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Abstract: Model interpretability is essential in machine learning, particularly for applica-
tions in critical fields like healthcare, where understanding model decisions is paramount.
While SHAP (SHapley Additive exPlanations) has proven to be a robust tool for explaining
machine learning predictions, its high computational cost limits its practicality for real-time
use. To address this, we introduce C-SHAP (Clustering-Boosted SHAP), a hybrid method
that combines SHAP with K-means clustering to reduce execution times significantly while
preserving interpretability. C-SHAP excels across various datasets and machine learning
methods, matching SHAP’s accuracy in selected features while maintaining an accuracy
of 0.73 for Random Forest with substantially faster performance. Notably, in the Diabetes
dataset collected by the National Institute of Diabetes and Digestive and Kidney Diseases,
C-SHAP reduces the execution time from nearly 2000 s to just 0.21 s, underscoring its poten-
tial for scalable, efficient interpretability in time-sensitive applications. Such advancements
in interpretability and efficiency may hold value for enhancing decision-making within
software-intensive systems, aligning with evolving engineering approaches.

Keywords: interpretability in machine learning; interpretability; SHAP; LIME; C-SHAP;
computational efficiency; K-means clustering; software engineering

1. Introduction

Machine learning models are increasingly applied in high-stakes domains such as
healthcare and finance, where decisions must be transparent and accountable. However,
many models function as black boxes, making it difficult to understand their decision-
making processes, which is problematic when trust and interpretability are essential [1-4].
In healthcare, Al-driven diagnostics must be interpretable for clinicians to ensure safe
treatments [5,6], while in finance, regulatory transparency is critical [7-12].

For example, SHAP for Random Forest models in diabetes prediction required over
421 s on average, emphasizing the need for computationally efficient methods in time-
critical domains like healthcare [13,14]. Furthermore, as machine learning advances into
specialized fields such as software product-line engineering, the demand for models that
are both interpretable and computationally efficient is more pressing than ever [15-17].
In this field, predictive models play a crucial role in tasks like defect prediction, feature
selection, and system performance optimization, all of which require transparency and
accountability to ensure reliable decision-making [18]. However, traditional interpretability
methods often struggle with the high-dimensional and complex data structures typical
in software engineering, where balancing execution speed and model clarity against the
complexity of configurations is essential [19,20].
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To address these issues, model interpretability methods like SHAP [21] and LIMEs
(Local Interpretable Model-agnostic Explanations) [22] have been developed. SHAP has
become a leading method for model interpretation by providing local and global feature
attributions based on Shapley values from cooperative game theory [23]. In this context,
Shapley values offer a way to fairly allocate a model’s output among its features, akin to
how they are used in cooperative game theory to distribute payouts to players based on
their contributions to a coalition. This approach allows SHAP to explain the contribution of
each feature to the prediction, making it a powerful tool for understanding both individual
predictions and the model’s overall behavior [24].

However, SHAP’s computational complexity remains a significant obstacle; for in-
stance, kernel SHAP for high-dimensional datasets can require thousands of perturbations,
leading to execution times exceeding 32,000 s in certain cases [14].

However, SHAP’s computational complexity presents a significant obstacle, especially
for large-scale data and complex models like Random Forest and XGBoost (XGB), where the
need to evaluate all possible feature combinations results in slow execution times [14,25-27].
This challenge is exacerbated in real-time applications, such as fraud detection or person-
alized healthcare, where quick decision-making is essential [28,29]. As a result, there is a
pressing need for more efficient interpretability methods that balance computational cost
and model accuracy.

LIMEs, while offering faster explanations by approximating models locally, compro-
mise on global interpretability and accuracy [22,30,31]. Although LIMEs efficiently create
local surrogate models, such as linear regressions, around individual predictions, their
local approximations often fail to capture the global behavior of the model, leading to in-
consistencies in feature attributions across different predictions [22,30,32,33]. Additionally,
LIMESs can be unstable, with even slight changes in the input data potentially leading to
different feature attributions, making them less reliable for domains like healthcare and
finance, where both interpretability and accuracy are critical [31,34]. For example, LIMEs
for text classification tasks can vary significantly, with execution times averaging 3 s per
instance for 5000 perturbations, but with less stability compared to SHAP [22]

Clustering has long been used in feature selection approaches to enhance the efficiency
of machine learning models by grouping similar data points, reducing dimensionality,
and improving computational performance [35]. The clustering of K-means, in particu-
lar, helps identify and cluster similar instances, allowing for a more streamlined feature
selection process by focusing on representative clusters rather than every individual data
point [36]. This strategy has proven effective in reducing redundancy and computational
overhead, especially in high-dimensional datasets where traditional feature selection tech-
niques become infeasible [31,37].

Building on this concept, we propose C-SHAP, a novel approach that integrates K-
means clustering to optimize SHAP’s feature attribution process. SHAP, while robust and
theoretically sound, becomes impractical for large datasets and complex models due to
its high computational cost. C-SHAP overcomes this limitation by clustering similar data
points, thereby reducing the number of calculations required for feature attributions. This
not only significantly decreases the execution time but also preserves the interpretability
and accuracy that make SHAP valuable. The motivation behind C-SHAP lies in its ability
to provide scalable and fast explanations, making it suitable for real-time and large-scale
applications and filling a critical gap in existing interpretability methods.

Furthermore, our approach, which combines SHAP’s interpretability with K-means
clustering, enables scalable, efficient interpretability tailored to large and intricate datasets
found in software product lines. This work emphasizes the growing intersection between
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machine learning interpretability and software engineering, reflecting broader trends in
applying advanced analytics to improve software reliability and performance [38].
Therefore, this paper makes the following contributions:

1.  We present C-SHAP, a novel extension of SHAP, which integrates K-means cluster-
ing to significantly reduce execution time across various machine learning models.
For example, on the Diabetes dataset, which was collected by the National Institute of
Diabetes and Digestive and Kidney Diseases https://www.kaggle.com/datasets/
antoniofurioso/diabetes-dataset-sklearn (accessed on 14 November 2024), C-SHAP
reduced the Random Forest execution time from 421.29 s to 0.39 s.

