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Abstract

This paper investigates whether SHAP (SHapley Additive exPlanations) values can be useful for feature selection
in Random Forest models. Using SHAP-based elimination, we aim to make models less resource-intensive. We
conduct experiments across three binary classification datasets, progressively removing features with the lowest
SHAP values and monitoring changes in accuracy, training time, and memory usage during training. Additionally,
we analyze the stability of SHAP rankings throughout the feature reduction process and compare them with single-
feature model performance. The results show that it is possible to significantly reduce resource consumption and
in some cases even slightly improve performance by removing features with low SHAP values. In conclusion,
SHAP-based feature selection offers a promising approach to building more efficient and interpretable tree-based
models. We also identify directions for future research, including applications in multi-class settings and deeper
analysis of redundant or interacting features.
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1. Introduction

In recent years, learning methods have become widely used due to their high predictive performance.
Examples are neural networks [1, 2], and fuzzy models [3, 4] or clustering algorithms and heuristics [5, 6].
Random Forests are one of them. They achieve good results in medicine [7, 8], energy technology [9, 10],
businesses [11] classification or regression problems. However, despite their effectiveness, Random
Forests are often considered "black box" models, making it difficult to understand how individual
features influence predictions. This lack of interpretability presents challenges in areas where model
transparency is crucial, such as healthcare, finance, or policymaking.

To address these challenges, model explainability techniques like SHAP (SHapley Additive exPla-
nations) [12] have been developed. SHAP assigns importance scores to features by estimating their
contribution to the model’s predictions, using principles from Shapley values in cooperative game
theory. By providing a consistent and theoretically sound measure of feature impact, SHAP offers a
powerful tool for interpreting complex models.

In this study, we explore whether SHAP values can be used not only for interpretation but also
for feature selection. Specifically, we examine how removing low-importance features affects the
performance of a Random Forest model. Our goal is to determine whether SHAP-based feature reduction
can maintain or even improve performance while simplifying the model and reducing computational
costs. Additionally, we investigate whether there are "safe" SHAP thresholds below which features can
be removed with little to no negative effect on performance. We also compare SHAP-based feature
importance to the accuracy achieved by training the model on individual features alone.

Interestingly, our results show that in some datasets, certain single features can achieve surprisingly
high accuracy, comparable to the full feature set. However, this observation is nuanced: while one
feature may perform well in isolation, retaining a small group of features can help stabilize predictions
and increase model robustness, especially under distributional shifts. In the end, this paper aims to
demonstrate how SHAP can serve not only as a tool for interpretability but also as a practical guide for
model simplification and optimization.
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2. Methodology

2.1. Random Forest

The Random Forest algorithm [13] is a well-known supervised learning method used for classification
and regression tasks. It creates multiple decision trees during training and returns the most frequent
class for classification or the average prediction for regression. It was chosen as the base model due to
strong predictive performance, robustness to overfitting, and ability to handle various types of data with
minimal preprocessing. As a tree-based ensemble, it is compatible with SHAP, providing an efficient and
accurate computation of SHAP values. Additionally, Random Forest provides native feature importance
measures, which gives room for further research. These properties make it an ideal model for studying
the impact of feature reduction on both interpretability and performance.

2.2. SHapley Additive exPlanations

To interpret feature importance in Random Forest models, we apply SHAP (SHapley Additive exPlana-
tions) values. SHAP provides mathematical way to explain how much each feature contributes to the
final prediction made by a model. It works by fairly distributing the "credit" for a prediction among all
input features, based on how each one influences the output when combined with others.

In this study, we use Performance SHAP instead of the standard Tree SHAP algorithm. Performance
SHAP is a variant designed to evaluate feature importance based on changes in the model’s performance
metric (here accuracy) when specific features are marginalized, permuted, or otherwise manipulated.
This allows for a broader, model-agnostic assessment of feature relevance, potentially capturing inter-
actions and dependencies that Tree SHAP might not fully account for. Performance SHAP value for
feature 4 on instance j can be expressed as:

o9 = M(S Ui}, j) — M(S, ) (1)
where:

« S C F\ {i} is a subset of features excluding feature 1,
« Fis the set of all features,
« M(S, j) represents the model’s performance for instance j when only features in S are available.

