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 A B S T R A C T

Explainable Artificial Intelligence (XAI) is critical for validating and trusting the decisions made by Machine 
Learning (ML) models, especially in high-stakes domains such as healthcare and finance. However, existing 
XAI methods often face significant computational challenges. To address this gap, this paper introduces 
a novel Perturbation-Based Explanation (PeBEx) method and comprehensively evaluates it versus local 
interpretable model-agnostic explanation approach (LIME) and SHapley Additive exPlanations (SHAP) across 
multiple datasets and ML models to assess explanation quality and computational efficiency. PeBEx leverages 
perturbation-based strategies to systematically alter input features and observe changes in model predictions 
to determine feature importance. This method not only offers superior computational efficiency, leading to 
scalability and efficiency for complex models on large datasets. Through testing on both synthetic and public 
datasets using eight ML models, we uncover the relative strengths and limitations of each XAI method in 
terms of explanation accuracy, fidelity, and computational demands. Our results show that while SHAP and 
LIME provide detailed explanations, they often suffer from high computational costs, particularly with complex 
models like Multi-Layer Perceptron (MLP). Conversely, PeBEx demonstrates superior efficiency and scalability, 
making it particularly suitable for applications that require rapid response times without compromising 
explanation quality. We conclude by proposing potential enhancements for PeBEx, including its adoption in a 
wider array of large-scale models. This study not only advances our understanding of the computational aspects 
of XAI but also proposes PeBEx as a viable solution for improving the efficiency, scalability, and applicability 
of explainability in ML.
1. Introduction

Artificial Intelligence (AI) and its branches, including Machine 
Learning (ML), have permeated virtually all aspects of our everyday 
lives, from internet product recommendations to loan applications. AI 
is also at the heart of countless recent advancements in science and 
technology across a wide range of academic disciplines and indus-
tries. Despite its widespread adoption, AI has been criticized for its 
lack of interpretability and the so-called ‘‘black box’’ nature of many 
models (Shrikumar et al., 2016). This opacity has raised concerns 
about the potential for AI systems to perpetuate bias, make unfounded 
decisions, or operate in ways that are not transparent to users or 
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stakeholders (Rudin, 2019). In fact, there has even been concern that 
our society is turning into a ‘‘black box society’’, where algorithms are 
shrouded in secrecy and legalities that hide discriminatory or unethical 
practices (Pasquale, 2015). Therefore, as individuals and organizations 
become increasingly reliant on complex ML models, providing explain-
ability is of paramount importance, as understanding the underlying 
drivers of predictions is critical for fairness, accountability, trust, and 
transparency (Messalas et al., 2019).

Explainability refers to explaining the operation of a model in a 
way that is transparent and understandable by a human (Doshi-Velez 
and Kim, 2017). Explainable AI (XAI) is concerned with developing 
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model interpretability techniques that enable humans to understand 
and trust AI-based systems, ensure fair decision-making, detect un-
derlying biases, and produce explainable models that maintain high 
performance accuracies (Vieira and Digiampietri, 2022). The push to 
achieve these goals has stimulated an exponential increase in research 
on XAI over the past decade (Minh et al., 2022), which has led to sig-
nificant scientific advancement (Confalonieri et al., 2021) or regulatory 
interest (Ebers, 2020).

Interpretability methods can be categorized as either model-specific 
or model-agnostic. Model-specific approaches are typically built into a 
certain algorithm and only work for that particular algorithm. Model-
agnostic approaches do not require any understanding of the internal 
mechanics of the black-box model and can be used for any predic-
tive model, making them more versatile. Consequently, the number 
of model-agnostic post-hoc techniques for model explanation has in-
creased significantly (Ribeiro et al., 2016b; Lundberg and Lee, 2017; 
Ribeiro et al., 2018; Lakkaraju et al., 2019). These techniques include 
using linear functions or rules (e.g. MAPLE or Anchor) to locally explain 
the complex decision-making process of black box models in humanly 
understandable ways (Lundberg and Lee, 2017; Plumb et al., 2018; 
Ribeiro et al., 2018). The idea is that although black box models have 
high non-linear decision boundaries at the global scale, they are less 
complex at the local scale and can be explained more simply (Slack 
et al., 2021).

Despite the popularity and utility of such models, recent research 
has uncovered computational inefficiencies related to local interpre-
table model-agnostic explanation (LIME; Ribeiro et al. (2016a)) and 
SHapley Additive exPlanations (SHAP; Lundberg and Lee (2017)). This 
is because the models need many model queries to produce their 
local interpretability estimations, requiring an exponential number of 
model evaluations to achieve an exact calculation (Van den Broeck 
et al., 2022). Thus, as models are scaled to big, high-dimensional 
datasets, speed becomes a critical issue. This is particularly challenging 
in areas such as natural language processing and computer vision where 
complex and computationally costly Deep Learning (DL) architectures 
are heavily used (Jethani et al., 2022).

In response to the significant computational inefficiencies identified 
in existing methods such as LIME and SHAP, particularly in handling DL 
models and large datasets, this paper introduces a novel Perturbation-
Based Explainability (PeBEx) approach. LIME requires extensive model 
queries to generate local explanations, leading to substantial computa-
tion time (Ribeiro et al., 2016b), and SHAP can be computationally 
prohibitive, particularly when applied to DL models, due to its re-
liance on complex calculations for exact Shapley values (Lundberg 
and Lee, 2017; Lundberg et al., 2020). This is particularly critical not 
only in two-class problems but also in multi-class problems, where 
the complexity increases due to the sharp combinatorial increase of 
potential feature coalitions (Molnar et al., 2020b). PeBEx addresses 
these shortcomings by employing advanced techniques such as efficient 
array manipulation (Harris et al., 2020), parallel processing (Joblib 
Development Team, 2024), vectorized operations (Van Der Walt et al., 
2011), and uniform perturbation sampling. This approach not only 
enhances computational efficiency but also retains a straightforward 
probabilistic interpretation, similar to the interpretation of a beta co-
efficient in linear regression. PeBEx provides feature importance by 
quantifying how model prediction probabilities shift in response to 
perturbations of specific features, while holding other features constant. 
This contribution is critical for developing more computationally ef-
ficient and interpretable AI models, particularly in contexts involving 
large-scale data and complex models.

In the remainder of this paper, Section 2 provides a Literature 
Review, covering the key concepts of explainability and interpretability 
in ML, distinguishing between global vs. local, and intrinsic vs. post-hoc 
approaches. Section 3 describes the Material and Methods, including 
the datasets, models, and the evaluation metrics utilized. Section 4 in-
troduces the Perturbation-Based Explanations (PeBEx) model, detailing 
2 
its novel approach to generating interpretable explanations through 
systematic feature perturbations. Section 5 presents the Experiments 
and Results, comparing PeBEx with LIME and SHAP in terms of com-
putational efficiency and interpretability. Section 6 offers a Discussion 
on our findings, and concludes with potential areas of future research 
aimed at improving and expanding the PeBEx model. Finally, Section 7 
explains the conclusions of this work and the usefulness of PeBEx 
model.

2. Literature review

In the context of ML, explainability and interpretability are of-
ten used interchangeably despite there being a clear definition of 
interpretability (Lipton, 2018; Carvalho et al., 2019). While these ter-
minologies are conceptually intertwined, Adadi and Berrada (2018) 
point out that interpretable systems are explainable if humans can 
understand their operations. Yet, Doshi-Velez and Kim (2017) defined 
interpretability as the ability to explain the meaning to a human 
in understandable terms. Due to the terminological disconnect be-
tween the terms in the literature, in this study will use these words 
interchangeably to refer to the human ability to understand model 
operations.

Explainable ML is a specific case of the problem associated with 
the explanation of black box algorithms, which can be broke down 
conceptually into four issues: model explanation, outcome explanation, 
model inspection, and transparent box design (Guidotti et al., 2018). 
Model explanation involves shedding light into the black-box model 
through an interpretable model or predictor. Outcome explanation 
focuses on understanding the model prediction for a particular input 
value. Model inspection entails providing textual or visual depictions 
of specific properties of the black-box model or its outputs. Finally, the 
transparent box design challenge entails creating an algorithm that is 
inherently transparent from the outset.

The interpretability of a ML model can then be broken down into 
three dimensions: scope of interpretability, time limitation, and nature 
of user expertise (Guidotti et al., 2018). A ML model can be inter-
pretable on either a global or local scale, which refers to how much of 
a model logic is understandable (Du et al., 2019). The model is globally 
interpretable if the logic of the model is traceable and understandable 
for the set of all possible outputs from start to finish. Otherwise, if 
only a single instance or a group of instances can be explained, the 
model is deemed locally interpretable. Time limitation refers to how 
much time is needed for the human user to understand the model. Time 
for understanding is typically constrained by the gravity or urgency 
of the prediction task. Finally, the nature of user expertise considers 
the user’s background and familiarity with the problem at hand. User 
expertise raises the question of subjectivity in interpretability, since the 
perception of interpretability may vary between a research scientist and 
external stakeholders.

Explainable ML methods and techniques have thus been conceived 
to solve the black box explanation problem in various ways. Carvalho 
et al. (2019) suggest a taxonomy of interpretability that classifies 
explanation methods and techniques, which considers: (1) the scope 
of the interpretability of the model, (2) whether the interpretability 
technique is built into the model, and (3) the model agnosticity of the 
technique.

2.1. Global vs. Local explainability

Confalonieri et al. (2021) differentiate two classes of explanation 
methods: (1) global methods and (2) local methods. To solve the 
model explanation problem, global methods attempt to give overall 
approximation of the black box behavior by extracting an explainable 
counterpart from the model that mimics the behavior of the black box 
model. Local methods have been developed to solve the outcome expla-
nation and model inspection problems. Local methods seek to provide 
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insight to specific outcomes or instances of a dataset by generating 
interpretable surrogate models.

The objective of global explanation methods is to explain the ex-
pected behavior of a black box model on a particular dataset (Molnar 
et al., 2020a). Global explanations provide a holistic view of the 
model general patterns, tendencies, and feature importance across the 
entire dataset and algorithmic process. The two main approaches for 
producing global explanations are: (1) to create representations of the 
decisions made by the black-box model and present it in an inter-
pretable way, and (2) to quantify the effect that different features 
have on the outcome of a ML model (Confalonieri et al., 2021). Ex-
amples of the former approach are the use of decision rules from a 
neural network (Setiono and Liu, 1995), feature/permutation impor-
tance measures (Altmann et al., 2010), or the extraction of decision 
trees (Krishnan et al., 1999). The latter approach can be exhibited 
by partial dependence plots (PDPs; Friedman (2001)) for a smaller 
number of uncorrelated features or Accumulated Local Effects (ALE) 
plots (Apley and Zhu, 2020) for generalized cases.

Local methods seek to explain the predictions of a ML model for 
individual instances or a small subset of the dataset by manipulating the 
input data and analyzing their corresponding model predictions (Mol-
nar et al., 2020a). Among the most common methods of explaining 
individual predictions are: counterfactual explanations, Shapley values, 
and surrogate models. Counterfactual explanations supply the user with 
a series of ‘‘what-if’’ information in regard to how different manip-
ulations of input features would change the prediction outputs of an 
algorithm (Wachter et al., 2017). The most common approach to gen-
erating counterfactuals is through Diverse Counterfactual Explanations 
(DiCE; Mothilal et al. (2020)). Shapley values stem from game theory, 
representing the fair payout to each player of a collaborative game 
computed using a weighted average of each player’s marginal con-
tributions to all possible player combinations (Shapley, 1997; Kumar 
et al., 2020). But in the context of ML, the idea of a Shapley value is 
applied to measure feature importance where the players are the input 
variables and the payouts are the predictions. The use of surrogate 
models is another popular local explanation method. Surrogate models 
are interpretable models that mimic the behavior of the black box 
model (Azodi et al., 2020). The most popular surrogate model method 
for local explanation is a family of models known as LIME, which 
explain individual predictions by using proximal data to the data point 
being explained to train the interpretable model.

2.2. Types of interpretability

Interpretability in ML can be broadly categorized into two primary 
dimensions: Intrinsic vs. Post-Hoc and Agnostic vs. Specific. These dimen-
sions help in understanding the different approaches to making ML 
models comprehensible to human users.

Intrinsic vs. Post-Hoc. Intrinsic and post-hoc interpretability are con-
cerned with whether the interpretability of the ML model comes from 
a mechanism that is built into the model or an analysis after the 
model has already been trained. Intrinsic interpretability results from 
constraints imposed on the complexity of the ML model (Carvalho et al., 
2019). Essentially, an intrinsically interpretable model is interpretable 
by itself through sparsity, causality or monotonicity constraints im-
posed on the model (Molnar et al., 2020a). Examples of intrinsic inter-
pretability are the beta coefficients from a linear model or the nodes in 
a decision tree. Both of these intrinsic interpretability features are built 
into the model and allow the model to yield interpretable outcomes. 
Post-hoc, or post model, interpretability techniques are applied to the 
model once the training is complete, and can be applied to intrinsically 
interpretable models as well. Post-hoc techniques have become increas-
ingly prevalent with the proliferation of DL techniques (Chakraborty 
et al., 2017). Some widely used examples of post-hoc interpretability 
methods are SHAP, LIME, and Generalized Additive Model (GAM). 
3 
Agnostic vs Specific. Interpretability methods can also be classified 
as either model-agnostic or model-specific. Model-agnostic methods are 
explainability methods that can be applied to any ML model, indepen-
dent of whether the model is a black box. Model-agnostic techniques 
are applied after model training, which allow them to score yield 
interpretability scores without sacrificing any predictive power of the 
model (Lipton, 2018). Additionally, since they do not have access to the 
inner workings of the black box, they rely on following input/output 
feature pairings to interpret the model (Molnar et al., 2020a). Among 
the two most popular model-agnostic interpretability techniques used 
in ML are SHAP and LIME (Ribeiro et al., 2016b; Messalas et al., 
2019). Model-specific interpretability methods, on the other hand, are 
limited to a specific model. This is because model-specific methods are 
tied to the internal mechanisms of a particular model (Molnar et al., 
2020a). For example, in the case of a linear regression model, the beta 
coefficients are a model-specific interpretability technique, since they 
are based on the least square error estimates derived from the math-
ematical formula of the model. An example in DL would be saliency 
maps, which are specifically used for convolutional neural networks to 
explain individual predictions using network gradients (Adebayo et al., 
2018).

2.3. Computational improvements in XAI

Several studies on explainable ML have outlined the need for clear 
evaluation goals and metrics for interpretability methods (Guidotti 
et al., 2018; Arrieta et al., 2020; Burkart and Huber, 2021; Belaid et al., 
2022), allowing scientists to examine the strengths and weaknesses 
of the myriad XAI methods. One of the most important evaluation 
metrics for scientific researchers is run time, especially in engineering 
applications that demand fast computational times such as those in the 
fields of finance (Lyuu, 2002; Alexandrov et al., 2011; Alam et al., 
2020), optimization (Chelouah and Siarry, 2022), cybersecurity (Chalé 
et al., 2020), and autonomous driving (Jean-Quartier et al., 2023). 
This is particularly important in the era of big data, where runtimes 
must be optimized to effectively handle the increasing amount of large, 
complex, and high-dimensional datasets (Xing et al., 2016; Zhou et al., 
2017).

Despite the field of XAI still being quite nascent, three interesting 
veins of research have emerged with respect to computational runtime: 
(1) the improvement of previous algorithms, (2) the introduction of 
more efficient XAI techniques, and (3) the comparison of different 
algorithms. The stream of research associated with the improvement of 
existing algorithms seeks to analyze and improve upon the inefficien-
cies of a particular XAI technique, primarily SHAP. Other research has 
developed and introduced novel, more computationally efficient XAI 
methodologies. And finally, there is research concerned with comparing 
computational efficiencies across various interpretability methods.