2. C-SHAP closely preserves select features of SHAP while significantly improving
computational efficiency across various models. The Venn diagram analysis revealed
that in models such as Random Forest, SVC (Support Vector Classifier), K-Nearest
Neighbors, and Logistic Regression, the selected features between SHAP and C-SHAP
were identical, with the only difference observed in the XGboost model.

3.  C-SHAP was benchmarked against SHAP and LIME across multiple machine learning
algorithms, demonstrating its versatility and efficiency improvements for both clas-
sification and regression tasks. The evaluations included datasets from domains
such as healthcare and finance, confirming C-SHAP’s scalability across diverse
real-world applications.

This paper is structured as follows: It begins with a review of related works in Section 2,
providing an overview of previous research and methods relevant to SHAP and feature
interpretability. Next, Section 3 explains how SHAP interprets model decisions. Following
this, Section 4 introduces C-SHAP, detailing how it enhances SHAP’s performance by im-
proving computational efficiency, supported by formulas and examples. The experimental
evaluation of the proposed method across diverse datasets and models is presented in
Section 5. In Section 6, the results are reported. The findings are then analyzed and com-
pared with existing approaches in the discussion in Section 7. Limitations of the proposed
approach are depicted in Section 8. Finally, the paper ends with a summary of contributions
and proposed future research directions in Section 9.

2. Related Works

Feature selection is vital for improving the performance and interpretability of ma-
chine learning models by focusing on the most relevant variables, which simplifies models
and reduces overfitting [39]. This process enhances efficiency and accuracy, particularly in
critical fields like healthcare and finance, where model decisions must be transparent [40].
For example, in [41], feature selection methods such as LIME, SHAP, and CIU (Contex-
tual Importance and Utility) were applied to datasets, including the Wisconsin Breast
Cancer and SPECT (Single-Photon-Emission Computed Tomography) datasets, achieving
execution times ranging from 116 s to 44,262 s.

Interpretability has become essential in AI [22], highlighting its role in building trust,
especially in high-stakes applications. Methods that make models more understandable
without sacrificing performance are crucial [7]. These works underscore the importance of
both feature selection and interpretability in modern Al systems.

SHAP is a state-of-the-art method for feature attribution based on Shapley values
from cooperative game theory, where Shapley values represent the fair contribution of each
feature by quantifying its impact on the overall prediction based on all possible feature
coalitions [42]. It provides local and global explanations, making it a powerful tool for
understanding model behavior. SHAP’s foundation in game theory ensures fairness by
distributing the contribution of each feature to the final prediction [21]. This method has
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been widely adopted due to its model-agnostic nature and ability to explain complex
models [43].

One of SHAP’s key strengths is its theoretical soundness, ensuring consistency in
feature importance [14,21]. In comparison, LIME approximates model behavior by con-
structing interpretable models around individual predictions, offering local explanations
for complex models [22]. By generating simpler models, such as linear regressions, to ex-
plain a single prediction, LIME is often faster than SHAP. For example, LIME provided
explanations for a text classification dataset with an average execution time of ~3 s per
instance for 5000 perturbations [22], whereas Kernel SHAP required significantly more
computations for models like MNIST [21].

However, unlike LIME [22], SHAP provides more reliable feature importance rankings
by guaranteeing that higher importance scores accurately reflect their contribution to
the model’s output. This consistency has made SHAP a preferred method in critical
domains such as healthcare and finance, where interpretability and trustworthiness are
essential [44,45].

Despite its advantages in providing transparent and consistent feature attributions,
SHAP is known for its computational inefficiencies, especially when dealing with large
datasets or complex models like ensemble methods. The process of calculating Shapley
values is inherently resource-intensive, as it requires evaluating all possible feature combi-
nations to determine their contributions [42,46]. This complexity grows exponentially with
the number of features, making SHAP computationally expensive, particularly in models
such as Random Forest or XGBoost, where numerous decision paths must be analyzed for
each prediction [21]. For instance, Marcilio et al. [14] observed that TreeSHAP’s execution
times ranged from 16.96 ms (Heart Disease) to 10,894.86 ms (Boston). Conversely, LIME
achieved times as low as 0.23 s for simpler datasets [13].

Several studies have highlighted SHAP’s performance limitations. For example,
the work in [14] discusses how SHAP can become prohibitively slow for high-dimensional
datasets due to its quadratic time complexity in model-agnostic cases. For example, kernel
SHAP [23], the general purpose variant, is particularly slow compared to specialized
versions like Tree SHAP, which is optimized for tree-based algorithms [43]. Benchmark
studies have shown that the execution time for SHAP significantly increases with model
depth and dataset size, particularly in XGBoost and Random Forest models [14].

Clustering techniques, such as K-means, have been extensively used in feature selec-
tion and optimization to improve the efficiency and accuracy of machine learning models.
K-means helps group data points based on feature similarity, which not only reduces
redundancy but also enhances the computational efficiency of feature attribution methods.
For example, [37] demonstrated the use of kernel SHAP with the clustering of K-means
to improve the performance of network anomaly detection models by selecting the most
important features for anomaly detection. Similarly, [31] explored clustering to enhance
SHAP’s capability in the financial domain by clustering feature importance scores, improv-
ing both interpretability and execution speed.

