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Supervised machine learning models are increasingly applied in biomedical signal processing and control for
feature assessment; however, a critical epistemological gap persists in that no established ground truth exists
against which feature importance can be validated. This paper theoretically establishes that supervised models
exhibit two distinct dimensions of accuracy, target prediction accuracy and feature importance accuracy, which
are not interchangeable. High target prediction accuracy does not guarantee reliable feature importance, as
importance metrics reflect contributions to prediction rather than true causal associations. Furthermore, SHAP-
based explanations inherit and may amplify the underlying model’s distortions rather than correct them,
rendering their outcomes contingent on model-specific artifacts rather than confirmed causal insights. To address
this gap, we draw on the extended Bradford Hill criteria to propose consistency and dose-response relationships
as principled validation criteria, and we introduce a novel leave-top-feature-out diagnostic framework to
empirically test the stability of feature importance rankings. Empirical analysis of a late-life depression dataset
comparing nine feature selection algorithms demonstrates that unsupervised models yield superior stability in
feature ranking, whereas supervised models exhibit label-driven instability that SHAP integration fails to resolve,
underscoring the need for validation frameworks that extend beyond model-dependent interpretability methods.

Introduction

The goal of this paper is to identify prevalent Al misapplications in
supervised models for feature importance or selection assessment due to
the absence of ground truth, indicating the need of external feature
validation while researchers conflate a critical distinction between
target prediction accuracy and feature importance accuracy. We theo-
retically discuss and empirically demonstrate the pitfalls of supervised
models while proposing feature consistency and dose-response re-
lationships as validation methods for consistent predictive
associations—a critical step missing in existing research. Biomedical
Signal Processing and Control has published a growing body of research
utilizing machine learning for feature assessment, with 518 articles on
feature importance (80 in 2025 and 282 in 2026), 2477 on feature se-
lection (390 in 2025 and 672 in 2026), and 336 on SHapley Additive
exPlanations (SHAP) (52 in 2025 and 224 in 2026), with continued
publications projected through 2026. This significant trend reflects
increasing interest in leveraging supervised models within psychiatric
research  datasets. = However, fundamental = methodological

misunderstandings regarding these techniques have led to potentially
erroneous conclusions throughout the psychiatric literature due to a
critical epistemological gap: the absence of ground truth in feature
assessment validation. The core issue stems from researchers inappro-
priately treating machine learning algorithms as statistical inference
tools capable of identifying causal or associative relationships rather
than as prediction mechanisms optimized for outcome forecasting.
Using a publicly available dataset on transcultural late-life depres-
sion, we empirically demonstrate how commonly used importance
metrics can prioritize spurious correlations and overlook genuine causal
factors, particularly in high-dimensional datasets with complex in-
teractions typical of psychiatric research. We highlight that supervised
models exhibit two distinct dimensions of accuracy: target prediction
accuracy and feature importance accuracy. While target prediction ac-
curacy can be rigorously validated against ground truth labels, feature
importance lacks corresponding ground truth for validation purposes.
To accurately determine consistent predictive associations between
predictors and outcomes, two critical criteria must be examined: con-
sistency across models and dose-response relationships—criteria that
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existing studies have systematically failed to address.

A fundamental yet frequently overlooked limitation in explainable
machine learning research is the absence of an established ground truth
against which feature importance explanations can be validated, a
constraint that many researchers fail to fully acknowledge. The expla-
nations generated by methods such as SHAP are model-dependent ap-
proximations rather than objective reflections of true underlying causal
relationships. Despite this critical caveat, such methods continue to be
widely adopted without adequate acknowledgment of their interpretive
constraints. Among 336 SHAP-based feature studies, two representative
cases illustrate this issue [1,2]. In both, researchers employed supervised
models to identify the best-performing prediction model and then
applied SHAP for interpretation to determine the most significant
drivers, implicitly assuming that a high-performing prediction model
can generate reliable feature importance for meaningful interpretation.
However, feature importance derived from any supervised model
inherently lacks ground truth for validation, regardless of the model's
predictive accuracy. Consequently, the outcomes of SHAP-based anal-
ysis remain contingent on a specific supervised model and represent
unvalidated estimates of feature importance rather than confirmed
causal insights.