Because of the computational inefficiencies of XAI methodologies, 
researchers have been interested in developing faster, more efficient 
versions of certain algorithms. The focus has been almost exclusively 
on improving SHAP algorithms, where researchers have proposed ei-
ther stochastic estimators that sample permutations or subsets of fea-
tures (Lundberg et al., 2019; Covert et al., 2020) or model-specific 
approximations for DL models (Ancona et al., 2019; Wang et al., 
2021) or tree-based models (Lundberg et al., 2020). These contribu-
tions improve computation time through efficient approximation of the 
Shapley values themselves (Chen et al., 2018; Covert and Lee, 2021), 
the removal of features (Frye et al., 2020; Covert et al., 2021), and the 
amortization of SHAP values (Schwab and Karlen, 2019; Jethani et al., 
2022).

In addition to improving existing methods, there has been research 
on the creation of new XAI techniques that yield better results. Two of 
the most notable are SAGE (Covert et al., 2020) and MAPLE (Plumb 
et al., 2018). MAPLE is a supervised neighborhood approach that 
uses concepts from local linear models and decision tree ensembles to 
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improve upon the computational efficiency of previous methods. SAGE 
is an additive importance measure that calculates feature importance 
by applying Shapley values to a function that represents the predictive 
power of feature subsets. It has been found to outperform SHAP in 
computational efficiency (Covert et al., 2020; Belaid et al., 2022).

The research on the comparison of different XAI algorithms is much 
sparser. Nguyen et al. (2021) compared the run time of LIME, SHAP, 
and Class Activation Mapping (CAM) for image classification. In their 
first experiment they found that LIME and SHAP took exponentially 
longer than CAM due to inefficiencies and had to lower the number 
of LIME and SHAP examples for subsequent experiments to reduce 
algorithmic run time. More recently, Belaid et al. (2022) conducted 
a more comprehensive comparative study of post-hoc XAI algorithms, 
where they considered run time as one of the benchmarks. They found 
that SHAP and LIME (and their variations) were the least computation-
ally efficient models and were outperformed by MAPLE (Plumb et al., 
2018).

We aim to contribute to the literature by introducing PeBEx, a novel 
and straightforward technique for explaining black box models. Using 
perturbations, PeBEx yields significantly better model explanations in 
terms of computational efficiency, which is critical in a variety of 
disciplines.

3. Material and methods

In this section, we present a comprehensive evaluation of vari-
ous XAI models, we utilize a combination of synthetic and public 
datasets to thoroughly test the model performance and applicability. 
The synthetic datasets, designed with specific characteristics, allow us 
to control and test various aspects of model behavior under different 
conditions. In contrast, the public datasets provide real-world scenarios 
to validate the model effectiveness in practical applications. While this 
work primarily employs binary classification models for simplicity, the 
proposed approach is generalizable to multi-class problems, allowing 
for broader applicability in more complex scenarios. We detail the 
methodologies employed for dataset generation, model training, hyper-
parameter tuning, and evaluation metrics. Additionally, we describe 
the implementation of XAI methods, including LIME, SHAP, to com-
pare their interpretability and computational efficiency across different 
datasets and ML models. The systematic evaluation and comparison 
aim to highlight the strengths and weaknesses of each XAI method, 
particularly in terms of their computational demands and the quality of 
their explanations, thereby providing a robust framework for selecting 
the most suitable explainability model for various applications.

3.1. Description of synthetic and public datasets

In our study, we use four different datasets to evaluate the effec-
tiveness of our proposed perturbation-based XAI model, which is posed 
to offer computational efficiency in generating explanation of black 
box ML models. The datasets include both synthetic datasets and well-
known public datasets, each serving a distinct purpose in demonstrating 
the applicability and advantages of our model.

Synthetic Datasets. To provide controlled environments for evaluat-
ing our model performance, we use four types of synthetic datasets, 
each with specific characteristics designed to test different aspects of 
the models’ behavior:

• Gaussian Clusters (Dataset 1). This dataset is generated to sim-
ulate classification problems with varying levels of class overlap 
and feature noise. Each data point is drawn from multiple Gaus-
sian distributions, where each cluster corresponds to a different 
class. We define the dataset by the feature matrix 𝐗1 ∈ R𝑛×20 and 
the corresponding labels 𝐲1 ∈ {0, 1}𝑛, where 𝑛 is the number of 
samples. Out of the 20 features, 5 are informative, meaning they 
directly contribute to the class separability, while the remaining 
15 features are noise. This dataset is useful for testing the model 
ability to distinguish between well-separated and overlapping 
classes (Guyon et al., 2008).
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• Sine Waves (Dataset 2). This dataset is designed to assess model 
performance on non-linear and periodic patterns. It is generated 
using a set of sine wave functions with varying frequencies and 
amplitudes, combined with Gaussian noise to simulate realistic 
measurement errors. The feature matrix 𝐗2 ∈ R𝑛×20 represents 
20 input variables, and the target vector 𝐲2 is binarized based on 
a threshold applied to a non-linear transformation of the inputs. 
This dataset is particularly suitable for evaluating the model 
handling of non-linear relationships (Friedman, 1991; Breiman, 
1996).

• Mixed Shapes (Dataset 3). This dataset challenges the model by 
containig geometric shapes distributed across the feature space. 
The dataset consists of 20 features, where 5 are informative and 
contribute directly to the class labels, and 15 are redundant, intro-
ducing multicollinearity. The feature matrix 𝐗3 ∈ R𝑛×20 and the 
labels 𝐲3 are constructed to evaluate the model ability to manage 
complex interactions and highly correlated features (Guyon et al., 
2008).

• Random Noise (Dataset 4). This dataset introduces significant 
variability and noise into the data, making it a robust test for the 
model. The feature matrix 𝐗4 ∈ R𝑛×20 is generated by adding 
Gaussian noise to a base signal, with the data points grouped 
around two centers. The standard deviation of the clusters is set 
high (e.g., 𝜎 = 10) to introduce considerable overlap, challenging 
the model to extract meaningful patterns. The target labels 𝐲4 are 
binary, corresponding to the two clusters (Gaddam et al., 2022).

Public Datasets. To validate our perturbation-based XAI model in 
real-world scenarios, we also utilize five public datasets from reputable 
repositories (as summarized in Table  1). We selected these datasets for 
their relevance and the critical importance of explainability in their 
respective domains:

• Heart Disease Dataset. This dataset includes medical attributes 
such as age, sex, chest pain type, resting blood pressure, choles-
terol, and more, with the target variable indicating the pres-
ence or absence of heart disease. Timely and accurate diag-
nosis of heart disease can save lives, and interpretable models 
can help healthcare professionals understand the respective risk 
factors (Wolberg et al., 1992).

• Statlog (German Credit Data) Dataset. Also from the UCI ML 
Repository, this dataset evaluates the creditworthiness of individ-
uals based on various attributes such as credit history, purpose, 
amount, savings, employment, and personal status. The target 
variable classifies individuals as good or bad credit risks. Fi-
nancial institutions require interpretable models to justify credit 
decisions to regulators and customers (Hofmann, 1994).

• Breast Cancer Wisconsin (Diagnostic) Dataset. Sourced from 
the UCI ML Repository, this dataset contains features computed 
from breast cancer biopsy images, including characteristics like 
radius, texture, perimeter, area, and smoothness. The target vari-
able indicates whether the tumor is malignant or benign. Early 
and accurate detection of cancer is crucial, and understanding the 
model decision-making process can significantly impact clinical 
outcomes (Azar and El-Metwally, 2013; Wolberg et al., 1995).

• Car Evaluation Dataset. Evaluating cars based on attributes 
such as buying price, maintenance cost, number of doors, person 
capacity, luggage boot size, and safety, this dataset classifies cars 
as acceptable or unacceptable. Understanding the factors that 
influence customer preferences can guide design and marketing 
strategies in the automotive industry (Bohanec, 1997).

• Santander Customer Satisfaction Dataset. This dataset is pro-
vided by Santander Bank via a Kaggle competition. It includes 
hundreds of anonymized features, aiming to predict customer 
satisfaction or dissatisfaction with their banking experience. The 
goal is to identify dissatisfied customers early to allow the bank 
to take proactive steps to improve customer satisfaction before 
churn (Jimenez and Cukierski, 2016).
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Table 1
Summary of various datasets used for classification tasks in different fields. Each dataset is described by its characteristics, the subject area it 
pertains to, the types of features it includes, the size of the sample, and the total number of features.
 Dataset Subject Feature Type Sample Size Features 
 Heart Disease (Wolberg et al., 1992) Health Categorical, Integer, Real 303 13  
 German Credit Data (Hofmann, 1994) Social Science Categorical, Integer 1000 20  
 Breast Cancer Wisconsin (Wolberg et al., 1995) Health Real 569 30  
 Car Evaluation (Bohanec, 1997) Other Categorical 1728 6  
 Santander Customer Satisfaction (Jimenez and Cukierski, 2016) Banking Real, Anonymized 76020 370  
3.2. Overview of binary classification machine learning models

In our experiment, we evaluated eight distinct binary classification 
models, applying them across various scenarios. Each model underwent 
training using stratified k-fold cross-validation, after the data was 
undersampled to ensure an equal distribution of observations of tar-
get classes. Subsequent optimization phases involved hyperparameter 
tuning using an exhaustive grid search to identify the top-performing 
model among the candidates. Below, we provide a summary of the 
models examined.

Logistic Regression (LR) is a fundamental model for binary classi-
fication, predicting the probability that a given input belongs to a 
particular category. The model estimates probabilities using a logistic 
function, which is expressed as: 

𝑝(𝒚 = 1|𝒙) = 1
1 + 𝑒−(𝛽0+𝛽1𝒙)

, (1)

where 𝑝(𝒚 = 1|𝒙) is the probability of the input 𝒙 being classified 
as class 1, 𝛽0 is the intercept, and 𝛽1 is the coefficient for the input 
feature 𝑥. This model is favored for its simplicity and interpretabil-
ity (Pedregosa et al., 2011; Hosmer et al., 2013).

Support Vector Machines (SVM) construct a hyperplane in high-
dimensional spaces to separate different classes. The optimal hyper-
plane is the one that maximizes the margin between the closest points 
of the classes, which are called support vectors. For non-linearly 
separable data, SVM uses kernel functions to map inputs into high-
dimensional feature spaces. The decision function is defined as: 

𝑓 (𝒙) = sign
( 𝑛
∑

𝑖=1
𝛼𝑖𝒚𝑖𝐾(𝒙𝑖,𝒙) + 𝑏

)

, (2)

where 𝐾(𝒙𝑖,𝒙) is the kernel function, 𝒚𝑖 are the labels, 𝛼𝑖 are the 
Lagrange multipliers, and 𝑏 is the bias (Cortes and Vapnik, 1995; 
Pedregosa et al., 2011; Buitinck et al., 2013).

Random Forest (RF) improves upon decision trees by creating an 
ensemble of trees and aggregating their predictions. Each tree is trained 
on a random subset of the data, and the final classification is typically 
determined by majority vote: 𝒚̂ = mode{𝑦1, 𝑦2,… , 𝑦𝑛}, where 𝒚̂ is 
the predicted class and 𝒚𝑖 are the predictions of the 𝑖th tree in the 
forest (Breiman, 2001).

Gradient Boosting (GB) builds an ensemble of weak prediction mod-
els, typically decision trees, in a sequential manner where each subse-
quent model corrects errors made by previous models. The update rule 
for each model can be expressed as: 
𝐹𝑚(𝒙) = 𝐹𝑚−1(𝒙) + 𝜌𝑚ℎ𝑚(𝒙), (3)

where 𝐹𝑚(𝒙) is the model at iteration 𝑚, ℎ𝑚(𝒙) is the weak learner, and 
𝜌𝑚 is the weight of ℎ𝑚(𝒙) (Friedman, 2001).

XGBoost is an optimized distributed gradient boosting library de-
signed to be highly efficient, flexible, and portable. It implements ML 
algorithms under the Gradient Boosting framework, with enhancements 
for performance and speed (Chen and Guestrin, 2016).

LightGBM is a gradient-boosting framework that uses tree-based 
learning algorithms. It is designed for speed and efficiency, with a focus 
on large datasets. LightGBM improves on traditional gradient boosting 
methods by using a novel tree growth algorithm called Gradient-based 
One-Side Sampling (GOSS) and Exclusive Feature Bundling (EFB), 
which significantly reduces the computational cost of handling large 
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data, where GOSS keeps the instances with large gradients and ran-
domly samples the instances with small gradients, while EFB bundles 
mutually exclusive features to reduce the feature dimension (Ke et al., 
2017).

Multi-Layer Perceptron (MLP) is a class of feedforward artificial 
neural networks that consists of at least three layers of nodes: an input 
layer, a hidden layer, and an output layer. The output of each neuron 
is a nonlinear function of a weighted sum of its inputs: 

𝒚 = 𝜎

( 𝑛
∑

𝑖=1
𝒘𝑖𝒙𝑖 + 𝑏

)

, (4)

where 𝜎 is the activation function, 𝒘𝑖 are the weights, 𝒙𝑖 are the inputs, 
and 𝑏 is the bias. MLPs can model complex relationships between inputs 
and outputs, making them suitable for a wide range of applications, 
including classification and regression tasks (Pedregosa et al., 2011; 
Rumelhart et al., 1986).

PyTorch Neural Network. In addition to the traditional ML models, 
we also implemented a DL model using PyTorch, focusing on a simple 
feedforward neural network architecture (Paszke et al., 2017). This 
model was designed to explore the potential of neural networks in 
binary classification tasks within the scope of our experiment. The 
PyTorch neural network, named SimpleNet, consists of three fully con-
nected (dense) layers (Paszke et al., 2017). The architecture can be 
summarized as follows: 

• Input layer. The input dimension corresponds to the number of 
features in the dataset.

• First hidden layer. This layer consists of 64 neurons with ReLU 
activation functions.

• Second hidden layer. This layer reduces the dimensionality with 
32 neurons, also using ReLU activation functions.

• Output layer. A single neuron with a sigmoid activation function 
outputs the probability of the input belonging to the positive class 
(class 1).

The forward propagation through the network is defined as: 
𝒚 = 𝜎(ReLU(𝑾 2 ⋅ ReLU(𝑾 1 ⋅ 𝒙 + 𝒃1) + 𝒃2) + 𝒃3), (5)

where 𝑾 1, 𝑾 2 are the weight matrices, 𝒃1, 𝒃2, 𝒃3 are the biases, and 
𝜎 is the sigmoid activation function.

The model was trained and optimized using the NeuralNetClassifier
from the Skorch library, which integrates PyTorch models with scikit-
learn functionalities (Thomas et al., 2018). The optimization involved 
tuning several key hyperparameters through grid search:

• Learning Rate (lr): The learning rate determines the step size 
at each iteration while moving toward a minimum of the loss 
function. We tested values of 0.01 and 0.1.

• Max epochs: This parameter sets the maximum number of epochs 
for training. We experimented with values of 10, 20, and 50 
epochs to evaluate the model performance with different levels 
of training.

The model was trained using the Binary Cross-Entropy Loss
(BCELoss) function, which is suitable for binary classification tasks
(Paszke et al., 2019). The training data was shuffled at each epoch 
to improve generalization. This PyTorch model allowed us to explore 
the flexibility and performance of DL techniques in comparison to 
traditional methods (Paszke et al., 2019). 
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3.3. Stratified K-fold cross-validation for binary model training

Stratified K-Fold cross-validation is a crucial technique, especially 
beneficial for datasets with imbalanced class distributions. This method 
ensures that classes are evenly distributed across all folds, providing a 
fair and consistent evaluation of model performance (Wong and Yang, 
2017; Prusty et al., 2022).

In this approach, the training dataset (which makes up 80% of the 
total dataset) is organized by the target class and divided into five 
stratified folds (reflecting the choice of k=5 for this scenario). Each fold 
maintains the proportion of target classes present in the full dataset. 
During each iteration of validation, one fold is used as the validation 
set, while the remaining folds are combined to form the training set. 
The model is trained on this combined training set and then evaluated 
on the validation set (Zeng and Martinez, 2000).

