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Beyond SHAP: Exposing the instability of supervised feature importance and the necessity of 
external validation in soil microbiome research☆
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A B S T R A C T

Soil Biology and Biochemistry has published six articles employing SHAP for feature importance assessment 
despite the absence of ground truth validation, exemplified by Du et al. (2026). This study empirically dem
onstrates that supervised models (Random Forest, XGBoost), with and without SHAP, exhibit substantial insta
bility and inconsistency in feature ranking orders, whereas unsupervised methods (Gaussian Mixture Model, 
Highly Variable Gene Selection) and Spearman correlation achieve perfect ranking consistency and 
stability—despite all seven algorithms showing statistically comparable predictive accuracy (0.502–0.511). This 
dissociation between predictive accuracy and interpretive stability reveals that SHAP-derived rankings constitute 
model-specific artifacts rather than reliable ecological insights. We introduce a leave-top-feature-out (LTFO) 
framework grounded in the extended Bradford Hill criteria, incorporating feature consistency and dose-response 
relationships, as a necessary external validation approach for feature importance claims in soil microbiome and 
broader ecological modeling research.

Researchers often fail to acknowledge the fundamental principles 
underlying supervised models, neglecting critical assumptions and 
overlooking the absence of ground truth in feature assessment calcula
tions (Domingo, 2026; Qian et al., 2026). Furthermore, researchers 
frequently do not distinguish between methodological 
types—parametric versus semiparametric versus nonparametric, and 
linear versus nonlinear. When linear methods are applied to nonlinear 
data, or when parametric or semiparametric methods are applied to 
nonparametric data, the resulting outcomes, including metric scores, 
can be substantially distorted. This mismatch leads to erroneous in
terpretations and conclusions, as it violates the underlying assumptions 
of the model when applied against the nonlinear, nonparametric nature 
of real-world data—unless the linear, parametric nature of the data can 
first be established. This paper focuses specifically on these issues within 
supervised models.

Schiller et al. (2025) reviewed 575 explainable artificial intelligence 
applications in environmental and Earth system sciences, finding that 
SHAP/Shapley approaches were the most frequently used method. 
However, only 7 studies (1.2%) explicitly identified trustworthiness as a 
central objective, leading the authors to emphasize that explainability 
does not automatically confer trustworthiness. Similarly, Stock et al. 
(2023) noted that although machine learning has become a popular 
tool in ecology, many scientific applications suffer from data leakage 
and other common pitfalls, which can produce misleading results. They 
argue that discipline-specific model information sheets must be devel
oped to support more rigorous model evaluation.

Soil Biology and Biochemistry has published 6 articles employing 
SHAP (SHapley Additive exPlanations) to assess feature importance, 

despite the complete absence of ground truth in feature assessment—a 
field-wide limitation that undermines the interpretability of these 
models. A representative case among the 6 SHAP-based studies is that of 
Du et al. (2026), in which they did not acknowledge that feature 
importance derived from supervised models, and SHAP's outputs in 
particular, rely solely on a given supervised model and therefore 
constitute unvalidated and unreliable estimates of feature importance. 
This is because supervised models inherently possess two distinct types 
of accuracy: target prediction accuracy and feature importance reli
ability. While target prediction accuracy can be rigorously validated 
against ground truth labels, feature importance lacks any corresponding 
ground truth for validation. In other words, high target prediction ac
curacy does not guarantee reliable feature importance.

This asymmetry between the two types of accuracy has a critical 
consequence: feature importance derived from supervised models re
flects each variable's contribution to the model's prediction, not its true 
ecological or biological association with the outcome, nor a reliable 
measure of feature importance in any general sense. In other words, a 
high SHAP value indicates that a feature strongly influenced a particular 
model's output given the specific data, algorithm, and hyperparameters 
used—but it does not confirm that the feature is genuinely or consis
tently important in the underlying biological system. Because no inde
pendent, model-free benchmark exists against which SHAP rankings can 
be checked, apparent feature importance may be an artifact of model 
architecture, training data idiosyncrasies, multicollinearity among fea
tures, or random variation in model fitting, rather than a stable or 
reproducible signal. This complete absence of ground truth in feature 
assessment means that SHAP outputs, however mathematically elegant, 
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cannot be validated internally and therefore require external, indepen
dent verification before being treated as evidence of true feature 
importance. Without such validation, SHAP-derived rankings remain 
model-specific artifacts rather than generalizable ecological or biolog
ical insights.