When a supervised model produces feature importances, these met-
rics reflect contributions to prediction rather than true causal associa-
tions. Consequently, high target prediction accuracy does not guarantee
reliable feature importances, and the derived importances are inherently
distorted, potentially leading to erroneous interpretations. Researchers
must acknowledge that supervised models inherently possess two
distinct types of accuracy: target prediction accuracy and feature
importance accuracy. While target prediction accuracy can be rigor-
ously validated against ground truth labels, feature importance accuracy
lacks a corresponding ground truth for validation, revealing a funda-
mental gap in feature assessment that may result in misleading con-
clusions. This distinction is critical, as conflating predictive performance
with explanatory validity undermines the integrity of clinical and
behavioral inferences drawn from such models. Furthermore, the func-
tion explainer=SHAP(model) demonstrates that SHAP is constrained to
rely exclusively on a given supervised model whose feature importances
remain unvalidated, thereby inherently inheriting and potentially
amplifying the underlying biases embedded within those importances.
This limitation raises serious concerns about the uncritical application of
SHAP as an explainability tool, particularly in high-stakes domains such
as healthcare, where misattributed feature relevance can have signifi-
cant consequences for clinical decision-making and patient outcomes.

There is no single algorithm that yields “true” associations between
features and outcomes. Based on the extended Bradford Hill criteria [3],
establishing robust associations requires examining consistency and
dose-response patterns across model specifications and data subsets
[3-14]. This paper proposes a leave-top-feature-out diagnostic
approach: select the top n features from the full model, remove the
highest-ranked feature to form a reduced dataset, then reselect the top n
— 1 features and compare ranking orders. If removing the top feature
substantially perturbs subsequent rankings, this sensitivity illuminates
correlation structures and tests whether importance signals persist
(consistency) and adjust in magnitude as expected (dose-response). This
helps differentiate stable, causally plausible drivers from artifacts of
multicollinearity or model-dependent attributions.

Supervised models often show instability in feature ranking due to
label-driven errors, while unsupervised models and non-target predic-
tion methods exhibit stronger stability in feature ranking orders.
Through our analysis of a publicly available dataset (16), we demon-
strate the methodological pitfalls of using supervised models for feature
importance assessment, highlighting the risks of misinterpretation when
these fundamental distinctions are overlooked.

We highlight that supervised models exhibit two distinct dimensions
of accuracy: target prediction accuracy and feature importance accu-
racy. While target prediction accuracy can be rigorously validated
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against ground truth labels, feature importance lacks corresponding
ground truth for validation purposes. To accurately determine consistent
predictive associations between predictors and outcomes, two critical
criteria must be examined: consistency across models and dose-response
relationships—criteria that existing studies have systematically failed to
address.

This paper methodically examines consistency and dose-response
relationships of late-life depression by comparing nine distinct feature
selection algorithms. Cross-validation techniques are implemented to
objectively assess the quality and reliability of selected features across
multiple data partitions, ensuring robustness against sampling vari-
ability. Additionally, we employ a novel “leave-top-feature-out”
approach, systematically removing the highest-ranked feature from each
algorithm and measuring the subsequent impact on model performance,
to quantify both the consistency of feature importance rankings across
different algorithmic frameworks and to establish whether clear dos-
e-response relationships exist between feature presence and outcome
prediction. This dual-validation framework directly addresses the epis-
temological gap identified earlier: the absence of ground truth for
feature importance validation. By treating consistency across model
specifications and dose-response patterns as surrogate indicators of
consistent predictive associations, rather than relying on target predic-
tion accuracy alone, this framework operationalizes the theoretical
distinction between prediction accuracy and feature importance accu-
racy that prior studies. Critically, this approach acknowledges that no
single algorithm yields definitive causal attributions, and that mean-
ingful inference requires triangulation across multiple algorithmic
frameworks and data subsets. Together, these theoretical and empirical
contributions establish a more rigorous methodological standard for
feature importance assessment in psychiatric machine learning research,
one that moves beyond prediction performance as a proxy for inter-
pretability and toward principled validation of associative claims.