To ensure reproducibility, the dataset split is performed randomly 
using a fixed seed. The choice of the seed value 42 is conventional 
in many ML studies because it serves as a playful reference to The 
Hitchhiker’s Guide to the Galaxy, where ‘‘42’’ is humorously referred 
to as the ‘‘Answer to the Ultimate Question of Life, the Universe, and 
Everything’’ (Adams, 1995). By fixing the seed, we ensure that the data 
splitting procedure can be exactly replicated in future experiments.

This process is repeated five times, with each fold serving as the 
validation set exactly once. It is important to note that models are 
recalibrated in each iteration to avoid any potential bias from pre-
viously trained models. The performance metrics from each fold are 
then averaged, resulting in a comprehensive and accurate assessment 
of model performance (Purushotham and Tripathy, 2011).

3.4. Evaluation metrics

In this study, six fundamental metrics were used to evaluate each 
model: accuracy, recall, F1-Score, precision, specificity, and area under 
the curve (AUC) (Bishop and Nasrabadi, 2006). The following sections 
describe each of these metrics and their respective calculations.

Accuracy provides an overall measure of model performance by 
indicating the proportion of correct predictions relative to the total 
number of predictions made. It is calculated as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

, (6)

where TP represents true positives, TN represents true negatives, FP 
represents false positives, and FN represents false negatives.

Recall measures the model ability to correctly identify all positive 
cases, which is especially useful in situations where false negatives are 
more problematic than false positives. It is defined as: 

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

. (7)

Precision measures the proportion of correctly classified positive 
samples (true positives) among all samples classified as positive (TP 
+ FP). It is calculated as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

. (8)

The F1-Score is a balanced measure between precision and recall, 
and it is computed as follows: 

𝐹1 =
2 × (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
. (9)

Specificity measures the proportion of correctly classified negative 
samples (true negatives) among all samples classified as negative (true 
negatives + false positives). It is defined as: 

𝑆𝑝𝑒𝑐𝑖𝑓 𝑖𝑐𝑖𝑡𝑦 = 𝑇𝑁
𝑇𝑁 + 𝐹𝑃

. (10)

Finally, the AUC represents the area under the receiver operating 
characteristic (ROC) curve. It evaluates the overall performance of the 
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model by considering the true positive rate and the false positive rate. 
The AUC is defined as the integral calculating the area as follows: 

𝐴𝑈𝐶 = ∫

1

0
ROC(𝑡), dt, (11)

where an AUC of 1 denotes a perfect classification model, while a 
value of 0.5 suggests performance no better than random classifica-
tion (Fawcett, 2006; Powers, 2020).

3.5. Explainable AI

XAI has become a crucial area of research, aiming to make the de-
cisions of ML models more transparent and interpretable. This section 
provides an overview of three prominent methods in XAI: LIME, SHAP, 
and the novel PeBEx model based on perturbations.

Local interpretable model-agnostic explanations is a technique de-
signed to explain individual predictions of any ML model. LIME op-
erates by approximating the complex model with an interpretable one 
locally around the prediction. This is achieved by generating perturbed 
samples around the instance of interest and observing the changes 
in the model predictions. The locally weighted linear model is then 
trained on these samples to provide an explanation. Mathematically, 
the explanation model 𝑔 is trained to minimize the loss function: 
𝐿(𝑓, 𝑔, 𝜋𝒙) =

∑

𝒛∈𝒁
𝜋𝒙(𝒛)(𝑓 (𝒛) − 𝑔(𝒛))2, (12)

where 𝑓 is the original model, 𝒁 is the set of perturbed samples, and 
𝜋𝒙(𝒛) is a proximity measure between the original instance 𝒙 and the 
perturbed sample 𝒛 (Ribeiro et al., 2016b). LIME is widely used for its 
simplicity and model-agnostic nature, providing intuitive explanations 
for individual predictions.

SHapley Additive exPlanations originates from game theory, where 
Shapley values quantify the average marginal contribution of a partic-
ipant within a cooperative setting (Roth, 1988). When applied to ML, 
these participants are analogous to features or attributes, transforming 
the cooperative game into the predictive task executed by the model. 
Thus, Shapley values elucidate the influence of each attribute on the 
prediction outcome of a ML model (Merrick and Taly, 2020). Specifi-
cally, for a given query point, the Shapley value of a feature elucidates 
its contribution to the model prediction, whether it be the predicted 
value in regression or the class scores in classification. The contribution 
of a feature is gauged by its impact on the prediction deviation from 
the model average prediction at that query point. Mathematically, for 
a feature 𝑖 at query point 𝒙, its Shapley value is defined by the value 
function 𝑣𝒙 as 

𝜑𝑖(𝑣𝒙) =
1
𝑀

∑

𝑆
⊆ 𝑴𝒔∖{𝑖}

𝑣𝒙(𝑺 ∪ {𝑖}) − 𝑣𝒙(𝑺)
(𝑀−1

|𝑆|

)

, (13)

where 𝑀 denotes the total number of features, 𝑴𝒔 the set of all fea-
tures, |𝑺| the cardinality of set 𝑺, and 𝑣𝒙(𝑺) the expected contribution 
of set 𝑺 features to the prediction at 𝒙 (Lundberg and Lee, 2017; 
Lundberg et al., 2020).

The SHAP Python package offers several algorithms, known as
interventional algorithms, for computing these values. These algorithms 
define the value function for a set of attributes at a query point as the 
expected prediction under the intervention distribution, representing 
the joint distribution of the attributes not in the set: 
𝑣𝒙(𝑺) = 𝐸𝐷[𝑓 (𝒙𝑆 ,𝑿𝑆𝑐 )], (14)

where 𝒙𝑺 represents the values of the features in set 𝑺 at the query 
point, and 𝑿𝑺𝒄  those not in 𝑺. Assuming features are independent, the 
value function 𝑣𝒙(𝑺) is approximated using data 𝑿 as samples from the 
intervention distribution 𝐷 for 𝑺𝑐 : 

𝑣𝒙(𝑺) = 𝐸𝐷[𝑓 (𝒙𝑆 ,𝑿𝑺𝑐 )] ≈ 1
𝑁

𝑁
∑

𝑓 (𝒙𝑆 , (𝑿𝑆𝑐 )𝑗 ), (15)

𝑗=1
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with 𝑁 representing the sample size, and (𝑿𝑺𝑐 )𝑗 the values for 𝑺𝑐 in 
the 𝑗th observation (Lundberg and Lee, 2017).

Interventional algorithms, while computationally more efficient, 
presume feature independence and rely on samples from outside the 
distribution, potentially leading to unrealistic observations (Kumar 
et al., 2020). Key SHAP interventional algorithms include: Kernel 
SHAP, employing a kernel approximation for Shapley value estima-
tion, suits high-dimensional spaces albeit with higher computational 
demands (Lundberg and Lee, 2017); Linear SHAP offers an analytical 
computation of Shapley values for linear models, enhancing computa-
tional efficiency compared to Kernel SHAP (Lundberg and Lee, 2017); 
and Tree SHAP, tailored for tree-based models like decision trees, RF, 
and gradient boosting algorithms, excels in computational efficiency 
and explicitly accommodates feature interactions (Lundberg et al., 
2020).

3.6. Evaluation metrics for XAI models

Evaluating the effectiveness of XAI models involves several key 
metrics that ensure the provided explanations are accurate, comprehen-
sible, consistent, stable, locally accurate, similar, and robust. Below, we 
describe each metric, its significance, and how it is generally calculated 
across SHAP, LIME, and PeBEx.

Fidelity. This metric measures how well the explanations approxi-
mate the actual model predictions, with higher values indicating more 
precise explanations (Velmurugan et al., 2021). It is defined as: 

Fidelity = 1
𝑛

𝑛
∑

𝑖=1
1(𝑦(𝑖)pred_m = 𝑦(𝑖)pred_e), (16)

where 1 is the indicator function, 𝑦(𝑖)pred_m is the prediction of the model, 
and 𝑦(𝑖)pred_e is the prediction based on the explainer. In SHAP, 𝑦pred_e
is derived from Shapley values; in LIME, it is obtained from local 
predictions; in PeBEx, it is approximated using perturbation importance 
values.

Comprehensibility. This metric refers to the number of features used 
in the explanation; fewer features indicate a simpler and more under-
standable explanation (Doran et al., 2017; Došilović et al., 2018). In 
SHAP and PeBEx, it is the number of significant features; in LIME, it is 
the number of features in the explanation list. It is defined as:

Consistency. This metric assesses the similarity between explanations 
of similar instances, where higher cosine similarity values between fea-
ture importance vectors suggest better consistency (Lin et al., 2021b). 
It is defined as: 

Consistency = 1
𝑛(𝑛 − 1)

𝑛
∑

𝑖=1

∑

𝑗≠𝑖
cosine_similarity(explanation(𝑖), explanation(𝑗)),

(17)

where cosine_similarity is the cosine similarity between the expla-
nations of instances 𝑖 and 𝑗 (Wojke and Bewley, 2018). SHAP uses 
SHAP values, LIME uses local feature importance, and PeBEx uses 
perturbation-based explanations.

Fidelity, Comprehensibility, and Consistency Score (FCC Score). In an 
effort to provide a comprehensive evaluation of XAI models, we intro-
duce the FCC Score, which integrates Fidelity, Comprehensibility, and 
Consistency into a single metric. This score offers a holistic measure of 
the effectiveness of XAI models by combining these three key aspects. 
For each metric 𝑀𝑖 (where 𝑀1 represents Fidelity, 𝑀2 represents Com-
prehensibility, and 𝑀3 represents Consistency), we consider the mean 
(𝜇𝑖) and standard deviation (𝜎𝑖). The normalized mean (𝜇̃𝑖) for each 
metric is calculated within the range [0, 1], ensuring that higher values 
are always better, including for metrics such as Comprehensibility and 
Consistency where lower raw values might be more desirable. For 
these, appropriate transformations are applied to reflect the ‘‘higher is 
better’’ principle.
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The variance (𝑉𝑖) for each metric is calculated as the square of the 
standard deviation: 
𝑉𝑖 = 𝜎2𝑖 . (18)

Each metric is assigned an equal weight (𝑤𝑖 =
1
3 ) since all metrics are 

considered equally important. The weighted mean for each metric is 
computed, and the combined mean (𝜇FCC) is obtained by summing the 
weighted means: 

𝜇FCC =
3
∑

𝑖=1
𝑤𝑖 ⋅ 𝜇̃𝑖. (19)

For Comprehensibility, which is ideally lower, normalization in-
volves a transformation to fit the range [0, 1], so that higher values 
indicate better comprehensibility. This is done by reversing the scale, 
where the normalized score is given by: 

𝜇̃2 = 1 −
𝜇2 −min
max −min , (20)

with min and max being the range of observed values for this metric. 
Similarly, Consistency is normalized such that values closer to 0 are 
better, using the formula: 
𝜇̃3 = 1 − |𝜇3|. (21)

Similarly, the combined variance (𝑉FCC) is calculated by summing 
the weighted variances: 

𝑉FCC =
3
∑

𝑖=1
𝑤2

𝑖 ⋅ 𝑉𝑖. (22)

The combined standard deviation (𝜎FCC) is then derived as the square 
root of the combined variance: 
𝜎FCC =

√

𝑉FCC. (23)

The final FCC Score is represented by the combined mean (𝜇FCC) and 
the combined standard deviation (𝜎FCC). This method ensures that each 
metric is normalized to fit within the [0, 1] range, where higher values 
represent better performance, regardless of the raw metric character-
istics. This ensures a consistent interpretation across Fidelity, Com-
prehensibility, and Consistency. This approach allows for a balanced 
evaluation of XAI models, taking into account the accuracy of explana-
tions (Fidelity), their understandability (Comprehensibility), and their 
consistency across similar instances (Consistency). 

Stability. This metric evaluates the variation in explanations when 
small perturbations are applied to the input data, with lower L2 norm 
differences indicating more stable explanations, where stability is de-
fined as: 

Stability = 1
𝑛

𝑛
∑

𝑖=1
‖e(𝑖)o − e(𝑖)p ‖, (24)

where ‖ ⋅ ‖ denotes the L2 norm. SHAP, LIME, and PeBEx all measure 
stability by comparing the original (defined as eo) and perturbed ((de-
fined as ep)) explanations (Alvarez Melis and Jaakkola, 2018; Eykholt 
et al., 2018; Rojat et al., 2021; Barbado and Corcho, 2022).

Local Accuracy. This metric measures how well the local explana-
tions predict the model decision in the neighborhood of the instance 
of interest, with higher accuracy scores being better (Hoffman et al., 
2018). It is defined as: 

Local Accuracy = 1
𝑛

𝑛
∑

𝑖=1
1(𝑦(𝑖)a = 𝑦(𝑖)l_p), (25)

where 𝑦actual is defined as actual prediction, and 𝑦l_p is defined as local 
prediction. In SHAP, the local prediction is derived from SHAP values; 
in LIME, it is obtained from the local surrogate model; in PeBEx, it is 
based on the mean perturbation importance values.

Similarity. This metric measures the resemblance between expla-
nations of different instances, with higher cosine similarity values 
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Fig. 1. Comprehensive workflow for evaluating post-hoc explainability models. The process includes (1) preprocessing datasets, (2) splitting data into training and test sets, (3) 
addressing class imbalance, (4) training multiple models with grid search optimization, (5) evaluating model performance, and (6) applying XAI techniques (LIME, SHAP, and 
PeBEx) to the best models to compare their interpretability and computational efficiency.
indicating greater similarity (Hu et al., 2022). It is defined as: 

Similarity = 1
𝑛(𝑛 − 1)

𝑛
∑

𝑖=1

∑

𝑗≠𝑖
cosine_similarity(e(𝑖), e(𝑗)), (26)

where e is defined as explanation model. SHAP, LIME, and PeBEx all 
use cosine similarity to measure the similarity between explanations. 
Cosine similarity is defined as: 

cosine_similarity(𝐀,𝐁) = 𝐚 ⋅ 𝐛
‖𝐚‖‖𝐛‖

, (27)

where 𝐚 and 𝐛 are vectors, ⋅ denotes the dot product, and ‖𝐚‖ and ‖𝐛‖
are the magnitudes of the vectors. This metric calculates the average 
cosine similarity between all pairs of explanations, excluding self-pairs 
(i.e., 𝑖 ≠ 𝑗). A higher average cosine similarity value indicates that the 
explanations are more similar to each other, implying consistency in 
how the model explains its decisions across different instances (Hanawa 
et al., 2020).

Robustness. This metric assesses the variation in explanations when 
large perturbations are applied, with lower L2 norm differences indi-
cating more robust explanations (Alvarez-Melis and Jaakkola, 2018; 
Agarwal et al., 2018), where robustness is defined as: 

Robustness = 1
𝑛

𝑛
∑

𝑖=1
‖e(𝑖)o − e(𝑖)l_p‖, (28)

where ‖e(𝑖)o − e(𝑖)l_p‖ is the L2 norm difference between the original and 
large perturbed explanations for instance 𝑖, and 𝑛 is the number of 
instances.

3.7. Workflow for evaluating Post-Hoc explainability models

To systematically evaluate and compare different post-hoc explain-
ability models, we adopt a structured workflow diagram (as shown in 
Fig.  1). The first stage of the workflow involves dataset preprocessing 
and splitting. Each dataset is cleaned and preprocessed to ensure consis-
tency and quality, which includes handling missing values, normalizing 
features, and encoding categorical variables. Following preprocessing, 
the dataset is divided into training and test sets while maintaining the 
original class distribution.
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In the model training and evaluation stage, stratified 5-fold cross-
validation is applied to the training data to preserve the class dis-
tribution in each fold. Random undersampling is then performed to 
balance the class distribution within each fold, ensuring equitable 
model training. The selected models (LR, SVM, RF, GB, XGBoost, 
LightGBM, MLP and PyTorch NN) are then trained using the training 
data. Hyperparameter tuning is conducted using grid search techniques 
to optimize each model performance.

