino acids, lipid, lipoproteins and their
compositions,” supporting strong biochemical co-
regulation. Consequently, many predictors likely share
variance from latent structure, and interpreting variable
importance within linear modeling frameworks misattrib-
utes shared variance to individual predictors rather than
underlying metabolic axes.””

A second consideration relates to nonlinear and
threshold relationships. MASLD itself is defined using a
threshold (MRI-PDFF =5%), and many metabolic
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traits—including BMI, glycated hemoglobin (HbAlc), tri-
glycerides, and blood pressure—exhibit clinically recog-
nized nonlinear or saturating effects. Nonlinear behavior
is a core feature of metabolic regulation, and overlooking
it can materially alter the apparent contribution of indi-
vidual predictors. Yet, the present study does not report
the use of splines, generalized additive models, or other
approaches to explore nonlinear associations.” While the
primary objective is prediction, they subsequently inter-
pret selected features in biological terms. In this context,
explicit evaluation of nonlinear and threshold effects
would enhance robustness and interpretability, as
AUROC optimization alone does not necessarily ensure
that model behavior aligns with underlying biological re-
lationships.

Third, the feature selection strategy may be influenced
by collinearity and model-specific biases. They state that
‘variable importance analyses of PLS-DA and Random
Forest were used to select important features,” while also
acknowledging that ‘collinearity of variables may create
clustering bias.” In high-dimensional metabolomic data,
strongly correlated variables—such as triglycerides, HDL-
C, ALT, GGT, BMI, and waist-hip ratio—compete for pri-
oritization within RF-based feature selection procedures,
leading to the preferential selection of certain representa-
tives.” Such competition among correlated predictors re-
sults in unstable feature rankings across resampling or
model specifications. These instabilities are especially rele-
vant given that the selected features were subsequently
used for clustering, where model-driven variability influ-
ences subgroup definitions. Moreover, RF Gini impor-
tance is known to favor continuous variables with
broader ranges.(’ As a resul, the selected predictors reflect
model-dependent prioritization rather than stable biolog-
ical signals, which has implications for downstream inter-
pretation and clustering analyses.”

To complement the current framework without sub-
stantially altering the modeling pipeline, we suggest incor-
porating lightweight unsupervised and nonparametric
analytical strategies that better reflect the latent structure
and nonlinear behavior of metabolic systems. Feature
Agglomeration can cluster highly correlated variables
and derive representative features, reducing redundancy
and stabilizing feature selection.” An adapted Highly Var-
iable Gene Selection can function as a general variance--
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based unsupervised filter for metabolomic and biochem-
ical data, enabling extraction of high-information features
without imposing model-specific biases.” For nonlinear
and rank-based relationships, Spearman’s rho and Ken-
dall’s tau serve as complementary exploratory tools to
identify monotonic relationships that may be overlooked
by model-dependent variable attribution.'” Incorporating
these approaches would not replace the supervised models
but would provide a more faithful representation of meta-
bolic structure and enhance interpretability.

In conclusion, Ho et al. provide an important framework
for multimodal MASLD risk prediction using large-scale
population data. However, the co-regulated, hierarchical,
and nonlinear nature of metabolic dysfunction suggests
that additional safeguards may be needed when interpret-
ing variable importance biologically. Ensuring that feature
attribution remains robust is particularly important when
predictive models are also used to generate pathophysio-
logical insights. Incorporating complementary unsuper-
vised and flexible analytical strategies improves the
stability and interpretability of identified predictors,
thereby strengthening both the predictive utility and the
biological credibility of the proposed framework.
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