As illustrated in Fig. 1, high predictive accuracy in supervised ma-
chine learning cannot be conflated with the validity of feature impor-
tance rankings. Because supervised algorithms minimize loss solely to
optimize target prediction, internal metrics offer no empirical ground
truth regarding true biological or causal relevance, leaving conventional
feature importance inherently unverifiable (Premise 1). Post-hoc ex-
plainers such as SHAP compound this issue: since an explainer strictly
interrogates the surrogate model (explainer = SHAP(model)), it inher-
ently inherits and potentially amplifies the model’s internal inductive
biases rather than resolving them (Premise 2). Consequently, both raw
feature attribution and SHAP outputs lack independent verification,
establishing an indispensable need for model-agnostic external feature
validation. To bridge this theoretical gap, we formulate the Leave-Top-
Feature-Out (LTFO) framework. Unlike existing ablation schemes that
evaluate unordered feature subsets, LTFO explicitly assesses ordered
(ranked) feature sets, thereby testing both feature ranking consistency
and the dose-response degradation of model performance when the
primary signal is perturbed.

While conventional ablation paradigms fail by treating features as
unordered sets—thereby discarding crucial hierarchical ranking
information—the LTFO framework explicitly operates on ordered
feature sequences. By systematically removing the top-ranked feature
and re-evaluating the residual hierarchy, LTFO concurrently examines
ranking stability and predictive dose-response relationships. Serving as
an indispensable external validation layer that decouples feature eval-
uation from model bias, LTFO provides a standardized, order-aware
benchmark that should be routinely integrated into machine learning
feature assessment workflows.

This limitation cannot be resolved simply by employing post-hoc
model explainers such as SHAP. By formulation, SHAP values are
mathematically conditional on the underlying trained model (explain-
er=SHAP(model)). Consequently, SHAP does not generate an indepen-
dent evaluation of feature validity; instead, it inherits, reflects, and
potentially amplifies any label-driven instability, multicollinearity, or
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Premise 1:
Feature importance from supervised models
has no ground truth for validation

onfirmed: no ground truth

Premise 2:
SHAP is defined as explainer = SHAP(model),
forcing sole dependence on an
unvalidated supervised model

Consequence 1;
Feature importance is inherently
"unverifiable”

onfirmed: sole dependence on model

Mechanism:
SHAP faithfully inherits
(and can amplify) the model's
feature-importance bias

l

Consequence 2:
SHAP output is also
\"unreliable / not guaranteed"

pd

Convergence:
Both feature importance AND SHAP output
lack ground truth

-

Qonfirmed: external validation required

\ 4

Necessary Requirement:

External feature validation
is indispensable

\ 4
Validation Method:
Leave-Top-Feature-Out (LTFO}
Remove the top-ranked feature while
preserving rank order, then re-evaluate

Y

Key Contrast:
Existing studies examine
NON-ORDERED feature sets

LTFO examines
ORDERED (ranked) feature sets

Y

Significance of LTFO:
Tests ranking censistency AND
dose-response relationship
{magnitude of rank shift after
removing the strongest feature)

(onfirmed: consistency & dose-response verified

A

Final Outcome:
A validated, order-aware,

and trustworthy feature
importance assessment

Fig. 1. Theoretical progression from the epistemological gaps of supervised
feature importance and SHAP to rank-aware validation via Leave-Top-Feature-
Out (LTFO).
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structural biases present in the predictive model. Because both super-
vised feature-selection algorithms and SHAP inherently lack ground-
truth validation, assessing the true reliability of feature rankings re-
quires an external, model-agnostic validation paradigm.

To operationalize external validation, we introduce the Leave-Top-
Feature-Out (LTFO) diagnostic framework, which fundamentally dif-
fers from standard feature-ablation methods. While conventional abla-
tion studies evaluate unordered subsets of features, LTFO explicitly
assesses ordered, ranked feature sets. By systematically removing top-
ranked features, the framework operationalizes key diagnostic criteria
adapted from epidemiological validation principles—specifically, eval-
uating ranking consistency and dose-response dynamics in response to
primary feature perturbations. In doing so, LTFO moves beyond super-
ficial stability metrics to provide a rigorous, order-aware diagnostic for
feature-importance robustness.