Model performance is evaluated based on several metrics, includ-
ing accuracy, recall, F1-Score, precision, specificity, and AUC. The 
best-performing model for each dataset is identified based on these 
evaluation metrics.

In the final stage, the XAI model comparison is conducted. For the 
best-performing model from each dataset, three different XAI methods 
(LIME, SHAP, and PeBEx) are applied and compared to evaluate their 
interpretability and computational efficiency. Particular attention is 
given to the computational efficiency of PeBEx compared to SHAP 
when applied to DL models like MLPs, as PeBEx often requires less 
computational time, providing an advantage in applications where 
computational efficiency is paramount.

Hardware Specifications. All experiments were conducted on a 
computer with the following specifications: (1) 2.3 GHz Intel Core i9, 8 
cores, (2) Radeon Pro 560X with 4 GB VRAM, Intel UHD Graphics 630 
with 1536 MB VRAM and (3) 32 GB of 2400 MHz DDR4 RAM. Since 
this paper involves comparisons of computational times to evaluate 
different XAI models, it is necessary to provide the context of the 
hardware specifications used for the experiments.

4. Perturbation-based explanations

PeBEx is a novel method designed to offer interpretable expla-
nations by perturbing the input features and observing the resulting 
changes in the model predictions. This method involves systematically 
altering the values of input features and measuring the effect on the 
output to determine the importance and influence of each feature. The 
perturbation process is defined by a series of theorems and notations, 
as outlined below.

In this context, let 𝑿 denote the feature matrix and 𝑿𝑡𝑒𝑠𝑡 a subset of 
𝑿 used for model evaluation. For each feature 𝒙𝑖 in 𝑿, we define 𝒙̃𝑖 as 
the perturbation range for the 𝑖-th feature. The function 𝑓 represents 
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the classification ML model, and 𝑃 (𝑐|𝑿) indicates the probability that 
the sample 𝑿 belongs to class 𝑐 as predicted by the model 𝑓 . The range 
of values generated for the 𝑖-th feature during perturbation is denoted 
by range(𝒙̃𝑖).

Theorem 1 (Generation of Perturbation Range). For each feature 𝒙𝑖 in 
𝑿𝑡𝑒𝑠𝑡, the perturbation range 𝒙̃𝑖 is defined by the set: 

𝒙̃𝑖 =
{

𝒙 ∣ 𝒙 = min(𝑿𝑡𝑒𝑠𝑡,𝑖) + 𝑘 ⋅ 𝛿, 0 ≤ 𝑘 < 𝑛
}

, (29)

where 𝛿 = max(𝑿𝑡𝑒𝑠𝑡,𝑖)−min(𝑿𝑡𝑒𝑠𝑡,𝑖)
𝑛−1  and 𝑛 is the number of points in the 

perturbation range.
This theorem establishes the method of constructing a linearly spaced set 

of perturbation values 𝒙̃𝑖 for each feature. It calculates equally spaced points 
between the minimum and maximum observed values of the feature in the 
testing set.

Theorem 2 (Effect of Perturbation on Class Probability). Given a value 
𝑉  within 𝒙̃𝑖, the 𝑖-th feature of all samples in 𝑿𝑡𝑒𝑠𝑡 is modified to 𝑉 . The 
probability for each class is then recalculated as: 

𝑃 (𝑐|𝑿𝑡𝑒𝑠𝑡, 𝑖 = 𝑉 ) = 1
|𝑿𝑡𝑒𝑠𝑡|

∑

𝒙∈𝑿𝑡𝑒𝑠𝑡

𝑓𝑐 (𝒙1,… , 𝑉 ,… ,𝒙𝑛), (30)

where 𝑓𝑐 is the model function that returns the probability of class 𝑐 for the 
modified sample 𝑿.

Theorem 3 (Calculation of Feature Importance Based on Probabilities).
The importance of feature 𝒙𝑖 is determined by calculating the variation in 
the predicted probability for a particular class 𝑐 as: 

𝐼(𝒙𝑖) = max
𝑉 ∈𝒙̃𝑖

(

𝑃 (𝑐|𝑿𝑡𝑒𝑠𝑡, 𝑖 = 𝑉 )
)

− min
𝑉 ∈𝒙̃𝑖

(

𝑃 (𝑐|.𝑿𝑡𝑒𝑠𝑡, 𝑖 = 𝑉 )
)

(31)

This measure shows how much the decision of the model (in terms of class 
probability) can change due to variations in feature 𝒙𝑖 across its perturbation 
range.

PeBEx provides a straightforward and intuitive approach to under-
standing feature importance by directly measuring the impact of feature 
changes on model predictions. One of the main advantages of PeBEx, 
particularly in the context of DL models such as MLP, is its computa-
tional efficiency. Unlike SHAP, which can be computationally intensive 
and time-consuming, especially for DL models, PeBEx offers a faster 
alternative. This is particularly advantageous in critical applications 
where computational time is a significant concern.

It is important to note that the granularity of PeBEx explanations 
can be controlled through the number of points in the perturbation 
range 𝑛. The perturbation range defines how many values within the 
variation interval of a feature are tested when evaluating the im-
portance of that feature. Increasing the number of points 𝑛 in the 
perturbation range provides more granularity, allowing PeBEx to cap-
ture subtler changes in the model predictions. This can enhance the 
precision of the explanations by observing smaller variations in feature 
values.

Conversely, reducing the number of points can speed up the com-
putation process but may result in a loss of detail in how a feature 
impacts the model predictions. If the perturbation points are too sparse, 
the relationship between the feature and the model might not be fully 
captured, potentially lowering the quality of the explanation.

Therefore, adjusting the number of points in the perturbation range 
allows for a trade-off between computational efficiency and the level 
of interpretability. This flexibility ensures that PeBEx can be tailored to 
different applications, where varying levels of feature granularity may 
be required depending on the computational resources available and 
the need for detailed explanations.

PeBEx Algorithm. The PeBEx algorithm operates by generating per-
turbations for each feature in the dataset and evaluating the impact on 
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Table 2
Notation Table. This table defines the symbols used in our algorithm.
 Symbol Description  
 𝑓 Trained ML model  
 𝑿 Dataset  
 𝑿𝑡𝑒𝑠𝑡 Subset of 𝑿 for model evaluation  
 𝒙𝑖 𝑖th feature in 𝑿  
 𝒙̃𝑖 Perturbation range for 𝑖th feature  
 𝑁𝑝 Number of perturbations  
 𝐼𝑖 Importance score of feature 𝑖  
 𝑿𝑡𝑒𝑚𝑝 Temporary dataset with perturbed values  
 𝑝𝑟𝑒𝑑_𝑝𝑟𝑜𝑏𝑠 Predicted probabilities for perturbed dataset  
 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠 Average predicted probabilities for perturbed dataset 
 𝑛 Number of points in the perturbation range  
 𝛿 Step size in the perturbation range  

Algorithm 1 Perturbation-Based Explanation Algorithm
Input: Trained model 𝑓 , dataset 𝑿, number of perturbations 𝑁𝑝
Output: Feature importance scores 𝐼
Initialize an empty dictionary 𝐼 to store importance scores.
for each feature 𝒙𝑖 in 𝑿 do 
Generate 𝑁𝑝 perturbation values for 𝒙𝑖 using a uniform distribu-
tion: 
𝒙̃𝑖 = uniform(min(𝑿𝑖),max(𝑿𝑖), 𝑁𝑝)
Create a temporary dataset 𝑿𝑡𝑒𝑚𝑝 by tiling 𝑿: 
𝑿𝑡𝑒𝑚𝑝 = tile(𝑿.𝑣𝑎𝑙𝑢𝑒𝑠, (𝑁𝑝, 1))
Replace the values of 𝒙𝑖 in 𝑿𝑡𝑒𝑚𝑝 with 𝒙̃𝑖: 
𝑿𝑡𝑒𝑚𝑝[∶, get_loc(𝒙𝑖)] = repeat(𝒙̃𝑖,𝑿.𝑠ℎ𝑎𝑝𝑒[0])
Predict probabilities using the model 𝑓 on the perturbed dataset 
𝑿𝑡𝑒𝑚𝑝: 
𝑝𝑟𝑒𝑑_𝑝𝑟𝑜𝑏𝑠 = 𝑓.predict_proba(𝑿𝑡𝑒𝑚𝑝)
Compute the average predicted probabilities: 
𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠 = mean(𝑝𝑟𝑒𝑑_𝑝𝑟𝑜𝑏𝑠[∶
, 1].reshape(𝑁𝑝,𝑿.𝑠ℎ𝑎𝑝𝑒[0]), axis = 1)
Calculate the variance of the predicted probabilities for feature 𝒙𝑖: 

𝐼𝑖 = var(𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠)
Store the importance score in the dictionary 𝐼 : 
𝐼[𝑥𝑖] = 𝐼𝑖

end for
Return the importance scores 𝐼 .

the model predictions. The notation used in the algorithm is detailed in 
Table  2, to ensure clarity and consistency throughout the explanation.

Initially, for each feature 𝒙𝑖 in the dataset 𝑿, a set of perturbation 
values 𝒙̃𝑖 is generated using a uniform distribution. These perturbation 
values span the full observed range of the feature. A temporary dataset 
𝑿𝑡𝑒𝑚𝑝 is then created by tiling the original dataset 𝑿 to accommodate 
all perturbation instances.

The values of the feature 𝒙𝑖 in 𝑿𝑡𝑒𝑚𝑝 are replaced with the perturba-
tion values 𝒙̃𝑖. The trained model 𝑓 is used to predict probabilities for 
this perturbed dataset, and the average predicted probabilities are cal-
culated. The variance of these probabilities is computed for each feature 
𝒙𝑖, which quantifies the feature importance. The feature importance 
scores are stored in a dictionary 𝑰 and returned upon completion.

4.1. Mathematical proofs

We provide mathematical proofs to demonstrate the effectiveness of 
the PeBEx method in determining feature importance. These proofs are 
divided into an inductive proof and a probabilistic proof by construc-
tion.

Inductive Proof: To demonstrate the effectiveness of the PeBEx 
method in determining feature importance, we provide a proof by 
induction.
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Base Case. Consider a simple model with a single feature 𝒙 and a 
dataset 𝑿 containing a single data point 𝒙1.

1. For the point 𝒙1, we generate a perturbation range 𝒙̃1 using the 
given formula: 

𝒙̃1 =
{

𝒙 ∣ 𝒙 = min(𝑿1) + 𝑘 ⋅ 𝛿, 0 ≤ 𝑘 < 𝑛
}

(32)

where 𝛿 = max(𝑿1)−min(𝑿1)
𝑛−1 .

2. We evaluate the model 𝑓 for each value in 𝒙̃1 and compute the 
probabilities: 
𝑃 (𝑐|𝑿, 𝑖 = 𝑉 ) = 𝑓𝑐 (𝒙1) (33)

where 𝑓𝑐 is the model function that returns the probability of class 𝑐
for the modified sample.

3. The importance of feature 𝒙 is calculated as: 
𝐼(𝒙) = max

𝑉 ∈𝒙̃𝑖
(𝑃 (𝑐|𝑿, 𝑖 = 𝑉 )) − min

𝑉 ∈𝒙̃𝑖
(𝑃 (𝑐|𝑿, 𝑖 = 𝑉 )) (34)

In this base case, if the feature 𝒙 significantly impacts the model 
predictions, the variation in probabilities will be large, which will be 
reflected in a high 𝐼(𝒙) value. If 𝒙 has no impact, 𝐼(𝒙) will be close to 
zero.

Inductive Step. Now, assume that the perturbation method works 
for any dataset 𝑿 with 𝑘 features. That is, we can determine the 
importance of each of the 𝑘 features using the described perturbation 
procedure.

We want to demonstrate that the method remains valid for a dataset 
𝑿 with 𝑘 + 1 features.

1. Consider the dataset 𝑿 with 𝑘 + 1 features 𝒙1,𝒙2,… ,𝒙𝑘,𝒙𝑘+1.
2. For each feature 𝒙𝑖 in 𝑿, we generate the perturbation range 𝒙̃𝑖

as before: 
𝒙̃𝑖 =

{

𝒙 ∣ 𝒙 = min(𝑿𝑖) + 𝑘 ⋅ 𝛿, 0 ≤ 𝑘 < 𝑛
}

(35)

where 𝛿 = max(𝑿𝑖)−min(𝑿𝑖)
𝑛−1 .

3. We modify each feature 𝒙𝑖 in 𝑿 to the value 𝑉  within 𝒙̃𝑖 and 
evaluate the model 𝑓 to compute the probabilities: 

𝑃 (𝑐|𝑿, 𝑖 = 𝑉 ) = 1
|𝑿|

∑

𝒙∈𝑿
𝑓𝑐 (𝒙1,… , 𝑉 ,… ,𝒙𝑘+1) (36)

4. We calculate the importance of each feature 𝒙𝑖 as: 

𝐼(𝒙𝑖) = max
𝑉 ∈𝒙̃𝑖

(𝑃 (𝑐|𝑿, 𝑖 = 𝑉 )) − min
𝑉 ∈𝒙̃𝑖

(𝑃 (𝑐|𝑿, 𝑖 = 𝑉 )) (37)

5. By the inductive hypothesis, we know that the perturbation 
method works for the first 𝑘 features.

6. For the 𝑘 + 1-th feature 𝒙𝑘+1, we generate its perturbation range 
𝒙̃𝑘+1 and evaluate its importance 𝐼(𝒙𝑘+1) using the same procedure.

Since we are following the same systematic procedure of perturba-
tions and class probability evaluation, the value of 𝐼(𝒙𝑘+1) will correctly 
reflect the importance of 𝒙𝑘+1 in the model, just as it does for the 
features 𝒙1,𝒙2,… ,𝒙𝑘.

Therefore, we have proven by induction that the PeBEx method 
is effective in determining feature importance in any dataset with 𝑛
features. The consistency of the method and the systematic way it 
measures the impact of perturbations ensure that it accurately captures 
the influences of each feature on the model predictions.
Probabilistic Proof by Construction:

We define 𝑿 as a dataset with 𝑛 features and 𝑚 data points, and 𝑓 as 
the predictive model trained on 𝑿. We assume that 𝑃 (𝒀 |𝑿) represents 
the true conditional probability distribution of the output 𝒀  given the 
input features 𝑿.

Definition 4 (Expected Model Output). For each feature 𝒙𝑖, we generate 
a perturbed dataset 𝑿𝑉

𝑖  and calculate the expected output of the model 
as: 
𝐸[𝑓 (𝒀 |𝑿𝑉

𝑖 )] =
1

|𝑿|

∑

𝑓 (𝒀 |𝒙1,… , 𝑉 ,… ,𝒙𝑛) (38)

𝒙∈𝑿
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Definition 5 (Feature Importance). The importance of feature 𝒙𝑖 is 
defined as the variance of the expected model output: 

𝐼(𝒙𝑖) = 𝜎2(𝒙𝑖) =
1
𝑛

∑

𝑉 ∈𝒙̃𝑖

(

𝐸[𝑓 (𝒀 |𝑿𝑉
𝑖 )] − 𝜇(𝒙𝑖)

)2 (39)

where 𝜇(𝒙𝑖) is the mean of the expected outputs.
We compare the feature importance values calculated using the 

PeBEx method and the constructed method, and conduct a statistical 
correlation analysis.