Hybrid approaches that combine clustering with interpretability methods, like SHAP,
have demonstrated significant potential in reducing computational overhead while main-
taining interpretability [47,48]. For instance, ClusteredSHAP [30] used K-means clustering
to reduce the number of gradient evaluations in deep learning models. ClusteredSHAP’s
focus is primarily on minimizing gradient evaluations for deep learning model explana-
tions, with a particular emphasis on enhancing the efficiency of explanations for complex
models, such as a 12-lead ECG classification model.

Building on SHAP’s computational limitations and inspired by the clustering ap-
proach, we were motivated to introduce a novel method called C-SHAP. Unlike [30], which
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targets gradient evaluations in deep learning, C-SHAP broadens the clustering concept to
enhance the efficiency of SHAP computations in more general models and datasets, and
this is basically a paper that introduces a method concept and method that can be applied to
any dataset and domain. C-SHAP clusters similar data points using K-means and computes
feature attributions for representative clusters. This approach minimizes redundant calcu-
lations while ensuring interpretability and accuracy in feature attributions. By focusing
on optimizing SHAP computations more generally, C-SHAP aims to provide a compre-
hensive solution applicable to various domains, including software engineering, and its
performance can be compared with alternative interpretable methods like LIME. In Table 1,
a summary of the interpretability techniques, their associated models, and their execution
times across various datasets is provided to complement the insights discussed.
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Table 1. Interpretability techniques and their execution times across various datasets and models.

Ref. Dataset Machine Learning Model Interpretability Techniques Execution Times of Interpretability Techniques
Wisconsin Breast Cancer (BC, BCD), Diabetes, Multi-layer Perceptron (MLP), Support Vector LIME, SHAP, Model-Agnostic Supervised Local . w . B .
[41] Parkinson’s, SPECT, Single-Proton-Emission Machine (SVM), Random Forest, XGB, Naive Explanations (MAPLEs), Local Rule-Based Explanations }2113{533@95 %%]1:{}53’ 214;11?334?;1()2352’5(:61%5’11\146‘5 fg‘ 6EZ s
Computed Tomography (SPECTF) Bayes (NB) (LOREs), CIU ’ ’ ” ’ ’ .
[49] French Royalty KG, Lung Cancer KG Randgr_n Forest, Decision Trees, AdaBoost LIME LIME: 58.09 s (French Royalty KG), 20.18 s (Lung Cancer
Classifier KG).
L2-regularized Logistic Regression (unigram
- . Bag-of-Words (BOW) with Term . LIME: 0.750 £ 0.111 s per instance; COVAR:
(501 Book Categorization, IMDb Sentiment Frequency-Inverse Document Frequency LIME, Covariance (COVAR) 0.014 + 0.008 s per instance.
(TF-IDF) normalization)
. - . [ LIME: execution time not explicitly stated but faster than
[51] Medical Survey Dataset (Predicting Diabetes) Random Forest LIME, SHAP, Explain Like I'm 5 (ELI5) SHAP; SHAP: computationally intensive.
LIME: 0.23-1.13 s; SHAP: 0.23-0.8 s; Anchors: 9.1-10.3 s;
[13] Mortality, Diabetes, Drug Review, Side Effects ~ Random Forest LIME, SHAF, Anchors, LORE, Influence-Based LIME LORE: 1639-1642 s; ILIME: 2.1-2.35 5; MAPLE:
(ILIME), MAPLE
375-20,135 s.
Kernel SHAP: computationally efficient; exact time not
[21] MNIST Decision Trees, CNNs SHAP (Kernel, Deep), LIME provided. Deep SHAP: faster than Kernel SHAP. LIME:
slower with 50,000 perturbations.
SVM (RBF Kernel), Logistic Regression, . g
[22] Text Classification Dataset Random Forest, Decision Trees, Nearest LI.ME’ Submodular PIC!( LIME (SP-LIME), Parzen LIME: ~3 s per instance for 5000 perturbations.
X window method, Gradient-based methods
Neighbors
Indian Liver Disease, Heart Disease, Wine, SHAP (Tree SHAP), Recursive Feature Elimination TreeSHAP: 16.96-10,894.86 ms; RFE:
[14] Vertebral Column, Breast Cancer, Boston, XGBoost (RFE), Mutual Information, Analysis of Variance 1118.04-251,591.22 ms; Mutual Information:
Diabetes, NHANESI (ANOVA) 9.95-403.95 ms; ANOVA: 0.0-4.96 ms.
. . ClusteredSHAP: 10.63 s/sample; RandomGrad
[30] CPSC2018 (12-lead ECG classification) ResNet34 ;I:rﬁ{;I(SéigéegfT;?é?e]gecelugieﬂZ?ig?R Explainer: 10.97 s/sample; GradientExplainer:
P s DeepEXp 24.47 s/sample; DeepExplainer: 177.35 s/sample.
. : : M.
Mortality, Chronic Kidney Disease, Hospital Gradient-Boosted Trees, Random Forests, TreeExplainer (SHAP values), Kernel SHAP, LIME, Kernel SHAP: exponential COmPleXIty 0(2"); slower
[43] . . and less scalable for datasets with many features or
Procedure Duration Decision Trees MAPLE
samples.
. . P . " SHAP (Kernel Explainer, Tree Explainer), Local Kernel Explainer: 6.9-391.5 s (MLP); LIMASE:
[47] Mobile Price Classification, MCCB Electrical Random Forest Classifier, MLF, Random Interpretable Model-Agnostic SHAP Explanations 0.08-6.83 s; Tree Explainer: exact times not specified but

Dataset

Forest Regressor

(LIMASES)

similar results with faster computations.
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3. How SHAP Interprets Model Decisions

SHAP [21,52] interprets model decisions by assigning importance values to each
feature based on its contribution to a prediction, which is crucial for understanding the role
of different features in machine learning models. Interpretability, the ability to explain or
understand the reasoning behind a model’s predictions, is key to building trust in machine
learning systems. It refers to a model’s capacity to provide human-understandable insights
into its decision-making process, making it easier to understand how and why certain
predictions are made.