Methods

This paper examines feature quality through three complementary
dimensions: cross-validation for assessing predictive contribution, and
leave-top-feature-out approaches for evaluating consistency and dos-
e-response relationships. In contrast, existing studies have relied
exclusively on cross-validation accuracy, implicitly assuming that high
target prediction accuracy guarantees reliable feature importance, a
fundamental methodological conflation this paper seeks to correct.

This paper demonstrates a critical distinction in feature ranking
stability between supervised and unsupervised machine learning ap-
proaches. Using a public dataset of late-life depression from OpenML
with 181 instances and 35 features [15]. We intentionally remove in-
stances with more than 50 % missing data. We do conduct no scaling, no
transformation, no imputation not to alter raw values of the dataset.
Nine feature selection algorithms include diverse methods such as su-
pervised models (XGBoost: XGB, Random Forest: RF, Gradient Boosting
Machine: GBM, LASSO), unsupervised models (Feature Agglomeration:
FA, Highly Variable Gene Selection: HVGS), and non-target prediction
nonparametric statistical methods (Spearman's correlation) with/
without SHAP. For purposes of reproducibility and transparency, all
Python code used in this analysis, available as shapanalysis2.py, has
been made publicly accessible at GitHub [16].

Feature importance, feature selection, and dimensionality-reduction
methods differ fundamentally in how they define feature relevance, but
Feature Agglomeration (FA) and Highly Variable Gene Selection (HVGS)
share a property directly relevant to this study: neither uses the target
label during feature scoring. FA identifies feature groups through un-
supervised clustering on feature similarity, and HVGS ranks features by
variance in their own distribution; both criteria are computed inde-
pendently of any label-driven optimization. This absence of label
dependence means these methods cannot exhibit the specific failure
mode under investigation here — instability in feature rankings arising
from a model re-optimizing its decision boundary around correlated
predictors when a label-informative feature is removed. We therefore
include FA and HVGS not as conventional alternatives for supervised
feature selection, but as label-free reference points that isolate whether
the instability we observe in supervised methods originates from their
use of the label during scoring.

Because HVGS was originally developed for identifying highly vari-
able genes in transcriptomic data, we clarify its use here on clinical/
psychiatric variables. The variance-ranking principle underlying HVGS
is a general statistical criterion — features with greater dispersion carry
more discriminative information — and is not intrinsically tied to gene-
expression measurements. Variance-based feature ranking of this kind
has been applied to non-transcriptomic data, supporting its use as a
domain-general tool. We use it here for the same reason as FA: as a
second, methodologically distinct, label-free benchmark.

Feature importance, feature selection, and dimensionality reduction
all require external validation, because none of these methods produces
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an internally verifiable measure of correctness: each yields a ranking or
grouping of features without any ground-truth reference against which
that output can be checked, particularly in observational clinical/psy-
chiatric datasets where the true causal structure among variables is not
known. This absence of ground truth means that a method's own re-
ported accuracy or importance score cannot certify that the selected
features reflect genuine feature-outcome associations rather than arti-
facts of a particular model fit or sample. Existing studies have largely
neglected this requirement, typically reporting a single feature-ranking
or accuracy result from one method on one dataset split, without sub-
jecting that result to any external check of stability or reproducibility.
The leave-top-feature-out (LTFO) procedure proposed in this paper is
intended as one such external validation step: it tests whether a method's
feature ranking and resulting accuracy hold up when the top-ranked
feature is removed and the method is reapplied, using cross-method
comparison — rather than the method's own internal accuracy metric
— as the validating signal. Useful variance- or similarity-based tools
such as HVGS and FA, despite originating in different application do-
mains, can be repurposed across domains and disciplines as label-free
benchmarks within this type of external validation framework.

For consistency and dose-response relationship assessment, a leave-
topl-out approach is conducted: select top 5 features from full set (set1),
remove the highest feature from full set to create a reduced dataset, re-
select top 4 features from the reduced dataset (set2), and compare
feature importance ranking orders between two sets. Removing the
highest feature can produce a significant impact to feature ranking or-
ders to accommodate consistency and dose-response relationships.

