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HIGHLIGHTS

e 107 Chemosphere biodegradation papers in 2025; ML widely applied.

e Two accuracies matter: target prediction vs feature-importance reliability.

o Feature importance lacks ground truth; rankings are model-specific and unstable.
e Unsupervised methods yield more stable rankings with competitive accuracy.

e Reproducible QSAR study (1055 comps, 41 feats); code in GitHub ‘biodeg.py'.
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Supervised machine learning excels at target prediction but can mischaracterize structure-biodegradability as-
sociations when feature importance is treated as ground truth. Using the QSAR Biodegradation dataset (1055
chemicals; 41 descriptors), we compare targeted supervised models (random forest, XGBoost, logistic regression),
unsupervised methods (feature agglomeration, highly variable gene selection), and non-targeted supervised
approaches (Spearman correlation). We evaluate cross-validated accuracy and ranking stability via a top-10

selection protocol and a leave-top-1-out perturbation. XGBoost attains the highest accuracy (0.8569) yet ex-
hibits ranking instability; random forests are similarly unstable. In contrast, unsupervised and non-targeted
supervised methods achieve strong accuracy (=0.819-0.849) with perfect stability. Results caution against
equating high predictive accuracy with reliable feature importance and support stability-aware, label-agnostic
selection for interpretable materials science.

1. Introduction

One hundred and seven Chemosphere articles on biodegradation
have been published to date in 2025 (Chand et al., 2025). Across this
literature, supervised machine learning is typically used for two pur-
poses: predicting target outcomes and estimating feature importance.
However, because many materials scientists are not specialists in ma-
chine learning and may overlook algorithmic errors, biases, and con-
founding, these studies can mischaracterize the strength and nature of
associations between chemical structure features and biodegradation.

This paper raises significant alarms regarding the use of supervised
models for feature importance analysis. The concerns stem from three
critical limitations: the absence of ground truth in feature importance
calculations, the fact that feature importance metrics reflect contribu-
tions to prediction rather than true associations with outcomes, and
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label-driven errors that can propagate through supervised models. These
limitations frequently lead to erroneous interpretations and misguided
conclusions. Using a publicly available QSAR Biodegradation dataset,
we demonstrate that feature importance rankings derived from super-
vised models suffer from considerable instability. We compare these
results with more robust alternatives, including unsupervised ap-
proaches such as feature agglomeration and highly variable gene se-
lection, as well as non-target-prediction methods like Spearman's
correlation. Our findings highlight the need for caution when inter-
preting feature importance from predictive models.

Researchers should recognize that target supervised machine
learning models entail two different notions of accuracy: target predic-
tion accuracy and the reliability of feature-importance estimates. Target
prediction accuracy can be validated against ground-truth labels (e.g.,
with models such as random forests), but feature importance values lack
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its ground truth for direct validation. This paper acknowledges the
strong success of supervised models in target prediction, yet raises
substantial theoretical and empirical concerns about using them for
feature selection or importance attribution, given the absence of ground
truth and the model specific nature of importance scores. The latter
means different algorithms can yield markedly different feature
importance rankings on the same dataset.

Cairone et al. (2025) evaluated several supervised models. To
enhance interpretability, the authors analyzed the best-performing
model using permutation feature importance (PFI)—a method that
ranks features by their contribution to predicting the response varia-
ble—alongside standard performance metrics, including mean squared
error (MSE), root mean squared error (RMSE), mean absolute error
(MAE), and the coefficient of determination R?).

To illustrate these issues in a materials science context, this paper
analyzes the QSAR Biodegradation benchmark dataset comprising 1055
chemicals and 41 features, and evaluates the effectiveness and consis-
tency of feature selection and feature importance across diverse algo-
rithms, including targeted supervised models (random forest, XGBoost,
logistic regression), unsupervised methods (feature agglomeration,
highly variable gene selection), and non-target supervised approaches
(Spearman's correlation with p-values). We select the top 10 features
from the full set and assess performance via cross-validated accuracy,
interpreting higher accuracy as indicative of better feature selection.
Next, we remove the single highest-ranked feature from the full set to
create a reduced dataset, then reselect the top 9 features to assess the
stability of feature ranking. The goal is to identify algorithms that
deliver high predictive accuracy while maintaining robust stability in
feature rankings.