The SHAP values are computed across the entire training dataset. To obtain a global measure of feature
importance, we aggregate the absolute SHAP values for each feature across all instances. Specifically,
for a feature i, its overall importance score I; is given by:

1 ZN ()
;= — .‘7

where (bgj ) denotes the SHAP value of feature 7 for instance j and N is the total number of instances
in the dataset.

This aggregated importance I; is subsequently used to identify features with low predictive relevance,
which are candidates for removal in the feature selection step.

2.3. Datasets

For the purpose of this article, we used 3 datasets with binary classification:

+ Machine Failure (dataset A) - contains sensor data collected from various machines. Consists of
10 columns total, with *fail’ column being the target variable. The data originate from Kaggle'
and are licensed under the Apache License 2.0.

'https://www.kaggle.com/datasets/umerrtx/machine-failure-prediction-using-sensor-data


https://www.kaggle.com/datasets/umerrtx/machine-failure-prediction-using-sensor-data

+ Manufacturing Defects (dataset B) - Factors Influencing Defect Rates in a Manufacturing Envi-
ronment. Consists of 17 columns total, with 'DefectStatus’ being the target variable. The data
originate from Kaggle? and are licensed under Attribution 4.0 International (CC BY 4.0). *

« Company Bankrupt Prediction (dataset C) - contains data collected from the Taiwan Economic
Journal for the years 1999 to 2009. 96 columns total, with 'Bancrupt?’ being the target variable.
The data originate from Kaggle*.

2.4. Feature Selection

For feature selection, we calculate the mean absolute SHAP value for each feature and then remove
the feature with the lowest value, one at a time for dataset A. For datasets B and C, we first remove
features with significantly lower SHAP values, followed by removing one or two features at a time.
This approach allows us to observe if there are any "sweet spots" where the model achieves the best
accuracy.

2.5. Performance Comparison

We compare the baseline and reduced models by evaluating their accuracy, training time and memory
usage during training. To gain deeper insights into the impact of feature removal, we also track how
SHAP values evolve as features are progressively eliminated. This helps us understand not only the
overall model performance but also how the importance of remaining features may shift during the
feature selection process.

3. Experiments

3.1. Experimental Setup

All experiments were conducted using a standard 80/20 train-test split, ensuring that each dataset was
divided into 80% for training and 20% for evaluation. To maintain consistency across all experiments,
the same random seed was used during data shuffling and splitting. We used raw, non normalized data.

For the classification model, we employed a Random Forest classifier.The model was configured with
the following parameters:

« Number of trees: 20 + Criterion: Gini impurity (default)
+ Maximum tree depth: 10 » Bootstrap sampling: Enabled
« Minimum samples per leaf: 2 « Random state: Fixed

3.2. Results

In this section, we present the outcomes of our SHAP-guided feature elimination and individual feature
performance analysis across three binary classification datasets. The results are structured into three
parts: (1) feature elimination impact on model metrics, (2) changes in SHAP rankings during feature
removal, and (3) comparison of SHAP importance with single-feature predictive power.

Feature Elimination and Model Performance

The following tables summarize the changes in classification accuracy, training time, and memory usage
during training as features were progressively removed based on SHAP values. Each row corresponds
to a different stage of the feature elimination process. Training time and memory usage values are
averaged over five independent runs to account for variability and ensure reliable measurements.