This methodological approach serves a dual purpose: first, it enables
systematic evaluation of how different algorithms respond to the
removal of supposedly influential features, and second, it reveals
whether the importance rankings demonstrate the logical stability ex-
pected in genuine causal relationships. In a theoretically sound feature
importance framework, the removal of the top feature should not
drastically reorganize the entire importance hierarchy if true relation-
ships exist between features and the target variable. The leave-topl-out
technique specifically tests this property by examining if the relative
importance order among remaining features maintains consistency
when the highest-ranked feature is removed.

Furthermore, 5-fold cross-validation with selected features is con-
ducted for top 5 and top 4 features to assess target prediction accuracy.
This procedure divides the dataset into five equal parts, with four parts
used for training and one part for validation in each iteration, cycling

Table 1
Cross-validation accuracy and feature rankings across algorithms.
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through all possible combinations. By comparing predictive perfor-
mance using both the top 5 features from the full dataset and the top 4
features from the reduced dataset, we can determine whether feature
importance rankings translate meaningfully to practical predictive
utility. This cross-validation step provides critical insight into how the
stability of feature importance rankings relates to actual predictive
performance and helps validate whether the identified important fea-
tures genuinely contribute to the model's predictive capability.

Results

The analysis presented in Table 1 reveals striking performance dif-
ferences between these two methodological approaches. Notably, un-
supervised models not only outperform their supervised counterparts in
cross-validation accuracy but also demonstrate remarkable stability
across different validation scenarios. Both FA and HVGS achieved per-
fect accuracy scores with perfect consistency, maintaining identical
performance (1.00) across both cross-validation (CV5) and cross-
validation (CV4) evaluations. This consistency underscores the robust-
ness of unsupervised feature selection methods in clinical prediction
tasks.

Most significantly, the addition of SHAP values to supervised models
completely failed to address their inherent instability problems. Despite
SHAP's intended purpose of improving model interpretability and
potentially enhancing performance, supervised models with SHAP
exhibited identical instability patterns to their non-SHAP counterparts.
Random Forest with SHAP (RF-SHAP) showed the same dramatic ac-
curacy drop (1.00 — 0.802) as standard RF, while GBM-SHAP showed a
comparable performance decline (1.00 — 0.794), closely mirroring the
decline observed for standard GBM (1.00 — 0.763). This conclusively
demonstrates that SHAP integration did nothing to mitigate the insta-
bility issues plaguing supervised approaches.

In striking contrast, unsupervised methods maintained virtually
identical performance across both validation schemes without requiring
any additional explanation frameworks. Similarly, the Spearman cor-
relation method demonstrated stability comparable to most supervised
approaches in the CV4 scenario (0.771), regardless of SHAP integration.

These findings strongly suggest that unsupervised approaches pro-
vide not just superior accuracy but critically important stability and
generalizability for this dataset, while SHAP-based enhancements fail to
improve the fundamental instability issues of supervised models. This
paper empirically demonstrates that high target prediction accuracy

Method cv5 cv5 cv5 cv5 cv4 cv4 cv4 cv4 top5 features top4 features
acc Flclsl Flcls2  Flcls3  acc Flclsl Flcls2  Flcls3

RF 1 1 1 1 0.802 0.732 0.75 0.872 HDRS, HDRS _cognition, CGLi, UCLA, HDRS_cognition, CGLi, GDS_15,
GDS_15 UCLA

RF-SHAP 1 1 1 1 0.802 0.732 0.75 0.872 HDRS, HDRS_cognition, CGLi, UCLA, HDRS_cognition, CGLi, GDS_15,
GDS_15 UCLA

XGB 1 1 1 1 0.695 0.609 0.612 0.797 HDRS, HDRS_cognition, UCLA, HDRS_cognition, CGLi, suicide_risk,
onset_diagnosis_years, age PDQ_3

XGB- 1 1 1 1 0.733 0.681 0.645 0.82 HDRS, UCLA, onset_diagnosis_years, age, HDRS_cognition, CGLi, age, UCLA

SHAP HDRS_cognition
GBM 1 1 1 1 0.763 0.718 0.712 0.824 HDRS, age, duration_illness, R, UCLA HDRS_cognition, CGLi, UCLA,
number
GBM- 1 1 1 1 0.794 0.718 0.75 0.857 HDRS, number, gender, age, family status HDRS_cognition, CGLi, UCLA,
SHAP MMSE