Over 300 peer-reviewed studies have shown that feature impor-
tances from supervised models are inherently biased and often yield
misleading interpretations because they are model-specific (Fisher et al.,
2019; Steiner and Kim, 2016; Nalenz et al., 2024; Nazer et al., 2023;
Ugirumurera et al., 2024; Alaimo Di Loro et al., 2023; Adler and Painsky,
2022). In methods such as random forests, feature importance reflects
each feature's contribution to prediction, not its true association with the
underlying phenomenon (Dunne et al., 2023; Huti et al., 2023; Loecher,
2024; Nalenz et al., 2024; Nguyen et al., 2015; Salles et al., 2021; Smith
et al., 2024; Strobl et al., 2007; Wallace et al., 2023; Zarei et al., 2021).
This model dependence also induces instability in feature rankings
across resamples or folds. By contrast, unsupervised approaches tend to
produce more stable rankings because they do not rely on labels and thus
avoid label-driven bias or error. For example, unsupervised feature
agglomeration leverages correlation structure and variance to assess
feature relevance, and highly variable gene selection prioritizes features
based on variance alone. This paper shows that unsupervised models
yield more stable feature rankings than supervised models, while
maintaining strong cross-validation accuracy.

Our leave-topl-out approach represents a complementary stability
assessment that focuses specifically on ordered sets rather than the non-
ordered feature sets typically examined in conventional methods. While
traditional stability assessments evaluate whether features consistently
appear across different data samples, they generally do not preserve or
evaluate the stability of feature ranking orders under systematic per-
turbations (Ioannidis, 2008; Ioannidis, 2003; Lai et al., 2025; Prada
et al., 2025; Prasad and Jena, 2013; Roberts et al., 2019; Stamatakis
et al., 2025; Takefuji, 2025; Underwood et al., 2025; Ye et al., 2024).

By examining how the removal of highest-ranked features affects the
subsequent ordering of remaining features, this paper introduces a
method to quantify the strength of impact on feature importance sta-
bility. This ordered-set analysis provides insights into feature de-
pendencies that may not be captured when only considering feature
inclusion/exclusion without attention to ranking orders.

We acknowledge that this approach inherently advantages univari-
ate methods over multivariate approaches. The stability differences
observed in our experiments largely reflect the algorithmic
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characteristics of the methods, as multivariate models naturally reorder
variables after removing a top predictor due to their design to capture
feature interactions.

The leave-top1l-out approach should be viewed as a complementary
diagnostic tool rather than a replacement for conventional stability as-
sessments. While it offers unique insights into ranking preservation
under feature perturbation, it has inherent limitations in making
broader claims about method reliability or identification of causal re-
lationships without ground truth information. This ordered-set stability
analysis contributes to the computational validation toolkit by exam-
ining a dimension of methodological behavior that complements exist-
ing approaches, while recognizing the context-dependent nature of
feature importance stability and the need for multiple validation stra-
tegies when evaluating feature selection methods.

2. Methods

We employed one of publicly available datasets for purposes of
reproducibility and transparency. The QSAR Biodegradation dataset
(#1494 on OpenML) contains molecular descriptors for 1055 chemicals
with binary classification of biodegradability. Its purpose is to enable
prediction of environmental degradation rates based on chemical
structure alone. This dataset supports environmental protection by
helping identify compounds that persist versus those that degrade
quickly in nature. With 41 features representing molecular properties
such as topology, quantum characteristics, and constitutional indices, it
serves multiple stakeholders: regulators assessing chemical safety, re-
searchers developing eco-friendly compounds, and industry pro-
fessionals screening new products. The dataset reduces reliance on
expensive laboratory testing and supports green chemistry principles. As
a benchmark in both machine learning and chemoinformatics, it dem-
onstrates how computational methods can effectively bridge chemical
structures and environmental behaviors.