Grounded in cooperative game theory, SHAP uses Shapley values to fairly and con-
sistently distribute credit among features, ensuring a balanced representation of their
importance in the decision-making process. The Shapley value for a feature i is given by

|S|!<N|N|!S “ DU i) —o(s))

¢i =

SCN\{i}
Here,

*  ¢;is the Shapley value for feature i.

* N s the set of all features.

*  Sisasubset of features that does not include feature i.

e 9(S) is the prediction based only on the subset S of features.

e 9(SU{i}) is the prediction based on the subset S plus the feature i.

e The fraction is the weighting factor, representing how to fairly distribute the marginal
contributions across all possible subsets.

However, while SHAP provides highly accurate and consistent feature attributions,
it is computationally expensive, especially when applied to larger datasets and complex
algorithms like Random Forest and SVC. This results in slow execution times in real-world
applications, limiting its practicality in scenarios where both speed and interpretability
are crucial, such as medical diagnostics or financial modeling [30]. Even with optimiza-
tions like TreeSHAP, SHAP’s computational burden can hinder its use in time-sensitive
environments [25,26].

In summary, SHAP is a powerful tool for explaining model decisions, offering both
fairness and accuracy in feature attribution. However, its computational cost remains a
significant challenge, particularly in large-scale applications [22,28,53,54].

4. How C-SHAP Improves SHAP’s Performance

In this study, we introduce C-SHAP, a hybrid approach designed to improve SHAP’s
execution time while maintaining its interpretability. C-SHAP enhances SHAP by preserv-
ing its core interpretability features while making the process more efficient. Specifically,
C-SHAP leverages K-means clustering to group similar data points into clusters, allow-
ing SHAP to evaluate representative clusters rather than each data point individually.
The pseudocode corresponding to the implemented code is presented below (Algorithm 1).

To show the connection between K-means clustering and SHAP in C-SHAP, we intro-
duce a formula that reflects how data points are clustered first using K-means, and then
SHAP values are computed for each cluster’s centroid rather than for individual data points.

Let

* X be the dataset with n samples and m features.
*  Cy represent the k-th cluster centroid derived from K-means clustering, where
k€ {1,2,...,K} is the number of clusters.
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Algorithm 1: Pseudocode for C-SHAP
Input: Dataset X, y, Machine Learning Model M, Number of Clusters K
Output: Top-ranked features

1 Train the Model: Train M using the training dataset Xiain, Ytrain-

2 Apply K-Means Clustering: Cluster the training data Xi,i, into K clusters and
compute the centroids of the K clusters.

3 Compute SHAP Values: Use a SHAP explainer to calculate SHAP values for the K
centroids.

4 Rank Features: Aggregate SHAP values for each centroid and rank features based
on their importance.

The SHAP values for C-SHAP, ¢;(Cy), can be computed by applying SHAP to the
centroid of each cluster, rather than individual data points. The process involves

|S|!(|N|N||!S| — ! (v(SU{i}, Cx) —v(S,Cr))

$i(C) =),

SCN\{i}
Here,

*  (is the centroid of the k-th cluster found by K-means.
e 9(S,Cy) represents the model’s output when using the feature subset S for the centroid

Cr.

e ¢;(Cy) is the SHAP value for feature i in the cluster Cy.

To illustrate the effectiveness of C-SHAP in a regression context, four critical factors
in predicting diabetes outcomes, Body Mass Index (BMI), age, sex, and blood pressure
(bp), were selected for analysis. In Figure 1, the feature importance rankings are displayed
for SHAP, C-SHAP, and LIME. The feature ranked as number one, highlighted in blue, is
identified as the most important according to SHAP values. In contrast, the feature ranked
as number four, marked in red, is considered the least important based on SHAP values.
To simplify the analysis in this toy example, four out of the ten available features in the
Diabetes dataset were selected solely for illustrating feature importance rankings. While
the full regression model utilized all features for predicting diabetes outcomes, these four
were specifically chosen to demonstrate how feature importance rankings are assigned by
SHAP, C-SHAP, and LIME. The order of importance for SHAP and C-SHAP is identical,
while LIME shows a slight variation in the feature rankings. In Figure 2, the SHAP values
for each feature are shown for both the SHAP and C-SHAP methods. The similarity in
these values indicates that both methods produce consistent feature importance rankings.
This alignment confirms that C-SHAP can reliably replicate the insights provided by SHAP
while maintaining accuracy in assessing the significance of each feature.

The images in Figures 3 and 4 represent a small slice of decision trees generated using
SHAP and C-SHAP, respectively. Each node in these trees corresponds to a decision point
based on the bmi and bp features. Each node in the decision trees provides key details
about the decision-making process, represented in four rows:
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Approach

C-SHAP SHAP

LIME

bmi

bp age

Feature

sex

4.0

3.5

-3.0

-2.5

-2.0

15

1.0

Figure 1. Feature importance rankings in SHAP, C-SHAP, and LIME.