FA 1 1 1 1 1 1 1 1 duration_illness, UCLA, duration UCLA, duration employment, HDRS,
employment, HDRS, MMSE MMSE

HVGS 1 1 1 1 1 1 1 1 number, duration_illness, UCLA, duration_illness, UCLA,
onset_diagnosis_years, HDRS onset_diagnosis_years, HDRS

Spearman 1 1 1 1 0.771  0.732 0.706 0.84 HDRS, HDRS_cognition, CGLi, GDS_15, HDRS_cognition, CGLi, GDS_15,
GDS_suic GDS_suic

LASSO 0.939 0.884 0.922 0.974 0.840 0.75 0.796 0.908 HDRS, MMSE, N_episodes, GDS_15, age CGLi, HDRS_cognition, family

status, diagnosis

Bold entries indicate features with inconsistent and unstable rankings.
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does not guarantee reliable feature importances due to label-driven er-
rors while unsupervised models exhibit stronger stability in feature
importance ranking orders due to the absence of label-driven errors.

While statistical significance (p-values) (the number of instances
should be larger than 600) is not applicable due to small size dataset, we
computed CI and standard deviation of accuracy of ten algorithms with
10-time runs. Python code (ci.py) is created to generate confidential
index and standard deviation of all algorithms. Table 2 illustrates pre-
dictive accuracy comparison across feature selection and attribution
methods under cross-Validation (Mean + SD [95% CI]).

Discussion

Existing feature ablation studies operate on unordered feature sets.
In standard ablation analysis, a feature (or subset of features) is
removed, typically arbitrarily, exhaustively, or one-at-a-time in no
meaningful sequence, and the resulting change in performance is
observed. This procedure treats “which feature was removed” as an
unordered label: the ablation of feature A and the ablation of feature B
are evaluated as parallel, independent trials, with no ordering rela-
tionship between them. Standard ablation, by construction, discards
rank information entirely: it can indicate that removing a feature
changes performance, but it cannot test whether performance degrades
in a manner consistent with the feature's rank position in an importance
ordering.

LTFO is constructed specifically to preserve and test that ordering.
LTFO removes the top-ranked feature according to each method's own
importance ordering, then re-derives the ranking on the remaining
features and again removes the new top-ranked feature, proceeding
sequentially down the ordered list (top-5 — top-4 — ...). This is not an
arbitrary or exhaustive removal scheme; it is a removal scheme indexed
by rank itself. The object under test is therefore the ordered set of fea-
tures, not the feature set as an unordered collection. This distinction
allows LTFO to ask a question standard ablation cannot address: does
performance degrade in a manner consistent with the claimed ranking
— i.e., does removing the feature a method identifies as most important
produce a systematically larger effect than removing a lower-ranked
one, and is that ordering itself stable across resampling and across
methods? An unordered ablation procedure has no mechanism to pose
this question, because it has no rank structure to interrogate in the first
place.

Unlike conventional feature ablation, which removes features
without regard to their relative importance ranking and therefore
evaluates an unordered set of removals, LTFO removes features
sequentially in rank order — the top-ranked feature first, followed by re-
ranking and removal of the new top-ranked feature — and thereby
evaluates an ordered set of removals. This ordering is essential to the
method: it tests whether a method's claimed importance ranking is itself
stable and consequential under sequential perturbation, a question that
is not addressable by unordered ablation, which discards rank infor-
mation by construction.