To assess target accuracy, 5-fold cross-validation performance, and
the stability of feature rankings, we examine three categories of models:
targeted supervised models (including random forest, XGBoost, and lo-
gistic regression), unsupervised models (such as feature agglomeration
and highly variable gene selection), and non-targeted supervised ap-
proaches (such as Spearman's correlation with p-values).

Throughout all assessments, we maintained the default parameter
settings for each algorithm. For XGBoost specifically, this means utiliz-
ing an ensemble of 100 trees with a maximum tree depth of 6, as per the
standard configuration of the XGBClassifier with 5-fold cross-validation.
These baseline settings were preserved to ensure fair comparison across
methods without introducing optimization bias. For stability testing, we
employed a position-based metric to evaluate consistency in feature
ranking orders. This approach involved comparing the expected posi-
tions of the remaining 9 features against their actual positions after
perturbation. By quantifying the deviation between expected and
observed feature rankings, we could systematically assess the resilience
of different feature importance methods to variations in the dataset.

Table 1
Cross-validation accuracy and stability in feature rankings.

Algorithm Top 10 Features CV Mean Stability in feature
Accuracy rankings

Random Forest 0.84455 Unstable: 0/9

XGBoost 0.856872 Unstable: 3/9

Logistic Regression 0.752607 Unstable: 1/9

Feature 0.849289 Stable:9/9
Agglomeration

HVGS 0.818957 Stable:9/9

Spearman 0.823697 Stable:9/9
Correlation
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3. Results

Table 1 shows the results of mean cross-validation accuracy and
stability. Across targeted supervised models, XGBoost achieved the
highest cross-validated mean accuracy at 0.8569 but showed instability
in feature rankings (unstable in 3/9 tests), while Random Forest fol-
lowed with 0.8446 accuracy and was highly unstable (0/9 stability), and
Logistic Regression trailed with 0.7526 accuracy and low stability (1/9).
In contrast, unsupervised models demonstrated both strong accuracy
and consistent feature importance: Feature Agglomeration reached
0.8493 accuracy with perfect stability (9/9), Spearman Correlation
delivered 0.8237 accuracy with perfect stability (9/9), and HVGS posted
0.8190 accuracy with perfect stability (9/9). For non-targeted super-
vised models, stability was uniformly high (9/9 across the board), with
accuracies spanning roughly 0.819-0.849, indicating that while tar-
geted supervised approaches may slightly edge out in peak accuracy
(notably XGBoost), they can suffer from notably less stable feature
rankings compared with the consistently stable unsupervised and non-
targeted supervised methods. For purposes of reproducibility and
transparency, Python code, biodeg.py, is publicly available at GitHub
(2025)

4. Discussion

These findings have direct implications for environmental risk
assessment, where understanding which chemical properties drive
biodegradability is crucial for regulatory compliance and green chem-
istry initiatives. When screening novel compounds, unstable feature
rankings could lead to misguided molecular design strategies or incon-
sistent prioritization of environmental hazards. Regulatory agencies
relying on predictive models to evaluate chemicals under frameworks
need assurance that identified structural alerts and physicochemical
drivers are robust across datasets, not artifacts of model selection. The
stability advantages of unsupervised methods shown here could enhance
reproducibility in QSAR biodegradation models, supporting more reli-
able identification of persistent pollutants and facilitating the develop-
ment of environmentally benign alternatives in accordance with green
chemistry principles.