*https://www.kaggle.com/datasets/rabieelkharoua/predicting-manufacturing- defects-dataset
*https://creativecommons.org/licenses/by/4.0/
*https://www.kaggle.com/datasets/fedesoriano/company-bankruptcy-prediction
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Table 1
Performance metrics during SHAP-based feature elimination — Dataset A

Remaining Features Accuracy Train Time(s) Memory (MB)

All (9) 91.0% 1.76 0.67
8 89.9% 1.64 0.65
7 89.4% 1.56 0.64
6 90.5% 1.34 0.66
5 91.0% 0.86 0.69
4 91.0% 0.36 0.76
3 90.4% 0.31 0.92
2 91.5% 0.19 0.99
1 91.1% 0.06 0.58

Table 2
Performance metrics during SHAP-based feature elimination — Dataset B

Remaining Features Accuracy Train Time(s) Memory (MB)

All (16) 95.8% 77.13 2.00
13 95.7% 71.29 1.76
7 95.7% 36.06 1.41
4 95.7% 18.18 1.14
3 92.9% 14.31 1.24
2 83.0% 7.70 1.26
1 82.4% 8.11 1.16

Table 3
Performance metrics during SHAP-based feature elimination — Dataset C

Remaining Features Accuracy Train Time(s) Memory (MB)

All (95) 96.7% 992.94 20.30
76 96.9% 773.28 15.66
68 97.0% 700.47 14.32
59 96.7% 608.07 12.44
41 96.8% 422.06 9.25
25 96.5% 266.27 5.82
15 96.7% 151.02 3.73
10 96.9% 93.48 2.55
6 97.0% 51.95 1.94
4 96.4% 36.10 1.86
2 96.3% 17.03 1.56
1 96.5% 12.53 1.54

In all three datasets, reducing the number of features resulted in only minor changes in accuracy but
led to noticeable improvements in training efficiency. Dataset A maintained stable accuracy (90-91%)
even as features were removed, peaking at 91.5% with just two features. Training time decreased
predictably, dropping from 1.76 s (9 features) to 0.06 s (1 feature). However, memory usage exhibited a
non-linear pattern: it initially decreased but increased slightly when only 3-2 features remained (0.92
MB and 0.99 MB) before dropping again with a single feature (0.58 MB). The memory increase might
occur because the model worked harder to find optimal splits when only a few important features
remained, requiring more temporary storage.

Dataset B retained high accuracy (95.7%) until only 3 features remained, after which performance
declined sharply (92.9% with 3 features, 83.0% with 2). Training time and memory usage improved
steadily.



Dataset C proved to be the most resilient, with accuracy remaining within 96.3 to 97. 0% even
with aggressive feature reduction. Notably, the highest accuracy (97.0%) occurred with just 6 features,
suggesting redundancy among the original 95 features. Computational efficiency improved dramatically:
training time fell from 992.94 to 12.53 seconds, and memory usage dropped from 20.30 to 1.54 MB.
Interestingly, we also observed that all models performed surprisingly well even when using only a single
feature as input. This raised the question of whether Random Forest classifiers are particularly effective
at extracting predictive power from individual features. To explore this, we conducted additional
experiments to evaluate the accuracy of models trained on each feature separately.

An important consideration arising from our analysis is whether retraining the Random Forest
model after removing features deemed unimportant by SHAP values is worthwhile, especially when the
current model already demonstrates satisfactory performance. Retraining can offer several advantages:
it typically reduces computational costs during inference and data preprocessing, improves model
interpretability by simplifying the feature set, and may enhance generalization by eliminating irrelevant
or redundant features that contribute to overfitting. Additionally, models with fewer features tend
to be easier and faster to update in the future. However, retraining process requires additional time
and resources, which may not be justified if the existing model already meets practical requirements.
Moreover, removing features can alter prediction distributions, potentially affecting downstream systems
that rely on consistent outputs. Finally, SHAP values may not fully capture complex feature interactions,
so removing features solely based on individual importance risks losing valuable information. Overall,
if the model is intended for long-term deployment, and SHAP analysis shows that certain features can
be removed without accuracy loss, retraining to optimize the model is generally advisable. In contrast,
for exploratory analyses or when improvements are minimal, retaining the original model may be a
reasonable choice.