Table 2
Predictive Accuracy Comparison Across Feature Selection and Attribution
Methods Under Cross-Validation (Mean + SD [95 % CI]).

method CV5_accuracy CV4_accuracy

RF 0.989 =+ 0.007 [0.984, 0.995] 0.794 + 0.020 [0.779, 0.808]
RF-SHAP 0.989 =+ 0.007 [0.984, 0.995] 0.792 + 0.017 [0.780, 0.805]
XGB 1.000 + 0.000 [1.000, 1.000] 0.737 £ 0.026 [0.719, 0.756]
XGB-SHAP 1.000 £ 0.000 [1.000, 1.000] 0.792 + 0.035 [0.766, 0.817]
GBM 1.000 + 0.000 [1.000, 1.000] 0.782 + 0.020 [0.768, 0.797]
GBM-SHAP 1.000 + 0.000 [1.000, 1.000] 0.795 + 0.027 [0.775, 0.814]
FA 1.000 £ 0.000 [1.000, 1.000] 0.996 + 0.005 [0.992, 1.000]
HVGS 0.998 =+ 0.004 [0.995, 1.000] 0.999 + 0.002 [0.998, 1.001]
Spearman 0.986 + 0.009 [0.980, 0.992] 0.785 + 0.015 [0.774, 0.795]
LASSO 0.930 £ 0.014 [0.920, 0.940] 0.826 + 0.012 [0.817, 0.835]
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The findings of this study have important implications for the
growing body of machine learning research in psychiatric and geriatric
health contexts, particularly regarding the appropriate interpretation
and validation of feature importance metrics. As demonstrated empiri-
cally using a publicly available late-life depression dataset, supervised
models frequently produce unreliable feature importance rankings
despite achieving high target prediction accuracy, a discrepancy that has
been systematically overlooked in the existing literature. This funda-
mental methodological conflation between predictive performance and
explanatory validity represents a critical epistemological gap that this
paper seeks to address.

Chen et al. investigated the relationships between smartphone
addiction, use preferences, and depression among older adults in the
digital context, employing a Random Forest model combined with SHAP
analysis to assess and interpret feature importance [1]. Similarly, Yang
et al. proposed the development and validation of machine learning
models for predicting falls among hospitalized older adults, utilizing
multiple supervised learning models alongside SHAP values to enhance
feature interpretation and model transparency [2]. Both studies exem-
plify the increasing adoption of explainable artificial intelligence
methods in clinical research while also illustrating the broader meth-
odological vulnerability identified in this paper, namely, the uncritical
reliance on SHAP as a validation tool without acknowledging its
dependence on the underlying supervised model's unvalidated feature
importances.

When a supervised model produces feature importances, these met-
rics reflect contributions to prediction rather than true causal associa-
tions. Consequently, high target prediction accuracy does not guarantee
reliable feature importances, and the derived importances are inherently
distorted, potentially leading to erroneous interpretations. Researchers
must acknowledge that supervised models inherently possess two
distinct types of accuracy: target prediction accuracy and feature
importance accuracy. While target prediction accuracy can be rigor-
ously validated against ground truth labels, feature importance accuracy
lacks a corresponding ground truth for validation, revealing a funda-
mental gap in feature assessment that may result in misleading con-
clusions. This distinction is critical, as conflating predictive performance
with explanatory validity undermines the integrity of clinical and
behavioral inferences drawn from such models. Furthermore, the func-
tion explainer = SHAP(model) demonstrates that SHAP is constrained to
rely exclusively on a given supervised model whose feature importances
remain unvalidated, thereby inherently inheriting and potentially
amplifying the underlying biases embedded within those importances.
This limitation raises serious concerns about the uncritical application of
SHAP as an explainability tool, particularly in high-stakes domains such
as healthcare, where misattributed feature relevance can have signifi-
cant consequences for clinical decision-making and patient outcomes.

The results of this study provide compelling empirical support for
these theoretical concerns. The analysis revealed striking performance
differences between supervised and unsupervised feature selection ap-
proaches, with unsupervised models not only outperforming their su-
pervised counterparts in cross-validation accuracy but also
demonstrating remarkable stability across different validation scenarios.
Both Feature Agglomeration and Highly Variable Gene Selection ach-
ieved superior accuracy scores with perfect consistency, maintaining
identical performance across both five-fold cross-validation evaluations.
Most significantly, the addition of SHAP values to supervised models
completely failed to address their inherent instability problems. Random
Forest with SHAP showed the same dramatic accuracy drop as standard
Random Forest, while Gradient Boosting Machine with SHAP replicated
the substantial performance decline of its non-SHAP counterpart. This
conclusively demonstrates that SHAP integration did nothing to mitigate
the instability issues inherent to supervised approaches, undermining
the assumption that explainability tools can compensate for or correct
label-driven biases in feature ranking.