While previous studies identified critical issues with feature impor-
tance accuracy in supervised models, they often failed to propose con-
crete solutions for calculating true associations based on fundamental
principles like consistency and dose-response relationships. Our pro-
posed stability testing methodology directly addresses this gap by sys-
tematically evaluating how removing the highest-ranked feature
impacts the ordering of remaining features. This approach inherently
accommodates both consistency principles and dose-response relation-
ships by measuring whether feature importance maintains proportional
rankings when the feature space is perturbed. The results clearly
demonstrate that supervised models frequently suffer from instability in
feature ranking orders due to label-driven errors and model-specific
biases, whereas unsupervised models and non-target-prediction
methods like Spearman correlation exhibit substantially stronger sta-
bility due to their independence from outcome-related noise. This
distinction provides practitioners with a more reliable foundation for
identifying features with genuine associations rather than merely pre-
dictive utility.

Our results highlight a key trade-off between peak predictive per-
formance and the reliability of feature interpretation across modeling
paradigms. While targeted supervised models such as XGBoost achieved
the highest cross-validated mean accuracy, they exhibited markedly
lower stability in feature rankings across resamples. In contrast, unsu-
pervised and non-targeted supervised approaches delivered slightly
lower—but competitive—accuracy alongside near-perfect stability in
feature importance. For applications where interpretability, reproduc-
ibility, and biological or domain plausibility of features matter, this
stability advantage is often decisive.
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There is now substantial evidence across hundreds of studies that
feature importances from supervised learning are model- and data-
dependent, and thus prone to bias and instability. Label-driven bias
means supervised models optimize for prediction with respect to
observed labels, which may contain noise, measurement error, or con-
founding; as a result, learned importance reflects how features help
reduce predictive loss, not necessarily their true associations with the
underlying generative process. Model-specific attribution further com-
pounds this, because importance scores such as Gini importance in
random forests or gain in gradient boosting are tied to a model's func-
tional form and training dynamics; different algorithms (and even
different settings within the same algorithm) can yield divergent rank-
ings from the same data, even when predictive accuracy is similar,
undermining portability of feature interpretations across studies. Sam-
pling variability and multicollinearity exacerbate instability: with
correlated predictors, small changes in the training set can flip split
choices in tree-based models or alter coefficients in linear models with
regularization, thereby reshuffling importance rankings. Supervised
models may also assign high importance to features that capture in-
teractions or higher-order effects that aid prediction, even if those fea-
tures are not primary drivers of the outcome, while clinically or
biologically meaningful features can receive low importance if their
effects are partially masked by correlated surrogates.

By contrast, the unsupervised and non-targeted supervised methods
we evaluated demonstrated strikingly consistent feature rankings, with
only modest differences in accuracy relative to the best targeted su-
pervised model. Label-free criteria drive feature scoring by intrinsic data
structure—correlation, variance, and redundancy—rather than by
contingent patterns in the outcome variable, removing label-induced
noise and reducing overfitting to idiosyncrasies of a particular
outcome or sample split.

Methods such as Feature Agglomeration explicitly leverage correla-
tion structures to group redundant features and emphasize representa-
tive variables, stabilizing rankings because correlated features are
treated systematically rather than competitively. Variance-based selec-
tion approaches like HVGS prioritize features with consistently high
dispersion across samples, a property that tends to be more stable under
resampling than label-conditioned importance. Even when labels are
present, pipelines that decouple feature scoring from model idiosyn-
crasies—such as using correlation or mutual information screens prior to
modeling, or applying model-agnostic stability selection—can preserve
high stability while maintaining competitive accuracy.

The empirical pattern observed here—XGBoost achieving the highest
mean accuracy (0.8569) with moderate instability, Random Forest
attaining slightly lower accuracy (0.8446) with severe instability, and
Logistic Regression lagging in both (0.7526 accuracy, low stability)—
underscores that optimizing solely for accuracy can be misleading when
the downstream goal includes interpretation or feature prioritization.