Features

SHAP vs C-SHAP Comparison

SHAP Exec Time: 0.35 s
C-SHAP Exec Time: 0.32 s

EEE SHAP (Original Datapeint)
[EZ30 C-SHAP (Clustered Data)

b T T
0.0000 0.0025 0.0050

T T T
0.0075 0.0100 0.0125

SHAP Value

T T
0.0175 0.0200

Figure 2. SHAP values for the SHAP and C-SHAP approaches are compared across four features.

bmi <= 0.005
6076.398
100.0%
153.737
True/ \False
bp <= 0.027 bmi <= 0.073
3612.73 5119.262
59.2% 40.8%
118.043 205.542
2723.623 5520.459 4557.346
48.2% 11.0% 33.4%
108.865 158.051 191.102

Figure 3. Decision tree of SHAP approach.
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bmi <= -0.023

5298.152
100.0%
145.775
True/ \false
bp <= -0.025 bp <= -0.001
2360.615 5189.03
42.7% 57.3%
103.737 177.098
2100.934 2435.129 4463.318 4182.769
25.8% 16.9% 28.1% 29.2%
94.609 117.733 147.04 206.0

Figure 4. Decision Tree of C-SHAP approach. Note: the BMI threshold bmi < —0.023 observed in the
decision tree reflects the scaled value of the BMI after preprocessing. The original BMI values were
normalized using z-score normalization to improve model performance, and the thresholds should
be interpreted in this context.

*  Condition (top row): This specifies the splitting criterion at the node, based on a feature.
For example, in Figure 3, “bmi < 0.005" is a decision point that splits data based on
the BMI feature. In Figure 4, the decision point for the root node is “bmi < —0.023.”

e  SHAP value (second row): This value represents the predicted output or cumulative
SHAP contribution at the node. For example, the root node in Figure 3 displays a
SHAP value of 6076.398, while the corresponding node in Figure 4 shows 5298.152,
indicating differences in the values processed due to clustering in C-SHAP.

e Dataset coverage (third row): This percentage indicates the proportion of the total
dataset reaching the node. For instance, both root nodes in Figures 3 and 4 begin with
100% coverage, showing the full dataset before any splits.

e Sample count (fourth row): This denotes the volume of data or number of samples
processed at the node. In the root node of Figure 3, the count is 153.737, compared
to 145.775 in Figure 4. This difference highlights how C-SHAP clusters data points,
potentially altering sample sizes across nodes.

Thus, Figure 3 illustrates the original decision thresholds and sample distributions
between the nodes that SHAP creates. Here, the decision path dives into finer-grained
details as it does not group similar data points, leading to a greater number of samples
per node.

Conversely, Figure 4 shows how the model structure changes with clustering. By clus-
tering similar data points, C-SHAP reduces the sample size at each node, which leads to
a more streamlined tree with fewer decision points while maintaining comparable error
margins. So, in terms of performance, C-SHAP demonstrates advantages over SHAP by
requiring fewer computations due to clustering, which can result in faster execution times
and reduced error margins.

In conclusion, by clustering data points, C-SHAP retains SHAP’s ability to provide
both local (individual predictions) and global (overall model behavior) explanations, en-
suring that the transparency of the model’s decision-making process is not compromised.
The method maintains the high-quality interpretability offered by SHAP while addressing
its execution time limitations, making it suitable for real-time applications that demand
both speed and interpretability.
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5. Experimental Evaluation

In this paper, we used various datasets with different machine learning algorithms
and applied multiple metrics to evaluate C-SHAP performance.

5.1. Dataset

The paper [14], which was the first to leverage SHAP for feature explanation, utilized
a set of benchmark datasets. We used the same datasets to ensure comparability between
our methods. These datasets encompass both classification and regression tasks, provid-
ing a comprehensive evaluation scope. The classification datasets include Indian Liver
Disease, https:/ /www.kaggle.com/datasets /uciml/indian-liver-patient-records (accessed
on 14 November 2024); Heart Disease, https://www.kaggle.com/datasets/johnsmith8
8/heart-disease-dataset (accessed on 14 November 2024); Wine https://www.kaggle.
com/datasets/yasserh/wine-quality-dataset (accessed on 14 November 2024), Vertebral
Column, https:/ /www.kaggle.com/datasets/caesarlupum/vertebralcolumndataset (ac-
cessed on 14 November 2024); and Breast Cancer, https:/ /www.kaggle.com/datasets/
uciml/breast-cancer-wisconsin-data (accessed on 14 November 2024). For regression tasks,
we used the Diabetes dataset we mentioned earlier, https:/ /www.kaggle.com/datasets/
mathchi/diabetes-data-set (accessed on 14 November 2024). Table 2 illustrates the men-
tioned datasets. These datasets provided a comprehensive evaluation across various tasks.

Table 2. Datasets used in the experiments.

Dataset Name Data Points ~ Number of Features Type
Indian Liver Disease 583 10 Classification
Heart Disease 303 13 Classification
Wine 178 13 Classification
Vertebral Column 310 6 Classification
Breast Cancer 569 30 Classification
Diabetes 442 10 Regression

5.2. Evaluation Metrics

To evaluate the performance of C-SHAP, we implemented SHAP and LIME using vari-
ous machine learning algorithms, including Random Forest (RF), SVC, XGBoost, Logistic Re-
gression (LR), and K-Nearest Neighbors (K-NNs). These models were applied to the differ-
ent datasets mentioned in Table 2. The experiments were conducted using the free version of
Google Colab. To conduct the experiments in this study, we used the sklearn, https:/ /scikit-
learn.org/stable/ (accessed on 14 November 2024); Pandas, https://pandas.pydata.org/
(accessed on 14 November 2024); SHAP, https:/ /pypi.org/project/shap/ (accessed on 14
November 2024); and matplotlib_venn, https:/ /python-graph-gallery.com/venn-diagram/
(accessed on 14 November 2024) libraries. We reported execution time, accuracy, and visu-
alized feature selection similarities using Venn diagrams [55,56].

Accuracy is reported in the results to demonstrate the performance of the selected
algorithm on the dataset. While accuracy measures performance rather than feature
interpretability, it highlights the importance of feature selection in achieving optimal results
and improving both classification and regression processes.