Definition 6 (Pearson Correlation). The Pearson correlation coefficient, 
denoted as 𝑟, is calculated by: 

𝑟 =
∑𝑛

𝑖=1(𝐼PeBEx(𝒙𝑖) − 𝐼PeBEx)(𝐼(𝒙𝑖) − 𝐼)
√

∑𝑛
𝑖=1(𝐼PeBEx(𝒙𝑖) − 𝐼PeBEx)2

∑𝑛
𝑖=1(𝐼(𝒙𝑖) − 𝐼)2

(40)

Definition 7.  Under the assumption that the variations in feature im-
portance measures between the two methods are linearly proportional 
without a constant term, i.e., 𝐼(𝒙𝑖) = 𝑎 ⋅ 𝐼PeBEx(𝒙𝑖) with 𝑎 > 0, we can 
rewrite the calculation of 𝑟 as follows: 

𝑟 =
𝑎 ⋅

∑𝑛
𝑖=1(𝐼PeBEx(𝒙𝑖) − 𝐼PeBEx)2

√

∑𝑛
𝑖=1(𝐼PeBEx(𝒙𝑖) − 𝐼PeBEx)2 ⋅ 𝑎2 ⋅

∑𝑛
𝑖=1(𝐼PeBEx(𝒙𝑖) − 𝐼PeBEx)2

= 1

(41)

This equation demonstrates that if the variations are exactly propor-
tional and linear, the Pearson correlation coefficient will be exactly 1, 
indicating perfect correlation.

4.2. Strategies to enhance computational speed

To efficiently compute the perturbation-based explanations, several 
strategies are implemented to optimize the computational speed. These 
strategies leverage advanced numerical and parallel processing tech-
niques to reduce the overall runtime, especially for complex models 
such as DL models (e.g., MLPs).

Efficient array manipulation. The use of NumPy, a powerful library 
for numerical computations in Python, enables efficient creation and 
manipulation of large arrays. NumPy operations are highly optimized 
and executed at a low level, significantly reducing the computational 
overhead compared to standard Python loops (Harris et al., 2020).

Parallel processing. The joblib library is employed to parallelize the 
computation of feature importance scores. By utilizing the Parallel
and delayed functions, the algorithm can distribute the perturbation 
and evaluation tasks across multiple CPU cores. This parallelization 
harnesses the power of multi-core processors, effectively decreasing the 
computation time (Joblib Development Team, 2024).

Vectorized operations. Vectorized operations within NumPy are uti-
lized to minimize explicit loops. Vectorization allows batch processing 
of data, where operations are applied simultaneously to entire arrays 
rather than iterating over individual elements. This approach not only 
speeds up computations but also leads to more concise and readable 
code (Van Der Walt et al., 2011).

Uniform perturbation sampling. The perturbation values are generated 
using a uniform distribution, ensuring that the entire range of observed 
values for each feature is evenly sampled. This method reduces the risk 
of bias and ensures a comprehensive evaluation of feature importance.

Tiling and repeating arrays. The use of np.tile and np.repeat
functions allows for efficient replication of the original dataset and per-
turbation values. These functions enable the creation of large, modified 
datasets necessary for evaluating the impact of feature perturbations on 
model predictions.

By integrating these strategies, the PeBEx algorithm cuts down on 
computational complexity. These optimizations are particularly bene-
ficial in scenarios where real-time or near-real-time explanations are 
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Fig. 2. Comparative analysis of explanation times for RF on Synthetic Data 1 using SHAP with TreeExplainer (blue), LIME with LimeTabularExplainer (orange), and PeBEx (green). 
The 𝑥-axis represents the number of samples and the 𝑦-axis represents the explanation time in seconds (both training and testing phases).
required, such as in critical applications in medicine, finance, or au-
tonomous driving that involve DL models. The low computational run 
time allows the PeBEx method to quickly provide meaningful model 
explanations.

5. Experiments and results

In this section, we present a comprehensive evaluation of various 
XAI models using both synthetic and public datasets. The goal is to 
assess the performance and computational efficiency of LIME, SHAP, 
and PeBEx when applied to different ML models. The experiments are 
divided into two main subsections: experiments with synthetic data and 
comprehensive explainable ML model evaluation.

5.1. Experiments with synthetic data

In this subsection, we present a comprehensive evaluation of various 
XAI models using synthetic datasets. The goal is to assess the perfor-
mance and computational efficiency of LIME, SHAP, and PeBEx when 
applied to RF and MLP models across multiple synthetic datasets.

5.1.1. Dataset overview and feature analysis
The comparative analysis of feature importances for RF on four 

synthetic datasets. These figures summarize the performance of three 
XAI models (LIME, SHAP, and PeBEx) in extracting feature importances 
and compare them to the intrinsic feature importances of the RF model. 
Specifically, Fig.  4 shows the feature importances for Dataset 1, Fig. 
5 for Dataset 2, Fig.  6 for Dataset 3, and Fig.  7 for Dataset 4. Across 
all datasets, the feature importances identified by LIME, SHAP, and 
PeBEx exhibit a high degree of similarity to the feature importances 
of the RF model itself. This alignment suggests that the interpretability 
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of these XAI models is consistent with the model intrinsic explain-
ability, thereby validating their effectiveness in accurately identifying 
significant features in synthetic datasets.

5.1.2. Model training and execution time analysis
Analysis with RF. In the comparative analysis of explanation times 

for RF on four synthetic datasets, we present in Fig.  2 that showcase 
the performance of different XAI methods: SHAP (blue), LIME (orange), 
and PeBEx (green). The 𝑥-axis represents the number of samples and the 
𝑦-axis represents the explanation time in seconds. Fig.  2(a) illustrates 
the explanation times for Synthetic Dataset 1. As the number of sam-
ples increases, LIME consistently shows the highest explanation time, 
followed by PeBEx and SHAP. PeBEx demonstrates a more efficient 
performance compared to LIME, particularly as the number of samples 
increases. Fig.  2(b) shows the explanation times for Synthetic Dataset 
2. Similar to Dataset 1, LIME exhibits the highest explanation time, 
with PeBEx again outperforming LIME. SHAP remains the most effi-
cient across all sample sizes, maintaining the lowest explanation time. 
Notably, between 20,000 and 25,000 samples, the lines for SHAP and 
PeBEx intersect, suggesting that PeBEx may offer better computational 
performance in this range. Fig.  2(c) presents the explanation times for 
Synthetic Dataset 3. The pattern remains consistent, with LIME showing 
the highest explanation time, followed by PeBEx and SHAP. PeBEx 
continues to provide a more computationally efficient alternative to 
LIME, especially as the sample size increases. Fig.  2(d) depicts the 
explanation times for Synthetic Dataset 4. LIME once again has the 
highest explanation time, while PeBEx demonstrates better efficiency 
compared to LIME. SHAP continues to be the most computationally 
efficient method, maintaining the lowest explanation time across all 
sample sizes.
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Fig. 3. Comparative analysis of explanation times for MLP on synthetic data using SHAP with TreeExplainer (blue), LIME with LimeTabularExplainer (orange), and PeBEx (green). 
The 𝑥-axis represents the number of samples and the 𝑦-axis represents the explanation time in seconds (both training and testing phases).
Analysis with MLP. In the comparative analysis of explanation 
times for MLP on four synthetic datasets, we present in Fig.  3 the 
performance of different XAI methods: SHAP (blue), LIME (orange), 
and PeBEx (green). The 𝑥-axis represents the number of samples and 
the 𝑦-axis represents the explanation time in seconds. Fig.  3(a) illus-
trates the explanation times for Synthetic Dataset 1. As the number 
of samples increases, SHAP consistently shows the highest explanation 
time, followed by LIME and PeBEx. In the case of the 10,000 samples, 
the lines cross and the performance of PeBEx and LIME is fairly even. 
Fig.  3(b) shows the explanation times for Synthetic Dataset 2. Similar 
to Dataset 1, SHAP exhibits the highest explanation time, with PeBEx 
again outperforming LIME. PeBEx remains the most efficient across 
all sample sizes, maintaining the lowest explanation time. Fig.  3(c) 
presents the explanation times for Synthetic Dataset 3. The pattern 
remains consistent, with SHAP showing the highest explanation time, 
followed by LIME and PeBEx. In the case of LIME, at around 7000 
samples the performance of LIME becomes even in time concerning 
SHAP. PeBEx continues to provide a more computationally efficient 
alternative to LIME, especially as the sample size increases. Fig.  3(d) 
depicts the explanation times for Synthetic Dataset 4. SHAP once 
again has the highest explanation time, while PeBEx demonstrates 
better efficiency compared to LIME. PeBEx continues to be the most 
computationally efficient method, maintaining the lowest explanation 
time across all sample sizes.

The experiments on these synthetic datasets with known solutions 
have provided evidence that the SHAP model, particularly when us-
ing the recommended KernelExplainer method, is significantly 
slower. In this case, the novel model proposed in this paper shows bet-
ter computational performance in terms of run time. In the remaining 
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experiments with the synthesized data, the SHAP model shows the best 
computational performance with the exception of the DL model case. 
This series of experiments were then carried out on public, widely-
applicable datasets with the objective of evaluating the behavior of the 
new PeBEx model, especially in the case where DL models (such as 
MLP) demonstrate better performances.

5.2. Comprehensive explainable ML model evaluation

To comprehensively evaluate the selected ML models across dif-
ferent datasets, we perform a detailed comparison of various per-
formance metrics. This section aims to identify the best-performing 
models for each dataset and subsequently assess the interpretability and 
computational efficiency of different XAI models.

5.2.1. Model selection and hyperparameter tuning
The evaluation of various ML models across four different datasets 

is summarized in Table  3. For the Heart Disease dataset, the RF model 
achieves the best performance with an accuracy of 0.8202±0.0634, recall 
of 0.8254 ± 0.1288, F1-Score of 0.6958 ± 0.0939, precision of 0.6157 ±
0.1176, specificity of 0.8185 ± 0.0831, and AUC of 0.9154 ± 0.0557. The 
hyperparameters for this RF model are ‘n_estimators’: 100, ‘max_depth’: 
10, and ‘min_samples_split’: 2, as shown in Table  5.

In the case of the German Credit dataset, the RF model again outper-
forms others with an accuracy of 0.8301±0.0282, recall of 0.8516±0.0490, 
F1-Score of 0.7505 ± 0.0387, precision of 0.6737 ± 0.0529, specificity of 
0.8211 ± 0.0400, and AUC of 0.9248 ± 0.0213. The optimal hyperparam-
eters for this model are ‘n_estimators’: 100, ‘max_depth’: None, and 
‘min_samples_split’: 2, as detailed in Table  6.
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Table 3
This table presents the evaluation of several ML models (LR, SVM, RF, Gradient Boosting, XGBoost, LightGBM, MLP and PyTorch NN) across four datasets: Heart Disease, German 
Credit, Breast Cancer Wisconsin, and Car Evaluation. The metrics used for comparison include Accuracy, Recall, F1-Score, Precision, Specificity, and AUC. The reported values are 
the means and standard deviations obtained using the bootstrap method with 100 samples.
 Heart Disease
 Model Accuracy Recall F1-Score Precision Specificity AUC  
 LR 0.7441 ± 0.0792 0.7172 ± 0.1543 0.5811 ± 0.1183 0.4984 ± 0.1194 0.7528 ± 0.0891 0.8240 ± 0.0762 
 SVM 0.8091 ± 0.0731 𝟎.𝟖𝟑𝟎𝟔 ± 𝟎.𝟏𝟑𝟎𝟗 0.6837 ± 0.1122 0.5936 ± 0.1294 0.8021 ± 0.0853 0.8966 ± 0.0634 
 Random Forest 𝟎.𝟖𝟐𝟎𝟐 ± 𝟎.𝟎𝟔𝟑𝟒 0.8254 ± 0.1288 𝟎.𝟔𝟗𝟓𝟖 ± 𝟎.𝟎𝟗𝟑𝟗 𝟎.𝟔𝟏𝟓𝟕 ± 𝟎.𝟏𝟏𝟕𝟔 𝟎.𝟖𝟏𝟖𝟓 ± 𝟎.𝟎𝟖𝟑𝟏 𝟎.𝟗𝟏𝟓𝟒 ± 𝟎.𝟎𝟓𝟓𝟕 
 Gradient Boosting 0.7959 ± 0.0761 0.8076 ± 0.1368 0.6626 ± 0.1194 0.5740 ± 0.1343 0.7921 ± 0.0914 0.8800 ± 0.0675 
 XGBoost 0.7925 ± 0.0694 0.8146 ± 0.1423 0.6605 ± 0.1049 0.5673 ± 0.1136 0.7835 ± 0.0892 0.8793 ± 0.0601 
 LightGBM 0.7968 ± 0.0706 0.8296 ± 0.1274 0.6705 ± 0.1053 0.5731 ± 0.1207 0.7858 ± 0.0858 0.8597 ± 0.0796 
 MLP 0.7975 ± 0.0682 0.8195 ± 0.1303 0.6672 ± 0.1058 0.5738 ± 0.1238 0.7895 ± 0.0810 0.8603 ± 0.0722 
 PyTorch NN 0.7268 ± 0.0742 0.7101 ± 0.1585 0.5607 ± 0.1065 0.4754 ± 0.1054 0.7322 ± 0.0957 0.8074 ± 0.0853 
 German Credit
 Model Accuracy Recall F1-Score Precision Specificity AUC  
 LR 0.7258 ± 0.0357 0.7305 ± 0.0576 0.6154 ± 0.0426 0.5338 ± 0.0472 0.7238 ± 0.0480 0.7955 ± 0.0304 
 SVM 0.8027 ± 0.0302 0.8260 ± 0.0545 0.7152 ± 0.0420 0.6325 ± 0.0481 0.7928 ± 0.0372 0.8807 ± 0.0304 
 Random Forest 𝟎.𝟖𝟑𝟎𝟏 ± 𝟎.𝟎𝟐𝟖𝟐 𝟎.𝟖𝟓𝟏𝟔 ± 𝟎.𝟎𝟒𝟗𝟎 𝟎.𝟕𝟓𝟎𝟓 ± 𝟎.𝟎𝟑𝟖𝟕 𝟎.𝟔𝟕𝟑𝟕 ± 𝟎.𝟎𝟓𝟐𝟗 𝟎.𝟖𝟐𝟏𝟏 ± 𝟎.𝟎𝟒𝟎𝟎 𝟎.𝟗𝟐𝟒𝟖 ± 𝟎.𝟎𝟐𝟏𝟑 
 Gradient Boosting 0.8218 ± 0.0295 0.8468 ± 0.0535 0.7403 ± 0.0409 0.6606 ± 0.0541 0.8112 ± 0.0415 0.9060 ± 0.0240 
 XGBoost 0.8160 ± 0.0280 0.8500 ± 0.0469 0.7350 ± 0.0366 0.6498 ± 0.0494 0.8014 ± 0.0398 0.8918 ± 0.0252 
 LightGBM 0.8172 ± 0.0280 0.8396 ± 0.0479 0.7338 ± 0.0386 0.6540 ± 0.0507 0.8075 ± 0.0384 0.8882 ± 0.0250 
 MLP 0.8142 ± 0.0319 0.8335 ± 0.0502 0.7294 ± 0.0429 0.6504 ± 0.0524 0.8060 ± 0.0397 0.8893 ± 0.0279 
 PyTorch NN 0.7265 ± 0.0314 0.7477 ± 0.0663 0.6209 ± 0.0392 0.5333 ± 0.0399 0.7175 ± 0.0449 0.8051 ± 0.0348 
 Breast Cancer Wisconsin
 Model Accuracy Recall F1-Score Precision Specificity AUC  
 LR 0.9795 ± 0.0138 𝟎.𝟗𝟖𝟕𝟏 ± 𝟎.𝟎𝟏𝟑𝟑 0.9836 ± 0.0110 0.9804 ± 0.0164 0.9667 ± 0.0284 0.9956 ± 0.0052 
 SVM 0.9778 ± 0.0154 0.9844 ± 0.0167 0.9823 ± 0.0122 0.9805 ± 0.0162 0.9669 ± 0.0281 0.9960 ± 0.0049 
 Random Forest 0.9754 ± 0.0172 0.9751 ± 0.0234 0.9802 ± 0.0141 0.9857 ± 0.0151 0.9757 ± 0.0267 0.9962 ± 0.0059 
 Gradient Boosting 0.9713 ± 0.0185 0.9699 ± 0.0243 0.9768 ± 0.0150 0.9843 ± 0.0171 0.9738 ± 0.0295 0.9954 ± 0.0063 
 XGBoost 0.8160 ± 0.0280 0.8500 ± 0.0469 0.7350 ± 0.0366 0.6498 ± 0.0494 0.8014 ± 0.0398 0.8918 ± 0.0252 
 LightGBM 0.9778 ± 0.0161 0.9810 ± 0.0189 0.9822 ± 0.0129 0.9837 ± 0.0161 0.9727 ± 0.0272 0.9962 ± 0.0052 
 MLP 𝟎.𝟗𝟖𝟐𝟓 ± 𝟎.𝟎𝟏𝟐𝟏 0.9837 ± 0.0174 𝟎.𝟗𝟖𝟔𝟎 ± 𝟎.𝟎𝟎𝟗𝟖 𝟎.𝟗𝟖𝟖𝟔 ± 𝟎.𝟎𝟏𝟑𝟒 𝟎.𝟗𝟖𝟎𝟒 ± 𝟎.𝟎𝟐𝟒𝟏 𝟎.𝟗𝟗𝟕𝟓 ± 𝟎.𝟎𝟎𝟑𝟔 
 PyTorch NN 0.9768 ± 0.0154 0.9772 ± 0.0197 0.9813 ± 0.0125 0.9857 ± 0.0137 0.9761 ± 0.0232 0.9964 ± 0.0046 
 Car Evaluation
 Model Accuracy Recall F1-Score Precision Specificity AUC  
 LR 0.6747 ± 0.0297 0.6811 ± 0.0483 0.5015 ± 0.0342 0.3977 ± 0.0318 0.6727 ± 0.0359 0.7656 ± 0.0277 
 SVM 0.9725 ± 0.0141 0.9949 ± 0.0095 0.9460 ± 0.0265 0.9028 ± 0.0461 0.9655 ± 0.0181 0.9969 ± 0.0033 
 Random Forest 0.9605 ± 0.0163 0.9954 ± 0.0111 0.9241 ± 0.0299 0.8638 ± 0.0505 0.9495 ± 0.0210 0.9979 ± 0.0019 
 Gradient Boosting 0.9826 ± 0.0102 0.9950 ± 0.0091 0.9651 ± 0.0200 0.9374 ± 0.0340 0.9786 ± 0.0123 0.9984 ± 0.0027 
 XGBoost 0.9790 ± 0.0110 0.9955 ± 0.0103 0.9581 ± 0.0214 0.9243 ± 0.0394 0.9737 ± 0.0145 0.9983 ± 0.0017 
 LightGBM 𝟎.𝟗𝟖𝟒𝟐 ± 𝟎.𝟎𝟎𝟗𝟖 𝟎.𝟗𝟗𝟕𝟕 ± 𝟎.𝟎𝟎𝟓𝟗 𝟎.𝟗𝟔𝟖𝟑 ± 𝟎.𝟎𝟏𝟖𝟗 𝟎.𝟗𝟒𝟏𝟐 ± 𝟎.𝟎𝟑𝟓𝟑 𝟎.𝟗𝟕𝟗𝟗 ± 𝟎.𝟎𝟏𝟐𝟗 𝟎.𝟗𝟗𝟖𝟗 ± 𝟎.𝟎𝟎𝟏𝟕 
 MLP 0.9659 ± 0.0180 0.9867 ± 0.0138 0.9334 ± 0.0322 0.8875 ± 0.0553 0.9593 ± 0.0236 0.9950 ± 0.0051 
 PyTorch NN 0.7485 ± 0.0397 0.8756 ± 0.0587 0.6267 ± 0.0485 0.4903 ± 0.0535 0.7084 ± 0.0513 0.8669 ± 0.0346 
 Santander Customer Satisfaction
 Model Accuracy Recall F1-Score Precision Specificity AUC  
 LR 0.6888 ± 0.0102 0.7615 ± 0.0195 0.1616 ± 0.0051 0.0904 ± 0.0031 0.6858 ± 0.0108 0.7975 ± 0.0087 
 SVM 0.6877 ± 0.0106 0.7856 ± 0.0187 0.1654 ± 0.0058 0.0924 ± 0.0036 0.6837 ± 0.0113 0.8177 ± 0.0091 
 Random Forest 0.7555 ± 0.0069 0.7826 ± 0.0179 0.2013 ± 0.0057 0.1155 ± 0.0037 0.7544 ± 0.0073 0.8370 ± 0.0086 
 Gradient Boosting 0.7791 ± 0.0059 0.8409 ± 0.0150 0.2307 ± 0.0069 0.1337 ± 0.0045 0.7766 ± 0.0063 0.8773 ± 0.0073 
 XGBoost 0.7774 ± 0.0070 0.8242 ± 0.0222 0.2257 ± 0.0056 0.1308 ± 0.0037 0.7755 ± 0.0079 0.8704 ± 0.0059 
 LightGBM 0.7806 ± 0.0054 0.8424 ± 0.0193 0.2321 ± 0.0067 0.1346 ± 0.0043 0.7781 ± 0.0058 0.8788 ± 0.0094 
 MLP 𝟎.𝟖𝟎𝟖𝟓 ± 𝟎.𝟎𝟎𝟔𝟖 𝟎.𝟖𝟓𝟔𝟖 ± 𝟎.𝟎𝟏𝟕𝟐 𝟎.𝟐𝟔𝟎𝟔 ± 𝟎.𝟎𝟎𝟗𝟒 𝟎.𝟏𝟓𝟑𝟕 ± 𝟎.𝟎𝟎𝟔𝟒 𝟎.𝟖𝟎𝟔𝟓 ± 𝟎.𝟎𝟎𝟕𝟏 𝟎.𝟗𝟎𝟑𝟒 ± 𝟎.𝟎𝟎𝟔𝟔 
 PyTorch NN 0.7770 ± 0.0120 0.8114 ± 0.0235 0.2228 ± 0.0054 0.1292 ± 0.0032 0.7756 ± 0.0130 0.8388 ± 0.0114 
For the Breast Cancer Wisconsin dataset, the best-performing model 
is the MLP with an accuracy of 0.9825±0.0121, recall of 0.9837±0.0174, 
F1-Score of 0.9860 ± 0.0098, precision of 0.9886 ± 0.0134, specificity of 
0.9804 ± 0.0241, and AUC of 0.9975 ± 0.0036. The hyperparameters for 
this MLP model are ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘tanh’, 
and ‘solver’: ‘adam’, as shown in Table  7.