Dynamics of SHAP Rankings During Feature Elimination

The figures below illustrate how the SHAP importance values of features change during the elimination
process. Each plot shows the relative ranking of features across reduction steps.
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Figure 1: SHAP importance rankings for all features (datasets A and B).

SHAP rankings remained relatively stable, especially among the top-ranked features. However, we
observed that features with lower initial importance scores were more likely to shift positions as others
were removed. This suggests that while the most influential features tend to maintain their status,
feature importance at the lower end of the ranking is more context sensitive. Relying solely on a
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Figure 2: SHAP importance rankings for around 60% features (datasets A and B).
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Figure 3: SHAP importance rankings for around 30% features (datasets A and B).
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SHAP Importance vs. Single-Feature Predictive Power

In this part of the study, we examined the previously mentioned effectiveness of Random Forest models
when using only a single feature. Additionally, we compared the classification performance of individual
features with their corresponding SHAP values. These comparisons are visualized in the plots below.
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Figure 4: Dataset A SHAP importance ranking and single-feature model accuracy ranking.

For two out of the three datasets, the models achieved high accuracy using almost any single
feature, demonstrating the strength of Random Forests in capturing useful patterns from minimal input.
Interestingly, features with the highest individual accuracy had the highest SHAP values, which means
that that SHAP-based ranking consistently pointed us toward the most informative features.
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Figure 5: Dataset B SHAP importance ranking and single-feature model accuracy ranking.
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Figure 6: Dataset C SHAP importance ranking and single-feature model accuracy ranking (10 best and 10 worst
ranked).

4. Conclusion

This study investigated the effects of SHAP-based feature selection on the performance and efficiency
of Random Forest models. The experimental results indicate that eliminating features with low SHAP
importance enables substantial model simplification while maintaining comparable predictive perfor-
mance.

The results show that SHAP values offer a powerful and interpretable metric for ranking features by their
contribution to model output. In many cases, a substantial portion of features could be eliminated with
little to no loss in classification accuracy. This highlights SHAP’s potential not only as an explanatory
tool but also as a practical aid in dimensionality reduction and model optimization. Additionally, we
found that while the top SHAP-ranked features tend to remain stable during the reduction process,
features with lower importance often shift in rank as the feature set changes. This behavior suggests a
degree of redundancy among less important features, highlighting the value of a more context-aware
approach to feature selection rather than relying solely on a static ranking from the full feature set. We
also looked at how individual features perform when used in isolation. In one of the datasets, every
feature could achieve high accuracy score, and in the other two, a few features performed similarly
well. This might suggest that certain features dominate the prediction process. It also points to the
strength and flexibility of Random Forests, which seem capable of extracting useful patterns even from
minimal input. However, relying on one or two features increases the risk of overfitting and reduces
robustness to noise or distributional shifts. Our findings emphasize the importance of selecting a small,
diverse set of complementary features to ensure stable and reliable performance. Several directions
remain open for further exploration. One promising extension is to apply the proposed methodology
to multi-class classification tasks, where feature interactions and importance may behave differently.
Additionally, a deeper investigation into the dynamics of SHAP values—especially their stability and
variability across training runs or under distributional shifts—could offer further insight into their
reliability as a feature selection signal. In conclusion, the results underscore the potential of SHAP not
only as an interpretability framework but also as a systematic tool for feature reduction and model



optimization. However, retraining after feature removal involves trade-offs, including resource costs and
potential changes in model behavior. Careful consideration is needed before applying such optimization
in practice. Taken together, our findings encourage a more dynamic and iterative approach to feature
selection, one that considers not only static importance scores but also how those scores evolve during
the pruning process. SHAP-based evaluation, when used thoughtfully, provides valuable insights into
feature relevance, interaction, and redundancy—enabling practitioners to design more efficient and
interpretable models without sacrificing accuracy.
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