In addition, Venn diagrams are a graphical tool used to show the overlap between sets.
In this context, they illustrate how the important features identified by C-SHAP and SHAP
overlap, highlighting mutual features between the two methods.


https://www.kaggle.com/datasets/uciml/indian-liver-patient-records
https://www.kaggle.com/datasets/johnsmith88/heart-disease-dataset
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https://www.kaggle.com/datasets/caesarlupum/vertebralcolumndataset
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5.3. Assessing Scalability

As machine learning models are increasingly applied to large-scale datasets, the scal-
ability of interpretability methods becomes a critical factor in their practical adoption.
Methods like SHAP, while robust and widely used, often exhibit computational inefficien-
cies as datasets’ size increases due to their quadratic complexity. This section evaluates
the scalability of C-SHAP compared to SHAP by analyzing their execution times across
datasets of varying sizes.

To assess scalability, we selected the Diabetes dataset and created subsets with sizes of
10%, 25%, 50%, 75%, and 100% of the original dataset. For each subset, we applied SHAP
and C-SHAP to compute feature attributions for Random Forest models. The execution
times were recorded for generating explanations for the entire dataset subset. The scalability
of each method was evaluated based on the growth in execution time as the dataset
size increased.

The results, summarized in Table 3 and visualized in Figure 5, demonstrate the com-
putational advantage of C-SHAP over SHAP. As dataset size increased, SHAP exhibited
exponential growth in execution time, while C-SHAP achieved linear scalability, signifi-
cantly reducing execution times compared to SHAP. This highlights C-SHAP’s suitability
for large-scale applications without compromising interpretability.

Table 3. Execution times of SHAP and C-SHAP on the Diabetes dataset for different dataset sizes.

Dataset Size (%) SHAP Execution Time (Sec) C-SHAP Execution Time (Sec)

10% 43.12 0.15
25% 126.45 0.28
50% 269.87 0.40
75% 382.43 0.55
100% 439.15 0.29

Execution Times of SHAP and C-SHAP Across Dataset Sizes

—e— SHAP Execution Time (sec)
C-SHAP Execution Time (sec)

400

w
=]
s

Execution Time (sec)
W
2
3

"
=3
=3

20 40 60 80 100
Dataset Size (%)

Figure 5. Comparison of execution times for SHAP and C-SHAP across dataset sizes on the dia-
betes dataset.

6. Results

In the experiments, we utilized the datasets introduced in Section 5.1 to evaluate the
performance of the proposed C-SHAP method in comparison to standard SHAP and LIME.
The metrics used to assess performance include accuracy and execution time, presented
in tables along with Venn diagrams, to demonstrate the feature selection efficiency of
SHAP and C-SHAP. In the following Venn diagrams, we illustrate the number of features
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identified as the most important by each of the two methods considered, highlighting the
overlap and differences in selected features between SHAP and C-SHAP.

The results include accuracy to showcase how effectively the selected algorithm per-
forms on the dataset. While accuracy assesses overall model performance rather than
feature interpretability, it is not directly affected by methods like LIME, SHAP, or C-SHAP.
These methods focus on explaining and interpreting feature importance rather than influ-
encing accuracy. However, accuracy does underscore the importance of selecting relevant
features, as effective feature selection contributes to optimal outcomes and enhances the ac-
curacy of classification and regression tasks, ultimately leading to more robust and reliable
predictive models.

The Venn diagrams confirm that C-SHAP not only reduces execution time but also
maintains interpretability by selecting relevant features, highlighting the efficiency gained
through clustering in the C-SHAP method. The results demonstrate that C-SHAP signifi-
cantly improves execution time while delivering performance comparable to SHAP. In the
Venn diagrams, three colors represent feature selection: red indicates features chosen by
SHAP, blue represents features chosen by C-SHAP, and green shows the mutual features
selected by both SHAP and C-SHAP in each algorithm and dataset. The numbers within
each section indicate the count of selected features in each category.

In this experiment, we utilized the default settings of the SHAP library in Python, https:
/ /shap.readthedocs.io/en/latest/ (accessed on 14 November 2024). SHAP selects features
by calculating SHAP values, which measure each feature’s contribution to the prediction.
Features with higher absolute SHAP values are considered more influential, allowing for
feature ranking based on their impact on the model’s decisions.

In the Diabetes dataset (Table 4), C-SHAP significantly reduces the execution time for
SVC, bringing it down from 1968.09 s to just 0.21 s, underscoring its efficacy in regression
tasks. As illustrated in Figure 6, both SHAP and C-SHAP consistently identified the same
two out of ten features as the most influential.

I SHAP  mmm C-SHAP  mmm Mutual Features

RF svVC

AB AB
XGBoost LR
O AB

K-NN

e

Figure 6. The number of features in the Diabetes dataset (total number of features is 10) extracted by
SHAP and C-SHAP and their mutual features.
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Table 4. Diabetes dataset performance, presenting accuracy metrics and execution times (seconds)
for LIME, SHAP, and C-SHAP.

Model Accuracy  LIME (Sec) SHAP (Sec) C-SHAP (Sec)
Random Forest 0.73 0.14 421.29 0.39
SvC 0.73 0.19 1968.09 0.21
XGBoost 0.72 0.12 0.06 0.05
LR 0.73 0.06 165.72 0.05
K-NNs 0.68 0.09 350.84 0.07

Similarly, for the Heart Disease dataset, in a classification task (Table 5), C-SHAP
decreased the Random Forest execution time from 439.15 s to 0.29 s. Figure 7 confirms that
SHAP and C-SHAP converge on the selection of the same two most significant features out
of thirteen.

Table 5. Heart Disease dataset performance, presenting accuracy metrics and execution times
(seconds) for LIME, SHAP, and C-SHAP.