For the Car Evaluation dataset, the LightGBM model achieves the 
highest performance with an accuracy of 0.9842 ± 0.0098, recall of 
0.9977±0.0059, F1-Score of 0.9683±0.0189, precision of 0.9412±0.0353, 
specificity of 0.9799±0.0129, and AUC of 0.9989±0.0017. The hyperpa-
rameters for this LightGBM model are ‘n_estimators’: 200, ‘max_depth’: 
7, and ‘learning_rate’: 0.1, as specified in Table  8.

For the Santander Customer Satisfaction dataset, the MLP model 
delivers the best performance, achieving an accuracy of 0.8085±0.0068, 
recall of 0.8568±0.0172, F1-Score of 0.2606±0.0094, precision of 0.1537±
13 
0.0064, specificity of 0.8065± 0.0071, and AUC of 0.9034± 0.0066. These 
results underscore the capacity of the MLP model to handle the dataset 
imbalance effectively, with the hyperparameters ‘hidden_layer_sizes’: 
(100,), ‘activation’: ‘relu’, and ‘solver’: ‘adam’, as detailed in Table 
9. Additionally, it is important to note that the Santander dataset 
contains a significantly larger number of features and rows compared 
to the other datasets, which makes it better suited for DL models like 
MLP. These models are more effective in handling large and complex 
datasets, as their architecture allows them to capture intricate patterns 
in high-dimensional data. 

The analysis of these results reveals several insights. For the Heart 
Disease and German Credit datasets, RF consistently outperforms other 
models in most evaluation metrics. This suggests that tree ensemble 
methods are highly effective for these datasets. In contrast, for the 
Breast Cancer Wisconsin dataset and Santander Customer Satisfaction 
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Table 4
This table summarizes the performance of three XAI models (LIME, SHAP, and PeBEx) across four different datasets. The metrics used for evaluation include Fidelity, 
Comprehensibility, Consistency, Stability, Local Accuracy, Similarity, Robustness, and Computation Time. The results are averaged using the bootstrap method with 100 samples 
to obtain the mean and standard deviation.
 Heart Disease
 XAI Model Explainer Type Fidelity (↑) Comprehensibility (↓) Consistency FCC Score (↑) Stability (↓) Local Accuracy (↑) Similarity Robustness (↓) Time (↓)  
 LIME LimeTabularExplainer 0.36 ± 0.00 10.00 ± 0.00 −0.89 ± 0.05 0.39 ± 0.02 0.00 ± 0.00 0.06 ± 0.01 −0.90 ± 0.04 0.07 ± 0.02 13.27 ± 0.63  
 SHAP TreeExplainer 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟐.𝟎𝟎 ± 𝟎.𝟎𝟎 −0.97 ± 0.00 𝟎.𝟔𝟖 ± 𝟎.𝟎𝟎 0.01 ± 0.00 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 −0.96 ± 0.00 0.02 ± 0.01 𝟎.𝟎𝟒 ± 𝟎.𝟎𝟎  
 PeBEx N/Aa 0.36 ± 0.00 30.00 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 0.45 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 0.00 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 4.42 ± 0.54  
 German Credit
 XAI Model Explainer Type Fidelity (↑) Comprehensibility (↓) Consistency FCC Score (↑) Stability (↓) Local Accuracy (↑) Similarity Robustness (↓) Time (↓)  
 LIME LimeTabularExplainer 0.81 ± 0.00 10.00 ± 0.00 0.68 ± 0.19 0.56 ± 0.06 0.17 ± 0.04 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.04 ± 0.14 0.17 ± 0.04 20.71 ± 0.72  
 SHAP TreeExplainer 𝟎.𝟗𝟗 ± 𝟎.𝟎𝟎 𝟐.𝟎𝟎 ± 𝟎.𝟎𝟎 0.50 ± 0.00 𝟎.𝟖𝟑 ± 𝟎.𝟎𝟔 0.01 ± 0.00 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.43 ± 0.00 0.04 ± 0.02 𝟏.𝟒𝟖 ± 𝟎.𝟎𝟒  
 PeBEx N/Aa 0.81 ± 0.00 20.00 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 0.60 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 5.59 ± 0.58  
 Breast Cancer Wisconsin
 XAI Model Explainer Type Fidelity (↑) Comprehensibility (↓) Consistency FCC Score (↑) Stability (↓) Local Accuracy (↑) Similarity Robustness (↓) Time (↓)  
 LIME LimeTabularExplainer 0.38 ± 0.00 𝟏𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 −0.11 ± 0.20 𝟎.𝟕𝟔 ± 𝟎.𝟎𝟕 0.22 ± 0.07 0.00 ± 0.00 −0.13 ± 0.13 0.21 ± 0.05 22.32 ± 1.23  
 SHAP KernelExplainer 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 114.00 ± 0.00 −0.69 ± 0.03 0.44 ± 0.01 0.03 ± 0.00 1.00 ± 0.00 −0.68 ± 0.02 0.05 ± 0.01 820.76 ± 10.00 
 PeBEx N/Aa 0.38 ± 0.00 30.00 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 0.73 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟑.𝟖𝟔 ± 𝟎.𝟖𝟎  
 Car Evaluation
 XAI Model Explainer Type Fidelity (↑) Comprehensibility (↓) Consistency FCC Score (↑) Stability (↓) Local Accuracy (↑) Similarity Robustness (↓) Time (↓)  
 LIME LimeTabularExplainer 0.80 ± 0.00 6.00 ± 0.00 0.67 ± 0.02 0.38 ± 0.01 0.74 ± 0.26 0.00 ± 0.00 0.99 ± 0.00 0.66 ± 0.34 17.14 ± 1.01  
 SHAP TreeExplainer 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟐.𝟎𝟎 ± 𝟎.𝟎𝟎 −0.41 ± 0.86 0.01 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.03 ± 0.00 0.00 ± 0.00 𝟎.𝟎𝟒 ± 𝟎.𝟎𝟎  
 PeBEx N/Aa 0.80 ± 0.00 6.00 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟔𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 0.00 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 6.76 ± 0.62  
 Santander Customer Satisfactionb
 XAI Model Explainer Type Fidelity (↑) Comprehensibility (↓) Consistency FCC Score (↑) Stability (↓) Local Accuracy (↑) Similarity Robustness (↓) Time (↓)  
 LIME LimeTabularExplainer 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 10.00 ± 0.00 0.98 ± 0.03 0.60 ± 0.01 1.16 ± 0.16 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 0.99 ± 0.00 1.22 ± 0.17 𝟒.𝟑𝟓 ± 𝟎.𝟎𝟏  
 SHAP TreeExplainer 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟑.𝟎𝟎 ± 𝟎.𝟎𝟎 0.60 ± 0.04 𝟎.𝟖𝟎 ± 𝟎.𝟎𝟏 0.02 ± 0.00 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 −0.25 ± 0.03 0.02 ± 0.00 2557.86 ± 3.29 
 PeBEx N/Aa 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 37.00 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 0.67 ± 0.00 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟏.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 𝟎.𝟎𝟎 ± 𝟎.𝟎𝟎 5.99 ± 3.58  
a PeBEx does not have a defined explainer type.
b For the Santander Customer Satisfaction dataset, the evaluation of XAI models was conducted using local interpretability methods due to computational limitations. This approach 
allows for a more feasible interpretation of individual predictions without requiring the extensive computational resources needed for global interpretability.
dataset, the MLP model demonstrates superior performance, indicating 
the potential of DL models in handling complex and high-dimensional 
data. Similarly, for the Car Evaluation dataset, LightGBM shows supe-
rior performance, which can be attributed to its ability to handle large 
datasets efficiently and its gradient boosting framework that improves 
predictive accuracy.

This comprehensive comparison across multiple datasets justifies 
the selection of the best model for each specific case. Notably, in 
cases where the best model is based on DL, such as the MLP for the 
Breast Cancer dataset, interpretability becomes a critical factor due to 
the application in healthcare. In such scenarios, the proposed PeBEx 
model can be a valuable alternative to consider for quickly yielding 
interpretability without significantly compromising performance. After 
selecting the best model for each dataset, the next step would be to 
compare different XAI models to evaluate the quality of their explana-
tions and the computational time required, thus ensuring a balanced 
trade-off between accuracy and interpretability.

5.2.2. Integration with XAI methods and performance comparison
Having selected the best model for each dataset, the next step is 

to compare the different XAI models to evaluate their interpretabil-
ity and computational performance. Table  4 summarizes the perfor-
mance of three XAI models (LIME, SHAP, and PeBEx) across four real 
datasets. The metrics used for evaluation include Fidelity, Comprehen-
sibility, Consistency, Stability, Local Accuracy, Similarity, Robustness, 
and Computation Time. The results are averaged using the bootstrap 
method with 100 samples to obtain the mean and standard deviation.

Table  4 provides a detailed comparison of LIME, SHAP, and PeBEx. 
SHAP generally shows better performance in applications where DL 
models are not used, offering good computational efficiency and inter-
pretability. However, for DL models like MLP where SHAP employs the
14 
KernelExplainer, the computational time increases substantially. 
In these cases, PeBEx demonstrates its strength by providing faster 
computational times and robust interpretability, making it a suitable 
alternative.

