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ABSTRACT
Random forest (RF) models can achieve high predictive accuracy, yet their model-specific feature importances may be unstable 
and misleading. Using an allergy benchmark dataset (10,000 instances, 11 features), we compared five selection strategies—RF, 
logistic regression, feature agglomeration (FA), highly variable gene selection (HVGS), and Spearman correlation—evaluating 
cross-validated accuracy with the top five features and after removing the top two (reselecting the top three). RF attained 0.9999 
accuracy with the top five but fell to 0.8836 and showed unstable rankings; logistic regression maintained 0.9116 but was also un-
stable. FA, HVGS, and Spearman achieved near-perfect accuracy (0.9999) with the top five and modest declines (0.9076–0.9116) 
with stable rankings. Results underscore that accuracy does not imply reliable importance; stability-aware, model-agnostic, or 
unsupervised methods better support reproducible biomarker discovery.

Shahbazi Khamas et al. investigated complementary predictors 
of asthma attacks in children, including the salivary microbi-
ome, serum inflammatory mediators, and prior attack history 
[1]. They trained a random forest (RF) model on a training set 
and optimized feature selection using fivefold cross-validation 
with 10 repetitions. This strategy aims to balance bias and vari-
ance in performance estimation and helps ensure that each 
fold contains a representative distribution of outcome classes. 
Classification accuracy was used as the primary performance 
metric [1].

However, using RF for feature selection raises important theo-
retical and empirical concerns due to its model-specific nature, 
which can lead to misleading interpretations. While supervised 
learning models like RF use ground-truth labels to validate tar-
get prediction accuracy, the feature importance values derived 
from these models do not have an analogous ground truth for 
validation, leading to erroneous interpretations [2–5]. Variable 
importance measures in RF show a bias towards correlated 

predictor variables [3]. It is critical to distinguish between two 
types of accuracy in supervised machine learning models: target 
prediction accuracy and the reliability of feature importance es-
timates. Feature importance reflects a variable's contribution to 
a given model's predictions, not necessarily a true causal or as-
sociative relationship. As a result, high predictive accuracy does 
not guarantee that the inferred feature importances are reliable 
or stable across resamples, models, or slight perturbations of the 
data [6–9].

To probe these issues, this study analyzes an allergy benchmark 
dataset comprising 10,000 instances and 11 features to assess 
the effectiveness of feature selection and the stability of feature 
rankings [10]. Allergy prediction refers to using the model to 
distinguish allergic from non-allergic outcomes based on mea-
sured independent variables, while feature importance quan-
tifies the associations between each predictor and the target 
outcome, with the rankings indicating the relative influence of 
those predictors within the model. The dataset has the following 
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variables: Age, Gender, Family_History, Previous_Reaction, 
Symptoms, Food_Type, Food_Frequency, Medical_Conditions, 
IgE_Levels, Severity_Score, and Allergic (target).

Five approaches are compared: supervised models (RF and 
logistic regression), unsupervised methods such as feature ag-
glomeration (FA) and highly variable gene selection (HVGS), 
and a non-target, supervised statistical procedure such as 
Spearman's correlation with p-values. Top five features are se-
lected by each method, reduced datasets are constructed, and 
cross-validation performance is evaluated on these reduced 
sets. The premise is that superior feature selection should yield 
higher cross-validation accuracy. In a complementary stability 
test, the top two features are removed from the original data-
set, the top three features are then reselected, and rankings are 
compared against the initial top five to evaluate consistency and 
robustness of feature selection.

Table 1 shows that several methods achieved near-perfect cross-
validation performance with the top five features but differed 
in stability and robustness when the top two features were re-
moved. RF reached 0.9999 accuracy with the top five features 
but dropped to 0.8836 with the top three and exhibited unstable 
feature rankings, indicating sensitivity to feature set changes. 
Logistic regression achieved 0.9116 accuracy with both the top 
five and top three features, yet its rankings were unstable, sug-
gesting multiple near-equivalent feature subsets. FA and HVGS 
each attained 0.9999 accuracy with the top five features and 
0.9076 with the top three while maintaining stable rankings, 
reflecting consistent selection under perturbation. Spearman 
correlation likewise delivered 0.9999 accuracy with the top five 
and 0.9116 with the top three, with stable rankings, highlight-
ing reliable, reproducible feature prioritization. Overall, stabil-
ity favored the unsupervised and correlation-based approaches, 
whereas RF and logistic regression produced less consistent 
rankings despite competitive accuracy. For purposes of repro-
ducibility and transparency, Python code, allergy.py, is publicly 
available at GitHub [11].

In summary, high predictive accuracy alone does not ensure 
reliable feature importance or stable feature rankings. On the 
benchmark dataset, RF achieved excellent accuracy with the 
top five features but showed instability and performance deg-
radation when top features were removed, underscoring its 

sensitivity to feature set changes. Logistic regression main-
tained accuracy but also yielded unstable rankings, suggest-
ing nonunique solutions. In contrast, unsupervised methods 
(FA, HVGS) and Spearman correlation combined near-perfect 
accuracy with stable rankings, indicating more reproducible 
feature prioritization. These findings caution against relying 
on model-specific importances for inference and support using 
stability-aware, model-agnostic, or unsupervised selection for 
transparent, reproducible biomarker discovery. Reproducible 
code (allergy.py) is available on GitHub [11].
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