Model Accuracy LIME (Sec) SHAP (Sec) C-SHAP (Sec)
Random Forest 0.736 0.09 439.15 0.29
svC 0.73 0.20 1984.44 0.22
XGBoost 0.72 0.11 0.06 0.05
LR 0.73 0.07 176.95 0.07
K-NNs 0.68 0.08 363.78 0.07

B SHAP  mmm C-SHAP  mmm Mutual Features
RF
AB
XGBoost LR

O AB
K-NN
AB

SVC

Figure 7. The number of features in the Heart Disease dataset (total number of features is 13) extracted
by SHAP and C-SHAP and their mutual features.
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In another classification task involving the Indian Liver Disease dataset (Table 6),
C-SHAP reduced the execution time for Random Forest from 953.18 s to 0.39 s. Figure 8
shows the consistent selection of the same two critical features out of ten by both SHAP

and C-SHAP.

Table 6. Indian Liver Disease dataset performance, presenting accuracy metrics and execution times
(seconds) for LIME, SHAP, and C-SHAP.

Model Accuracy LIME (Sec) SHAP (Sec) C-SHAP (Sec)

Random Forest 0.74 0.12 953.18 0.39

SvC 0.73 0.20 3954.12 0.72

XGBoost 0.70 0.14 0.05 0.04

LR 0.72 0.12 368.42 0.17

K-NNs 0.69 0.11 844.85 0.20
I SHAP  mmm CSHAP  mmm Mutual Features

RF
AB

XGBoost

@

K-N

N
AB

@

SVC

AB

LR

AB

Figure 8. The number of features in the Indian Liver Disease dataset (total number of features is 10)
extracted by SHAP and C-SHAP and their mutual features.

For the Breast Cancer dataset (Table 7), which was also used for a classification task,
C-SHAP cut down the execution time from 525.33 to 0.43 s for Random Forest and from
1044.86 to 0.15 s for SVC. Both methods identified the same two key features out of thirty,
as depicted in Figure 9.
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B SHAP mmm C-SHAP  mmm Mutual Features
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Figure 9. The number of features in the Breast Cancer dataset (total number of features is 30) extracted
by SHAP and C-SHAP and their mutual features.

Table 7. Breast Cancer dataset performance, presenting accuracy metrics and execution times

(seconds) for LIME, SHAP, and C-SHAP.

Model Accuracy LIME (Sec) SHAP (Sec) C-SHAP (Sec)
Random Forest 0.98 0.12 525.33 0.43
svC 0.97 0.10 1044.86 0.15
XGBoost 0.95 0.13 0.03 0.04
LR 0.95 0.09 245.18 0.07
K-NNs 0.97 0.10 894.58 0.15

In the Wine dataset (Table 8), which is frequently used for classification, C-SHAP
reduced the Random Forest execution time from 132.42 s to 0.58 s and the SVC execution

time from 300.64 s to 0.69 s. Figure 10 illustrates the consistent selection of three influential

features out of thirteen by both SHAP and C-SHAP.

Table 8. Wine dataset performance, presenting accuracy metrics and execution times (seconds) for

LIME, SHAP, and C-SHAP.

Model Accuracy LIME (Sec) SHAP (Sec) C-SHAP (Sec)
Random Forest 1.0 0.13 132.42 0.58
svC 0.76 0.16 300.64 0.69
XGBoost 0.96 0.19 0.08 0.08
LR 1.0 0.12 63.48 0.29
K-NNs 0.74 0.13 103.10 0.34
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m SHAP mmm C-SHAP  mmm Mutual Features

RF SVC

XGBoost

K-NN

AB
Figure 10. The number of features in the Wine dataset (total number of features is 13) extracted by

SHAP and C-SHAP and their mutual features.

Lastly, for the Vertebral Column dataset (Table 9), C-SHAP decreased the Random
Forest execution time from 19.07 s to 0.36 s and the SVC execution time from 41.53 s to
0.11 s. Both methods consistently identified three critical features out of six, as seen in
Figure 11.

I SHAP mmm C-SHAP  mmm Mutual Features

SVC

XGBoost

K-NN

Figure 11. The number of features in the Vertebral Column dataset (total number of features is 6)
extracted by SHAP and C-SHAP and their mutual features.
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Table 9. Vertebral Column dataset performance, presenting accuracy metrics and execution times
(seconds) for LIME, SHAP, and C-SHAP.

Model Accuracy  LIME (Sec) SHAP (Sec) C-SHAP (Sec)
Random Forest 0.84 0.09 19.07 0.36
svC 0.80 0.09 41.53 0.11
XGBoost 0.83 0.08 0.09 0.09
LR 0.83 0.06 11.49 0.03
K-NNs 0.78 0.07 16.61 0.03

In addition, as shown in the results, in both the Vertebral Column and Wine datasets,
the selected features were consistent across all machine learning methods. Similarly, for the
remaining datasets, the selected features were the same across all the methods, with only
minor differences observed for the XGBoost approach.

Overall, C-SHAP delivers both speed and consistency in feature selection across
datasets, matching SHAP’s accuracy in feature selection while drastically reducing execu-
tion times.

7. Discussion

This paper showcases the effectiveness of the proposed approach, C-SHAP, in en-
hancing computational efficiency while maintaining interpretability. C-SHAP addresses
one of SHAP’s primary limitations, execution time, by leveraging K-means clustering to
reduce the number of calculations required for feature attribution. This approach effec-
tively balances accuracy in feature selection and computational demands. In a regression
context, for example, C-SHAP reduced SVC’s execution time for the Diabetes dataset from
nearly 2000 s to just 0.21 s, underscoring its potential for real-time applications in fields like
healthcare, where swift and accurate interpretations are essential.