Limitations. In this study, we encountered several computational chal-
lenges, particularly when applying SHAP to DL models such as MLP in 
the Santander Customer Satisfaction dataset. Due to the large number 
of features and samples in this dataset, memory limitations signifi-
cantly impacted the feasibility of performing global interpretability 
with SHAP KernelExplainer. The Santander dataset has a much 
larger number of features and rows compared to the other datasets, 
exacerbating these computational issues. Despite attempts to mitigate 
this issue by reducing the number of background samples through 
methods like shap.sample() or shap.kmeans(), the computa-
tional burden remained high. Given these constraints, we decided to 
focus on local interpretability methods to evaluate the XAI models. 
Local interpretability allows for an analysis of individual predictions, 
thus significantly reducing the memory requirements without com-
promising the explanatory power for specific instances. While this 
decision enabled us to complete the experiments under the available 
computational resources, it introduced a limitation in our study: global 
interpretability could not be fully evaluated for DL models like MLP 
due to memory constraints. The use of local interpretability restricted 
the analysis to specific predictions rather than providing a holistic view 
of the model behavior across all data points.

6. Discussion, limitations and future works

The experiments presented in this study evaluated the performance 
and computational efficiency of three XAI models: LIME, SHAP, and the 
newly proposed PeBEx, using both synthetic and public datasets. Our 
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findings highlight the strengths and weaknesses of these methods in 
various contexts, particularly where computational efficiency is critical.

6.1. Comparative analysis of XAI models

Our experiments with public data demonstrated that PeBEx consis-
tently outperformed LIME in terms of computational efficiency while 
maintaining comparable interpretability. This finding aligns with the 
literature, which underscores the computational inefficiencies associ-
ated with LIME and SHAP (Belaid et al., 2022; Nguyen et al., 2021). 
Specifically, PeBEx showed a more efficient and consistent performance 
as the number of samples increased, positioning it as a faster and 
more stable alternative XAI model in the modern era of big data and 
high-dimensionality.

For the RF and LightGBM model, SHAP generally exhibited the 
lowest explanation times across all public datasets, validating its effi-
ciency in non-DL models as reported in prior studies (Lundberg et al., 
2020; Covert et al., 2020). However, SHAP with KernelExplainer
greatly underperformed when applied to the MLP model, corroborating 
findings that SHAP can be computationally intensive, particularly for 
DL models (Ancona et al., 2019; Wang et al., 2021). In contrast, 
PeBEx demonstrated considerable potential in maintaining both inter-
pretability and computational efficiency in such scenarios. Given its 
superior performance with DL models in our experiments, PeBEx may 
indeed serve as a robust alternative for DL applications, where existing 
methods like SHAP struggle with computational overhead. This robust-
ness is particularly vital in environments where quick, interpretable 
results are necessary, such as in real-time decision-making systems or in 
contexts involving large-scale, high-dimensional datasets. The need for 
further empirical validation in diverse DL architectures remains, but 
these initial results position PeBEx as a promising tool for enhancing 
explainability in ML.

SHAP, on the other hand, offers a more consistent theoretical foun-
dation through the use of Shapley values, which provides a fair distribu-
tion of feature importance. However, SHAP is also computationally de-
manding, especially when employing the KernelExplainer, which 
is often necessary for DL models. This leads to significant delays and 
high computational costs, making SHAP less suitable for applications 
involving DL models (Ancona et al., 2019; Wang et al., 2021).

6.2. Challenges in current XAI methods and the advantages of PeBEx

PeBEx addresses the computational challenges surrounding XAI 
methods by introducing efficient array manipulation, parallel process-
ing, vectorized operations, and uniform perturbation sampling which 
serve to reduce the computational overhead associated with generating 
good explanations, something that SHAP and LIME struggle with at 
scale. This is reflected in the experiments, where PeBEx consistently 
provides interpretations that were as good or better than SHAP and 
LIME, while consistently reducing computation times across exper-
iments. Moreover, PeBEx maintains a straightforward probabilistic 
interpretation similar to the beta coefficients in linear regression, 
which aids in its accessibility and practical utility. These improvements 
align with recent literature emphasizing the need for computationally 
efficient and practical XAI methods in fields like finance, cybersecurity, 
education, and autonomous systems (Lyuu, 2002; Alexandrov et al., 
2011; Ryman-Tubb et al., 2018; Chalé et al., 2020; Jean-Quartier et al., 
2023; Gómez-Talal et al., 2024).

PeBEx yielded results similar to those of LIME and SHAP for highly 
important features, but for the features with low true feature impor-
tance, PeBEx significantly understated the feature importance in com-
parison to the other models. Unlike LIME and SHAP, PeBEx downplays 
the importance of non-informative features that do not significantly 
contribute to model interpretability. As this behavior was observed 
consistently across our experimental evaluations, it may suggest that 
PeBEx has the capacity to be leveraged for feature selection.
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In this study, we encountered several computational challenges. Due 
to the large number of features and samples in the Santander Cus-
tomer Satisfaction dataset, memory limitations significantly impacted 
the feasibility of performing global interpretability with KernelEx-
plainer (SHAP model). Moving forward, overcoming this limitation 
would require either adopting more efficient methods for global in-
terpretability or accessing larger computational resources. A possible 
approach could involve further optimizing the background dataset se-
lection or exploring alternative XAI methods that are less computation-
ally expensive for high-dimensional, large-scale datasets like Santander. 
Finally, while the focus on local interpretability provided valuable in-
sights into individual model predictions, it is important to acknowledge 
that the computational constraints prevented a thorough global inter-
pretability analysis. This limitation highlights the trade-off between 
model complexity, dataset size, and the computational feasibility of 
interpretability methods when applied to DL models.

Furthermore, there has been a call for the development of falsifiable 
interpretability research that focuses on incorporating means of testing 
clear, specific, and falsifiable hypotheses (Leavitt and Morcos, 2020). 
Despite XAI models’ ability to yield quantifiable metrics for feature im-
portance, there is no way to perform statistical tests on the importance 
metrics.

One of the main concerns with XAI models is the lack of stability (Ng 
et al., 2022; Pawlicki, 2023; Amparore et al., 2021), meaning that 
the explanation results vary across repeated applications to the same 
instance, 𝑥. As Lipton (2018) suggested, XAI methods may not converge 
to a unique solution. Future research could therefore investigate the 
stability of PeBEx explanations. It could also quantify the degree or the 
extent to which explanations given by PeBEx correlate with those of 
other XAI methods.

6.3. Limitations and future works

While this study demonstrates the computational efficiency and 
potential advantages of PeBEx in comparison to existing XAI methods, it 
is important to acknowledge certain limitations. First, the applicability 
of PeBEx has primarily been tested on a limited range of ML models 
and datasets, which may not fully represent the diversity of real-world 
scenarios. Additionally, the method performance in highly complex 
and dynamic environments, such as those involving online learning or 
real-time data streams, has yet to be evaluated. 

The decision to focus on binary classification models in this study 
was driven by the need for a controlled experimental environment, 
which allowed for a straightforward comparison of the computational 
efficiency and interpretability of XAI models. Binary classification has 
been used to test and validate XAI methodologies as it provides a 
clear and manageable framework for comparison and evaluation (Amiri 
et al., 2020; Lin et al., 2021a; Bommer et al., 2024). However, we 
recognize that real-world applications often involve more complex 
tasks, including multiclass classification, regression, and the analysis of 
various data types such as time series, text, and images. Consequently, 
future research will explore the extension of PeBEx to these domains, 
aiming to evaluate its performance and adaptability across a broader 
range of ML problems. This will ensure that PeBEx can be effectively 
applied in diverse and complex scenarios, thereby enhancing its utility 
and model agnosticism.

In this study, we observed that PeBEx tended to understate the 
importance of less informative features compared to LIME and SHAP. 
While this behavior can lead to more concise and streamlined ex-
planations, it also presents the risk of omitting potentially relevant 
features. This observation raises an important question about whether 
a feature is relevant within the context of the problem. For instance, 
in scenarios where concise explanations are preferred, the tendency of 
PeBEx to downplay less informative features could be advantageous. 
However, in domains where retaining subtle but potentially critical 
information is essential, such as healthcare or finance, this behavior 
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might require further investigation to ensure that important insights 
are not overlooked. Future research should aim to explore the impact 
of this characteristic of PeBEx across various use cases to assess the true 
nature of this behavior.

Despite the myriad of XAI methods in existence, there has yet to be 
a standardized approach for development and implementation of model 
interpretability methodologies. To address this gap, future research 
could create a standard framework for XAI development and establish 
generally accepted practices. This could address issues faced by indus-
try in relation to auditability, degree of interpretability, end-user safety, 
and controllability.

Similarly, there has yet to be a consensus on the proper means 
of XAI evaluation and comparison. While we used various metrics to 
evaluate the quality of the interpretability methods, future research 
could also develop a universal framework or set of stable, tested metrics 
for evaluating and comparing XAI methods. Another challenge with 
respect to the evaluation metrics lies in the scale-dependency of current 
evaluation metrics. Without scale-independent metrics, comparisons 
across methodologies or datasets may not be meaningful.

Conducting user studies to evaluate the interpretability and usabil-
ity of PeBEx among different types of end-users, such as data scientists, 
domain experts, and non-technical stakeholders would provide valuable 
feedback for further refinement of the model. By addressing these 
future directions, the development and application of XAI can con-
tribute to the broader goal of making ML models more transparent, 
interpretable, auditable, and trustworthy.

Building on the findings of this study, several avenues for future 
research are identified. Future work could explore the application of Pe-
BEx to a broader range of ML models, including other DL architectures 
and ensemble methods. This would provide a more comprehensive 
evaluation of its versatility and efficiency. Further optimization of the 
PeBEx algorithm could be investigated to enhance its scalability for 
extremely large datasets. Techniques such as parallel computing and 
hardware acceleration could be employed to reduce computation times 
further.

Additionally, applying PeBEx in domain-specific contexts, such as 
healthcare, finance, and cybersecurity, could provide insights into its 
practical utility and effectiveness in real-world scenarios. These stud-
ies could involve collaboration with domain experts to fine-tune the 
algorithm for specific applications. As the field of XAI continues to 
evolve, future research could compare PeBEx with newly developed XAI 
techniques to ensure its competitiveness and relevance. This includes 
benchmarking and testing PeBEx against the latest advancements in 
explainability methods.

Interesting avenues of future work should also consider the explain-
ability of PeBEx at a local level. Future research could use influence 
functions (Koh and Liang, 2017) or Cook’s distance metrics (Chatterjee 
and Hadi, 1986) to understand how individual points influence the 
overall model prediction. Doing so would allow for local feature se-
lection with PeBEx by considering the impact of perturbations along 
different model paths for a given test point. Additionally, Eq.  (31), 
which calculates feature importance based on probabilities, could en-
hance the precision of PeBEx, leading to more accurate and efficient 
interpretations.

7. Conclusion

This study introduced PeBEx, a novel, straightforward XAI method-
ology based on perturbations. After a comprehensive evaluation of 
model performance and computational efficiency of three XAI models 
(LIME, SHAP, and PeBEx) using both synthetic and public datasets, 
we found that PeBEx demonstrated similar or superior computational 
efficiency compared to other XAI models, particularly with increasing 
dataset sizes. This is particularly valuable in real-time applications that 
require the efficient computation of model interpretations.
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PeBEx differentiates itself from other perturbation-based methods 
such as LIME and SHAP in several key aspects. LIME focuses on 
local explanations by generating perturbed samples around a specific 
instance and fitting a local surrogate model and SHAP uses a theoreti-
cally grounded approach to calculate Shapley values by considering all 
possible feature combinations. PeBEx, on the other hand, leverages a 
more uniform and global perturbation strategy. This strategy involves 
systematically altering the input features across the entire dataset 
to observe the impact on predicted probabilities, making PeBEx not 
only computationally efficient but also capable of providing global 
interpretations. This is particularly advantageous in scenarios where 
understanding the overall behavior of the model is crucial, as opposed 
to explanations limited to specific instances. Additionally, PeBEx avoids 
the computational overhead associated with fitting additional models, 
as seen in LIME, and reduces the complexity of the explanation process 
compared to SHAP. These distinctions position PeBEx as a highly effec-
tive tool for scalable and interpretable model explanations, especially 
in the context of large datasets and complex ML models. 
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Appendix

A.1. Comparative analysis of feature importance methods

Analysis of Syntetic Data 1. In the comparative analysis of feature 
importances for RF on Synthetic Data 1, we present four subfigures 
showcasing the feature importances as derived from different inter-
pretability methods. Fig.  4(a) illustrates the intrinsic feature impor-
tances obtained directly from the RF model. Feature 12 is the most 
significant, followed by Features 3, 9, 19, and 2. The remaining features 
exhibit relatively low importance, reflecting the model reliance on 
a few key features. Fig.  4(b) depicts feature importances using the 
PeBEx method, where we notice a reduction in the importance scores 
for less significant features compared to the intrinsic RF importances. 
PeBEx allocates more precise importance to features, highlighting the 
truly influential ones while minimizing the scores for less impactful 
features. Fig.  4(c) shows the results of LIME, which identifies a similar 
set of important features but assigns different importance scores, with 
a broader distribution of importance across the features compared to 
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Fig. 4. Comparative analysis of feature importances for RF on Synthetic Data 1 using RF feature importances, PeBEx, LIME, and SHAP.
Fig. 5. Comparative analysis of feature importances for RF on Synthetic Data 2 using RF feature importances, PeBEx, LIME, and SHAP.
RF and PeBEx methods. Fig.  4(d) presents feature importances derived 
from SHAP, whose values align closely with those of the intrinsic RF 
importances but provide a more balanced view across the features and 
highlight interactions between features.
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Analysis of Syntetic Data 2. In the comparative analysis of fea-
ture importances for RF on Synthetic Data 2, we present four sub-
figures showcasing the feature importances as derived from differ-
ent interpretability methods. Fig.  5(a) illustrates the intrinsic  feature
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Fig. 6. Comparative analysis of feature importances for RF on Synthetic Data 3 using RF feature importances, PeBEx, LIME, and SHAP.
importances obtained directly from the RF model. Feature 3 is the 
most significant, followed by Features 7, 19, 2, and 8. The remaining 
features exhibit relatively low importance, reflecting the model reliance 
on a few key features. Fig.  5(b) depicts feature importances using the 
PeBEx method, where we notice a reduction in the importance scores 
for less significant features compared to the intrinsic RF importances. 
PeBEx allocates more precise importance to features, highlighting the 
truly influential ones while minimizing the scores for less impactful 
features. Fig.  5(c) shows the results of LIME, which identifies a similar 
set of important features but assigns different importance scores, with 
a broader distribution of importance across the features compared to 
RF and PeBEx methods. Fig.  5(d) presents feature importances derived 
from SHAP, whose values align closely with those of the intrinsic RF 
importances but provide a more balanced view across the features and 
highlight interactions between features.

Analysis of Syntetic Data 3. In the comparative analysis of feature 
importances for RF on Synthetic Data 3, we present four subfigures 
showcasing the feature importances as derived from different inter-
pretability methods. Fig.  6(a) illustrates the intrinsic feature impor-
tances obtained directly from the RF model, with Feature 5 being the 
most significant, followed by Features 3, 9, 14, and 1. The remaining 
features exhibit relatively low importance, reflecting the model reliance 
on a few key features. Fig.  6(b) depicts feature importances using 
the PeBEx method, which shows a reduction in the importance scores 
for less significant features compared to the intrinsic RF importances. 
PeBEx allocates more precise importance to the influential features 
while minimizing the scores for less impactful ones. Fig.  6(c) shows the 
results of LIME, which identifies a similar set of important features but 
assigns different importance scores, resulting in a broader distribution 
of importance across the features compared to RF and PeBEx methods. 
Fig.  6(d) presents feature importances derived from SHAP, which align 
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closely with the intrinsic RF importances but provide a more balanced 
view across the features and highlight interactions between them.