This paper introduces the necessary external feature validation 
framework, such as a leave-top-feature-out (LTFO) approach, grounded 
in the extended Bradford Hill criteria with two mandatory components: 
feature consistency and dose-response relationships to calculate reliable 
feature importance (Hill, 1965; Thapa et al., 2026; Loughman et al., 
2026; Loos et al., 2026; Zhao et al., 2026; Pengo et al., 2026). The 
LTFO operates as follows: select the top n features from the full set 
(set1), remove the highest-ranked feature from the full set to create a 
reduced dataset, re-fit and re-select the top n-1 features from the 
reduced dataset (set2), and compare the two ordered sets of feature 
ranking orders. Eliminating the highest-ranked feature potentially cre
ates the strongest impact on feature ranking orders, while removing the 
lowest-ranked feature generates the weakest impact.

While this paper examines a single dataset, LTFO has been validated 
successfully across a wide range of domains and disciplines employing 
diverse datasets to demonstrate its robustness and generalization 
(Takefuji, 2025a, 2025b; 2026a; 2026b; 2026c; 2026d; 2026e; 2026f). 
While existing ablation or perturbation studies, such as Jaccard-based 
and other methods, discard critical feature ranking order information 
by treating features as unordered sets, the LTFO examines ordered sets 
of feature rankings, preserving ranking information to assess feature 
consistency and dose-response relationships.

This paper empirically demonstrates these pitfalls regarding the use 
of supervised models with and without SHAP for feature assessment 
across multiple algorithms such as supervised models (Random Forest: 
RF, RF-SHAP, XGBoost: XGB, XGB-SHAP), unsupervised models 
(Gaussian Mixture Model: GMM, Highly Variable Gene Selection: HVGS) 
and non-target-prediction nonparametric statistical method like Spear
man's correlation. Bacteria_Abundance serves as a target with 100000 
samples and 11 features. For purposes of reproducibility and trans
parency, Python code, cvshap2.py was publicly available on GitHub 
(2026).

Table 1 summarizes the 5-fold cross-validation accuracy and corre
sponding feature ranking orders (Top-6 and Top-5) across seven algo
rithms, comprising supervised classifiers with and without SHAP (RF, 
XGB, RF-SHAP, XGB-SHAP), unsupervised methods (HVGS, GMM), and 
a correlation-based approach (Spearman).

Cross-validation accuracy remained tightly clustered across all seven 
methods, ranging narrowly from 0.502 (XGB-SHAP) to 0.511 (XGB and 
Spearman), with a spread of only 0.009. This near-equivalence in pre
dictive performance indicates that no single algorithmic family — 
whether supervised, unsupervised, or correlation-based — offers a 
meaningful advantage in classification accuracy over the others, sug
gesting that the underlying signal-to-noise structure of the dataset im
poses a comparable ceiling on predictive performance regardless of the 
modeling approach employed.

Despite comparable accuracy, the supervised approaches exhibited 
pronounced instability in feature ranking order, both in the presence 
and absence of SHAP-based interpretation. Among the Top-6 features, 
RF, XGB, RF-SHAP, and XGB-SHAP each produced markedly different 
rankings and, in several cases, different feature compositions altogether. 
Notably, Fungi_Abundance (%) occupied the top rank in RF, RF-SHAP, 
and XGB-SHAP, yet was ranked fifth in XGB — a striking reordering 
given otherwise similar accuracy. Similarly, CO2_Emission (μg/g/day) 
ranked first in XGB but only fourth or lower in the SHAP-based variants. 
This inconsistency persisted, and in some cases intensified, when tran
sitioning from Top-6 to Top-5 rankings: for instance, Fungi_Abundance 
(%) dropped out of the Top-5 entirely in RF, RF-SHAP, and XGB-SHAP 
despite ranking first in the Top-6 for three of these four methods, 
while CO2_Emission (μg/g/day) shifted from first (Top-6, XGB) to 
entirely absent (Top-5, XGB). The application of SHAP did not resolve 

this instability; rather, RF-SHAP and XGB-SHAP diverged from their 
non-SHAP counterparts (RF and XGB, respectively) in both feature 
composition and rank order, indicating that SHAP-based attribution 
introduces its own source of ranking variability rather than stabilizing 
the rankings derived from the underlying supervised model.

In sharp contrast, the unsupervised clustering methods (HVGS and 
GMM) produced identical feature rankings in both the Top-6 and Top-5 
lists — an exact one-to-one correspondence in both feature identity and 
order (NH4_Nitrate (μg/g), C_N_Ratio, Fungi_Abundance (%), CO2_E
mission (μg/g/day), Urease (μmol/g/h), Organic_C (%) for Top-6; 
identical ordering for Top-5). This perfect concordance between two 
independently derived unsupervised algorithms strongly suggests that 
HVGS and GMM are capturing a stable, reproducible underlying struc
ture in the data that is largely invariant to the specific unsupervised 
technique applied. Furthermore, the Spearman correlation-based 
ranking exhibited internal consistency between its own Top-6 and 
Top-5 lists, with the Top-5 features representing a perfectly preserved 
subset and order of the Top-6 ranking (simply dropping CO2_Emission 

Table 1 
Cross-validation accuracy and feature ranking orders across algorithms. Bold 
entries indicate features with inconsistent and unstable ranking orders.