Furthermore, the findings across classification datasets, such as the Heart Disease
and Indian Liver Disease datasets, reinforce C-SHAP’s ability to accelerate interpretability
processes. In the Heart Disease dataset, C-SHAP reduced the Random Forest execution
time from 439.15 s to 0.29 s, while in the Indian Liver Disease dataset, it lowered Random
Forest’s runtime from 953.18 to 0.39 s. These results highlight C-SHAP’s versatility across
various machine learning tasks and models, as it consistently identifies the same key
features as SHAP while drastically reducing execution times. This capacity to enhance
performance without sacrificing feature selection accuracy positions C-SHAP as a valuable
tool for scalable machine learning interpretability.

In addition, as indicated in the results, SHAP and C-SHAP show similar results in fea-
ture selection for most algorithms because they handle linear and non-linear relationships
in a similar way. However, XGBoost, being more sensitive to feature interactions, may
lead C-SHAP to group data points differently due to clustering, which could cause slight
variations in feature importance selection compared to SHAP. This explains the difference
observed specifically with XGBoost.

Adaptive Clustering in C-SHAP

In this study, we employed a fixed number of clusters for K-means clustering based
on the observation that the datasets used are of similar size and complexity. While this
approach simplifies implementation and ensures consistency across experiments, it may
not be optimal for larger or more complex datasets, where the fixed number of clusters
could limit the method’s scalability and adaptability.
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To address this limitation, adaptive clustering strategies can be incorporated into
C-SHAP. Adaptive clustering dynamically determines the number of clusters based on the
characteristics of the dataset, such as its size, dimensionality, or intrinsic structure. This
allows the method to adjust to varying dataset complexities, improving both interpretability
and computational efficiency. For instance, techniques like the elbow method, silhouette
analysis, or gap statistics can be used to determine the optimal number of clusters by
evaluating clustering performance metrics [57,58].

However, implementing adaptive clustering introduces its own challenges. Dynam-
ically determining the optimal number of clusters can increase computational overhead,
potentially offsetting the efficiency gains achieved by clustering. Furthermore, the choice
of clustering metrics (e.g., silhouette score or Davies-Bouldin index) may affect the results,
leading to variability in feature attributions. These trade-offs highlight the need for further
exploration of adaptive clustering strategies to balance scalability with interpretability.

In the context of C-SHAP, adaptive clustering aligns well with the method’s objectives.
By dynamically adjusting the number of clusters, it ensures that the clustering process cap-
tures the underlying patterns in the data while minimizing redundancy in the computation
of SHAP values. This would enhance the method’s practical applicability, especially in
scenarios involving highly diverse or large-scale datasets.

8. Limitations

One limitation of this study is the use of a fixed number of clusters across all datasets,
regardless of their size. While the datasets used for evaluation are comparable in size, it
is evident that applying the same number of clusters to datasets with varying sizes may
not yield optimal results. In future work, it would be beneficial to develop a dynamic
method for determining the appropriate number of clusters based on the specific size and
characteristics of each dataset.

Another limitation of C-SHAP lies in its reliance on clustering, which, while improving
computational efficiency, may obscure fine-grained feature interactions that are critical
for certain datasets. For instance, in datasets with highly overlapping clusters, feature
attribution might lose precision due to the aggregation process. Future studies could
employ metrics like clustering fidelity or feature ranking stability to quantify these trade-
offs and identify areas where interpretability is affected.

Additionally, although C-SHAP was evaluated on a diverse set of well-known bench-
mark datasets, the size of these datasets remains relatively moderate. This raises concerns
about the scalability of C-SHAP when applied to much larger datasets or those with a vast
number of features. Also, the quality of the data and clusters can alter the performance of
the proposed method. By taking data points from each cluster, there is a possibility that
the effect of missing data may impact the accuracy of the method. Moreover, real-world
datasets often contain noise, imbalances, or missing data, which can affect both clustering
performance and feature attribution. Future evaluations should include such datasets
to assess C-SHAP’s robustness under diverse conditions and validate its generalizability
across different domains.

9. Conclusions and Future Works

In conclusion, C-SHAP offers a significant advancement in feature interpretability
for machine learning models by addressing the computational limitations associated with
traditional SHAP. By leveraging K-means clustering, C-SHAP consistently reduces execu-
tion times without sacrificing the accuracy of feature selection. For instance, in the Heart
Disease dataset, C-SHAP decreased the Random Forest execution time from over 400 s
to just 0.29 s while maintaining consistent results with SHAP in identifying influential
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features. This improvement highlights C-SHAP’s potential as an efficient interpretability
tool across a variety of datasets and machine learning tasks, making it a viable solution for
real-time applications.

This study also underscores the need for scalable interpretability approaches in fields
with large, complex datasets, aligning with the goals of emerging research at the intersection
of machine learning and specialized domains, such as software product-line engineering.
While our study focuses on SHAP and C-SHAP, incorporating widespread strategies like
saliency maps into future work could provide comparative insights and extend inter-
pretability to new domains.

In future work, we aim to implement C-SHAP specifically in the software engineering
domain, exploring its effectiveness in analyzing software engineering datasets and inter-
preting model decisions within this specialized field. This direction could further validate
C-SHAP’s adaptability and expand its practical applications.

Future work will address the current limitations of C-SHAP by exploring dynamic
clustering methods that adapt to dataset complexity and size. Techniques such as hierarchi-
cal clustering or density-based methods (e.g., DBSCAN) could offer greater flexibility and
improve clustering fidelity in high-dimensional datasets. Moreover, metrics like clustering
stability, feature attribution robustness, and fidelity in aggregated SHAP values will be
incorporated to evaluate trade-offs between computational efficiency and interpretability.
These improvements aim to enhance the adaptability and scalability of C-SHAP across
diverse real-world applications.
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