These instability patterns observed in supervised models can be
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understood through the lens of label-driven errors, whereby the opti-
mization process oriented toward outcome prediction introduces sys-
tematic distortions in how features are ranked and weighted. In contrast,
unsupervised models operate independently of outcome labels, thereby
avoiding this source of bias and producing more stable and generalizable
feature importance rankings. The Spearman correlation method further
corroborated this pattern, demonstrating superior stability compared to
all supervised approaches, reinforcing the broader principle that non-
target prediction methods offer more reliable feature assessment
under conditions of high dimensionality and complex variable
interactions.

To address the absence of ground truth in feature importance vali-
dation, this paper proposes examining two critical criteria drawn from
the extended Bradford Hill framework [3]: consistency across model
specifications and dose-response relationships across data subsets
[3-14]. The leave-top-feature-out diagnostic approach implemented
here operationalizes these criteria by systematically removing the
highest-ranked feature and evaluating the subsequent impact on feature
ranking orders and predictive performance. In a theoretically sound
feature importance framework, the removal of the top feature should not
drastically reorganize the entire importance hierarchy if consistent
predictive associations exist between features and the target variable.
The observed sensitivity of supervised models to this perturbation, in
contrast to the stability maintained by unsupervised approaches, further
validates the methodological distinction proposed in this paper.

This dual-validation framework, combining cross-validation for
predictive contribution assessment with the leave-top-feature-out
approach for consistency and dose-response evaluation, directly ad-
dresses the epistemological gap that prior studies have failed to close. By
treating consistency across model specifications and dose-response
patterns as surrogate indicators of consistent predictive associations,
rather than relying on target prediction accuracy alone, researchers can
move toward more principled and defensible interpretations of feature
importance in clinical machine learning research. Critically, no single
algorithm yields definitive causal attributions, and meaningful inference
requires triangulation across multiple algorithmic frameworks and data
subsets.

The implications of these findings extend beyond the specific dataset
and algorithms examined in this study. JMIR Aging has published a
growing body of research utilizing machine learning for feature assess-
ment, with substantial and increasing numbers of articles employing
feature importance, feature selection, and SHAP methodologies across
recent years. This significant trend reflects genuine and valuable interest
in leveraging supervised models within psychiatric and geriatric
research datasets. However, the systematic failure to validate feature
importance through consistency and dose-response criteria means that a
substantial portion of conclusions regarding key predictors in these
studies may be unreliable, potentially misdirecting clinical attention and
resource allocation. Addressing this gap requires not merely methodo-
logical refinement but a fundamental reconceptualization of what su-
pervised machine learning models can and cannot validly claim to
demonstrate.

This study is not without limitations. The empirical demonstration
relies on a single publicly available dataset of relatively modest size, and
future research should examine whether the patterns observed here
generalize across larger, more diverse datasets and alternative clinical
domains. Additionally, while the leave-top-feature-out approach pro-
vides a practical diagnostic tool, it represents one operationalization of
the broader consistency and dose-response framework, and further
methodological development is warranted to refine and extend these
validation criteria. Nevertheless, the convergence of theoretical
reasoning and empirical evidence presented here establishes a more
rigorous methodological standard for feature importance assessment in
psychiatric machine learning research, one that moves decisively
beyond prediction performance as a proxy for interpretability and to-
ward principled validation of associative claims.
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While this paper examines feature consistency and dose-response
relationships via the LTFO, other feature properties—such as correla-
tions, multicollinearity, and redundant predictors—should also be
evaluated using suitable diagnostic tools. For instance, when diagnosing
multicollinearity, nonlinear methods such as the Random Forest
Redundancy Index (RFRI), which is based on nonlinear Random Forest,
may be more appropriate than linear approaches such as the Variance
Inflation Factor (VIF), which is based on linear OLS. Researchers must
acknowledge that violating underlying model assumptions can poten-
tially distort all metric scores; this concern is particularly relevant when
VIF—a method designed for linear relationships—is applied to
nonlinear data. The outcomes from data analysis tools are reliable only
when underlying assumptions are satisfied.
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