Method CV6 
accuracy

CI:95% Top 6 feature 
rankings

Top 5 feature 
rankings

RF 0.503 [0.481, 
0.526]

Fungi_Abundance 
(%), Soil_pH, 
NH4_Nitrate (μg/g), 
CO2_Emission (μg/ 
g/day), C_N_Ratio, 
Urease (μmol/g/h)

CO2_Emission (μg/ 
g/day), NH4_Nitrate 
(μg/g), Soil_pH, 
Urease (μmol/g/h), 
C_N_Ratio

XGB 0.511 [0.491, 
0.53]

CO2_Emission (μg/ 
g/day), 
β_Glucosidase 
(μmol/g/h), 
NH4_Nitrate (μg/g), 
Urease (μmol/g/h), 
Fungi_Abundance 
(%), C_N_Ratio

Urease (μmol/g/h), 
C_N_Ratio, 
NH4_Nitrate (μg/g), 
β_Glucosidase 
(μmol/g/h), 
Fungi_Abundance 
(%)

RF-SHAP 0.508 [0.497, 
0.519]

Fungi_Abundance 
(%), NH4_Nitrate 
(μg/g), C_N_Ratio, 
CO2_Emission (μg/ 
g/day), 
β_Glucosidase 
(μmol/g/h), 
Organic_C (%)

NH4_Nitrate (μg/g), 
CO2_Emission (μg/ 
g/day), C_N_Ratio, 
Organic_C (%), 
β_Glucosidase 
(μmol/g/h)

XGB- 
SHAP

0.502 [0.492, 
0.512]

Fungi_Abundance 
(%), Organic_C (%), 
Soil_pH, C_N_Ratio, 
β_Glucosidase 
(μmol/g/h), Urease 
(μmol/g/h)

Urease (μmol/g/h), 
C_N_Ratio, Soil_pH, 
Organic_C (%), 
β_Glucosidase 
(μmol/g/h)

HVGS 0.505 [0.495, 
0.515]

NH4_Nitrate (μg/g), 
C_N_Ratio, 
Fungi_Abundance 
(%), CO2_Emission 
(μg/g/day), Urease 
(μmol/g/h), 
Organic_C (%)

C_N_Ratio, 
Fungi_Abundance 
(%), CO2_Emission 
(μg/g/day), Urease 
(μmol/g/h), 
Organic_C (%)

GMM 0.505 [0.495, 
0.515]

NH4_Nitrate (μg/g), 
C_N_Ratio, 
Fungi_Abundance 
(%), CO2_Emission 
(μg/g/day), Urease 
(μmol/g/h), 
Organic_C (%)

C_N_Ratio, 
Fungi_Abundance 
(%), CO2_Emission 
(μg/g/day), Urease 
(μmol/g/h), 
Organic_C (%)

Spearman 0.511 [0.495, 
0.527]

CO2_Emission (μg/ 
g/day), C_N_Ratio, 
Organic_C (%), 
β_Glucosidase 
(μmol/g/h), 
Fungi_Abundance 
(%), Land_Use_Type

C_N_Ratio, Organic_C 
(%), β_Glucosidase 
(μmol/g/h), 
Fungi_Abundance 
(%), Land_Use_Type
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(μg/g/day) from the top position while retaining the relative order of the 
remaining five features). This stability within the Spearman approach, 
despite achieving accuracy on par with the top-performing supervised 
model (0.511), reinforces the notion that rank-based and unsupervised 
structural approaches yield more robust and reproducible feature or
derings than supervised classifiers, irrespective of SHAP-based inter
pretability enhancements.

Taken together, these findings reveal a critical dissociation between 
predictive accuracy and interpretive stability: while all seven algorithms 
achieve statistically comparable classification performance, only the 
unsupervised (HVGS, GMM) and correlation-based (Spearman) methods 
yield feature rankings that are internally consistent and stable across 
ranking depths. Supervised models — regardless of whether SHAP is 
applied — display substantial rank volatility, undermining confidence in 
any single feature-importance ordering derived from these methods and 
highlighting the necessity of triangulating feature importance across 
multiple methodological paradigms rather than relying on any one su
pervised or SHAP-based ranking in isolation.
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