Meanwhile, unsupervised methods (Feature Agglomeration at
0.8493, Spearman Correlation at 0.8237, HVGS at 0.8190, each with 9/
9 stability) and non-targeted supervised methods (9/9 stability across
roughly 0.819-0.849 accuracy) offer a more dependable basis for
inference, biomarker discovery, or hypothesis generation. When inter-
pretability is paramount—such as for identifying candidate biomarkers,
policy-relevant drivers, or actionable features—methods with demon-
strated ranking stability should be prioritized, even at a small cost in
peak accuracy, because unstable rankings risk irreproducible findings
and misallocated validation resources. If targeted supervised models are
used for their predictive advantages, they should be complemented with
stability diagnostics: perform bootstrapped or cross-validated ranking
stability analyses, examine sensitivity to correlated feature pruning, and
report confidence sets of important features rather than single ordered
lists. It is also prudent to use model-agnostic or label-free feature scoring
as a foundation—techniques like Feature Agglomeration, Spearman
Correlation, and HVGS can provide a stable shortlist that can then be
validated or refined with supervised models—while proactively
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addressing multicollinearity via clustering correlated features, group-
wise selection, or dimensionality reduction to mitigate arbitrary rank
swapping among surrogates. When feasible, permutation-based, condi-
tional, or causal-oriented importance measures can reduce some model-
specific biases and better reflect unique contributions, though they
remain susceptible to sampling variability.

These findings should be interpreted with several caveats. Stability
was assessed under a specific resampling design and feature space;
alternative cohorts, noise levels, or feature-engineering choices may
shift the balance between accuracy and stability. Accuracy differences,
while statistically meaningful, may not translate to material improve-
ments in deployment; future work should therefore assess calibration,
fairness, and decision-relevant utility alongside stability. Incorporating
domain knowledge—such as pathway or group constraints for gen-
es—may further enhance both stability and interpretability by aligning
feature selection with underlying structure. Finally, causal feature
attribution remains an open challenge; extending these evaluations to
counterfactual or interventional settings could help separate predictive
surrogates from true drivers. In sum, the results reinforce a critical
message: feature importance from supervised models reflects predictive
utility under a specific model and sample, not necessarily true associa-
tion. For robust, reproducible feature prioritization—especially in high-
dimensional, correlated settings—unsupervised or non-targeted super-
vised strategies, coupled with explicit stability assessment, provide a
more reliable pathway.

5. Conclusion

This study makes several significant contributions to the field of
feature importance analysis and model interpretability. First, we
empirically demonstrate the critical trade-off between predictive per-
formance and feature ranking stability across supervised and unsuper-
vised modeling approaches. While targeted supervised models like
XGBoost achieved marginally higher accuracy, they exhibited substan-
tially lower stability in feature rankings compared to unsupervised and
non-targeted methods, which maintained near-perfect stability with
competitive accuracy.

Second, we provide systematic evidence of how label-driven bias in
supervised models compromises the reliability of feature importance.
When models optimize for prediction against noisy or confounded la-
bels, importance scores reflect predictive utility rather than true asso-
ciations with underlying phenomena. This distinction is crucial for
applications where feature interpretability guides scientific discovery or
decision-making.

Third, our results highlight how model-specific attribution mecha-
nisms further undermine the portability of feature interpretations across
studies. Different algorithms—and even parameter changes within the
same algorithm—can yield divergent feature rankings despite similar
predictive performance, compounded by sampling variability and mul-
ticollinearity among predictors.

Perhaps most importantly, we demonstrate that unsupervised and
non-targeted methods offer a more dependable foundation for inference
and hypothesis generation by leveraging intrinsic data structures rather
than contingent outcome patterns. Feature Agglomeration, Spearman
Correlation, and highly variable gene selection achieved remarkable
stability with only modest accuracy trade-offs relative to the best su-
pervised models.

These findings have profound implications for fields where inter-
pretability is paramount, such as biomarker discovery, policy analysis,
and clinical decision support. We recommend that researchers prioritize
methods with demonstrated ranking stability when interpretation mat-
ters, complemented by rigorous stability diagnostics when using su-
pervised models for their predictive advantages.
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