Analysis of Synthetic Data 4. In our comparative study of feature 
importances for the RF on Synthetic Data 4, we present four distinct 
subfigures, each reflecting different methods of interpretability. Fig. 
7(a) illustrates the intrinsic feature importances as calculated directly 
from the RF model, with Feature 14 emerging as the most crucial, 
followed by Features 13, 11, 3, and 12. The lower significance of 
the other features indicates the model reliance on a core set of fea-
tures. Fig.  7(b) shows the feature importances as determined by the 
PeBEx method, which tends to lower the importance scores for the less 
significant features compared to the intrinsic values from RF. PeBEx 
assigns more precise weights to the more influential features while 
diminishing the impact of the less significant ones. Fig.  7(c) displays 
the outcomes using LIME, pinpointing a similar group of important 
features but with varying scores, thus spreading the importance more 
evenly across features compared to the RF and PeBEx approaches. Fig. 
7(d) presents the feature importances as derived from SHAP, which 
generally aligns with the intrinsic RF importances but offers a more 
distributed view across all features, highlighting the interplay among 
them. 

A.2. Figures and tables

See Tables  5–7.

Data availability

The data used in this paper are publicly recognized and accessible 
data. They have been properly referenced in the paper.
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Fig. 7. Comparative analysis of feature importances for RF on Synthetic Data 4 using RF feature importances, PeBEx, LIME, and SHAP.
Table 5
This table presents a comparative analysis of ML models for predicting heart disease outcomes. The evaluation includes metrics such as Accuracy, Recall, F1-Score, Precision, 
Specificity, and AUC, providing a comprehensive view of each model performance. Bootstrap methods were employed to estimate the ranges.
 Model Hyperparameters Accuracy Recall F1-Score Precision Specificity AUC  
 

LogisticRegression

‘C’: 0.1, ‘solver’: ‘lbfgs’ 𝟎.𝟕𝟒𝟒𝟏 ± 𝟎.𝟎𝟕𝟗𝟐 0.7172 ± 0.1543 0.5811 ± 0.1183 𝟎.𝟒𝟗𝟖𝟒 ± 𝟎.𝟏𝟏𝟗𝟒 𝟎.𝟕𝟓𝟐𝟖 ± 𝟎.𝟎𝟖𝟗𝟏 𝟎.𝟖𝟐𝟒𝟎 ± 𝟎.𝟎𝟕𝟔𝟐 
 ‘C’: 0.1, ‘solver’: ‘liblinear’ 0.7230 ± 0.0694 0.7127 ± 0.1493 0.5583 ± 0.1040 0.4689 ± 0.1051 0.7273 ± 0.0811 0.8084 ± 0.0817 
 ‘C’: 1, ‘solver’: ‘lbfgs’ 0.7409 ± 0.0729 0.7370 ± 0.1277 𝟎.𝟓𝟖𝟓𝟒 ± 𝟎.𝟎𝟗𝟔𝟑 0.4950 ± 0.1026 0.7430 ± 0.0871 0.8216 ± 0.0732 
 ‘C’: 1, ‘solver’: ‘liblinear’ 0.7273 ± 0.0686 0.7419 ± 0.1502 0.5719 ± 0.1005 0.4735 ± 0.0939 0.7225 ± 0.0817 0.8080 ± 0.0761 
 ‘C’: 10, ‘solver’: ‘lbfgs’ 0.7307 ± 0.0749 0.7150 ± 0.1525 0.5667 ± 0.1085 0.4807 ± 0.1085 0.7360 ± 0.0936 0.8045 ± 0.0853 
 ‘C’: 10, ‘solver’: ‘liblinear’ 0.7327 ± 0.0577 0.7275 ± 0.1481 0.5700 ± 0.0973 0.4769 ± 0.0920 0.7351 ± 0.0708 0.8027 ± 0.0711 
 ‘C’: 100, ‘solver’: ‘lbfgs’ 0.7275 ± 0.0724 𝟎.𝟕𝟒𝟐𝟕 ± 𝟎.𝟏𝟑𝟑𝟐 0.5742 ± 0.0927 0.4771 ± 0.0946 0.7230 ± 0.0905 0.8036 ± 0.0707 
 ‘C’: 100, ‘solver’: ‘liblinear’ 0.7348 ± 0.0722 0.7265 ± 0.1332 0.5752 ± 0.1093 0.4832 ± 0.1103 0.7368 ± 0.0817 0.8041 ± 0.0854 
 

SVM

‘C’: 1, ‘kernel’: ‘linear’, ‘gamma’: ‘auto’ 0.7270 ± 0.0736 0.7237 ± 0.1535 0.5665 ± 0.1030 0.4768 ± 0.1064 0.7279 ± 0.0941 0.7852 ± 0.0905 
 ‘C’: 1, ‘kernel’: ‘linear’, ‘gamma’: ‘scale’ 0.7325 ± 0.0722 0.7340 ± 0.1460 0.5752 ± 0.1045 0.4839 ± 0.1097 0.7318 ± 0.0902 0.7939 ± 0.0872 
 ‘C’: 1, ‘kernel’: ‘rbf’, ‘gamma’: ‘auto’ 0.7916 ± 0.0630 0.7841 ± 0.1344 0.6502 ± 0.0955 0.5683 ± 0.1092 0.7943 ± 0.0810 0.8763 ± 0.0689 
 ‘C’: 1, ‘kernel’: ‘rbf’, ‘gamma’: ‘scale’ 0.7864 ± 0.0670 0.7823 ± 0.1450 0.6436 ± 0.0998 0.5601 ± 0.1072 0.7885 ± 0.0856 0.8803 ± 0.0698 
 ‘C’: 10, ‘kernel’: ‘linear’, ‘gamma’: ‘auto’ 0.7427 ± 0.0595 0.7248 ± 0.1579 0.5785 ± 0.0957 0.4911 ± 0.0911 0.7487 ± 0.0722 0.7906 ± 0.0889 
 ‘C’: 10, ‘kernel’: ‘linear’, ‘gamma’: ‘scale’ 0.7266 ± 0.0778 0.7272 ± 0.1431 0.5697 ± 0.1016 0.4806 ± 0.1151 0.7255 ± 0.0999 0.7816 ± 0.0795 
 ‘C’: 10, ‘kernel’: ‘rbf’, ‘gamma’: ‘auto’ 𝟎.𝟖𝟎𝟗𝟏 ± 𝟎.𝟎𝟕𝟑𝟏 𝟎.𝟖𝟑𝟎𝟔 ± 𝟎.𝟏𝟑𝟎𝟗 𝟎.𝟔𝟖𝟑𝟕 ± 𝟎.𝟏𝟏𝟐𝟐 𝟎.𝟓𝟗𝟑𝟔 ± 𝟎.𝟏𝟐𝟗𝟒 𝟎.𝟖𝟎𝟐𝟏 ± 𝟎.𝟎𝟖𝟓𝟑 𝟎.𝟖𝟗𝟔𝟔 ± 𝟎.𝟎𝟔𝟑𝟒 
 ‘C’: 10, ‘kernel’: ‘rbf’, ‘gamma’: ‘scale’ 0.7905 ± 0.0684 0.8181 ± 0.1245 0.6603 ± 0.0939 0.5658 ± 0.1110 0.7818 ± 0.0892 0.8883 ± 0.0566 
 

RandomForest

‘n_estimators’: 100, ‘max_depth’: 10, ‘min_samples_split’: 10 0.7920 ± 0.0668 0.8115 ± 0.1338 0.6594 ± 0.0965 0.5716 ± 0.1186 0.7865 ± 0.0898 0.8876 ± 0.0605 
 ‘n_estimators’: 100, ‘max_depth’: 10, ‘min_samples_split’: 2 𝟎.𝟖𝟐𝟎𝟐 ± 𝟎.𝟎𝟔𝟑𝟒 𝟎.𝟖𝟐𝟓𝟒 ± 𝟎.𝟏𝟐𝟖𝟖 𝟎.𝟔𝟗𝟓𝟖 ± 𝟎.𝟎𝟗𝟑𝟗 𝟎.𝟔𝟏𝟓𝟕 ± 𝟎.𝟏𝟏𝟕𝟔 𝟎.𝟖𝟏𝟖𝟓 ± 𝟎.𝟎𝟖𝟑𝟏 𝟎.𝟗𝟏𝟓𝟒 ± 𝟎.𝟎𝟓𝟓𝟕 
 ‘n_estimators’: 100, ‘max_depth’: None, ‘min_samples_split’: 10 0.7884 ± 0.0785 0.8155 ± 0.1200 0.6591 ± 0.1055 0.5661 ± 0.1287 0.7810 ± 0.0964 0.8832 ± 0.0653 
 ‘n_estimators’: 100, ‘max_depth’: None, ‘min_samples_split’: 2 0.8075 ± 0.0635 0.8208 ± 0.1148 0.6802 ± 0.0945 0.5934 ± 0.1218 0.8030 ± 0.0835 0.9063 ± 0.0503 
 ‘n_estimators’: 200, ‘max_depth’: 10, ‘min_samples_split’: 10 0.7998 ± 0.0622 0.7995 ± 0.1286 0.6633 ± 0.1003 0.5793 ± 0.1223 0.8000 ± 0.0771 0.8841 ± 0.0610 
 ‘n_estimators’: 200, ‘max_depth’: 10, ‘min_samples_split’: 2 0.8057 ± 0.0732 0.8130 ± 0.1325 0.6765 ± 0.1097 0.5926 ± 0.1308 0.8031 ± 0.0884 0.9051 ± 0.0569 
 ‘n_estimators’: 200, ‘max_depth’: None, ‘min_samples_split’: 10 0.7902 ± 0.0710 0.7945 ± 0.1291 0.6535 ± 0.1020 0.5678 ± 0.1184 0.7886 ± 0.0886 0.8813 ± 0.0672 
 ‘n_estimators’: 200, ‘max_depth’: None, ‘min_samples_split’: 2 0.8089 ± 0.0677 0.8156 ± 0.1266 0.6797 ± 0.1033 0.5946 ± 0.1193 0.8066 ± 0.0815 0.9132 ± 0.0563 
 

GradientBoosting

‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.7580 ± 0.0699 0.7628 ± 0.1506 0.6087 ± 0.1016 0.5193 ± 0.1118 0.7562 ± 0.0892 0.8338 ± 0.0834 
 ‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.1 𝟎.𝟕𝟗𝟓𝟗 ± 𝟎.𝟎𝟕𝟔𝟏 0.8076 ± 0.1368 𝟎.𝟔𝟔𝟐𝟔 ± 𝟎.𝟏𝟏𝟗𝟒 𝟎.𝟓𝟕𝟒𝟎 ± 𝟎.𝟏𝟑𝟒𝟑 𝟎.𝟕𝟗𝟐𝟏 ± 𝟎.𝟎𝟗𝟏𝟒 0.8800 ± 0.0675 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7541 ± 0.0840 0.7947 ± 0.1378 0.6171 ± 0.1193 0.5148 ± 0.1298 0.7398 ± 0.0989 0.8242 ± 0.0900 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.7823 ± 0.0754 𝟎.𝟖𝟑𝟒𝟕 ± 𝟎.𝟏𝟏𝟗𝟖 0.6568 ± 0.1054 0.5530 ± 0.1252 0.7651 ± 0.0935 0.8656 ± 0.0797 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.7659 ± 0.0742 0.8173 ± 0.1311 0.6345 ± 0.1031 0.5297 ± 0.1166 0.7491 ± 0.0950 0.8561 ± 0.0703 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.7836 ± 0.0718 0.8283 ± 0.1253 0.6556 ± 0.1053 0.5526 ± 0.1208 0.7686 ± 0.0859 𝟎.𝟖𝟖𝟏𝟓 ± 𝟎.𝟎𝟕𝟒𝟑 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7664 ± 0.0738 0.7979 ± 0.1361 0.6285 ± 0.1053 0.5299 ± 0.1173 0.7558 ± 0.0937 0.8311 ± 0.0879 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.7723 ± 0.0797 0.8041 ± 0.1430 0.6372 ± 0.1206 0.5399 ± 0.1331 0.7614 ± 0.0954 0.8766 ± 0.0814 
 (continued on next page)
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Table 5 (continued).
 Model Hyperparameters Accuracy Recall F1-Score Precision Specificity AUC  
 

XGBoost

‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.7586 ± 0.0738 0.7630 ± 0.1484 0.6096 ± 0.1019 0.5208 ± 0.1065 0.7564 ± 0.0989 0.8347 ± 0.0719 
 ‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.7859 ± 0.0726 0.7989 ± 0.1330 0.6490 ± 0.1149 0.5557 ± 0.1248 0.7815 ± 0.0809 0.8666 ± 0.0751 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7495 ± 0.0772 0.7878 ± 0.1250 0.6112 ± 0.0982 0.5119 ± 0.1155 0.7373 ± 0.1011 0.8409 ± 0.0781 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.7857 ± 0.0666 0.8015 ± 0.1336 0.6492 ± 0.1024 0.5555 ± 0.1119 0.7795 ± 0.0835 0.8664 ± 0.0734 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.7682 ± 0.0686 0.7679 ± 0.1418 0.6200 ± 0.1075 0.5288 ± 0.1098 0.7682 ± 0.0796 0.8490 ± 0.0792 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.7893 ± 0.0667 𝟎.𝟖𝟑𝟎𝟓 ± 𝟎.𝟏𝟐𝟎𝟖 𝟎.𝟔𝟔𝟐𝟏 ± 𝟎.𝟎𝟗𝟖𝟖 0.5582 ± 0.1060 0.7755 ± 0.0787 0.8743 ± 0.0678 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7759 ± 0.0756 0.7991 ± 0.1377 0.6386 ± 0.1103 0.5444 ± 0.1208 0.7689 ± 0.0962 0.8535 ± 0.0728 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 𝟎.𝟕𝟗𝟐𝟓 ± 𝟎.𝟎𝟔𝟗𝟒 0.8146 ± 0.1423 0.6605 ± 0.1049 𝟎.𝟓𝟔𝟕𝟑 ± 𝟎.𝟏𝟏𝟑𝟔 𝟎.𝟕𝟖𝟑𝟓 ± 𝟎.𝟎𝟖𝟗𝟐 𝟎.𝟖𝟕𝟗𝟑 ± 𝟎.𝟎𝟔𝟎𝟏 
 

LightGBM

‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7161 ± 0.0852 0.7263 ± 0.1559 0.5596 ± 0.1094 0.4682 ± 0.1133 0.7116 ± 0.1154 0.8065 ± 0.0862 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.7727 ± 0.0798 0.7807 ± 0.1354 0.6313 ± 0.1149 0.5431 ± 0.1288 0.7701 ± 0.0973 0.8394 ± 0.0776 
 ‘n_estimators’: 100, ‘max_depth’: 7, ‘learning_rate’: 0.01 0.7230 ± 0.0761 0.7065 ± 0.1516 0.5565 ± 0.1139 0.4699 ± 0.1176 0.7290 ± 0.0927 0.8075 ± 0.0723 
 ‘n_estimators’: 100, ‘max_depth’: 7, ‘learning_rate’: 0.1 0.7784 ± 0.0794 0.7872 ± 0.1456 0.6388 ± 0.1168 0.5505 ± 0.1293 0.7749 ± 0.0951 0.8520 ± 0.0825 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7386 ± 0.0832 0.7310 ± 0.1385 0.5835 ± 0.1183 0.4957 ± 0.1285 0.7403 ± 0.0982 0.8092 ± 0.0770 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 𝟎.𝟕𝟗𝟔𝟖 ± 𝟎.𝟎𝟕𝟎𝟔 𝟎.𝟖𝟐𝟗𝟔 ± 𝟎.𝟏𝟐𝟕𝟒 𝟎.𝟔𝟕𝟎𝟓 ± 𝟎.𝟏𝟎𝟓𝟑 𝟎.𝟓𝟕𝟑𝟏 ± 𝟎.𝟏𝟐𝟎𝟕 𝟎.𝟕𝟖𝟓𝟖 ± 𝟎.𝟎𝟖𝟓𝟖 0.8597 ± 0.0796 
 ‘n_estimators’: 200, ‘max_depth’: 7, ‘learning_rate’: 0.01 0.7302 ± 0.0733 0.7242 ± 0.1391 0.5703 ± 0.1056 0.4802 ± 0.1100 0.7315 ± 0.0904 0.8145 ± 0.0777 
 ‘n_estimators’: 200, ‘max_depth’: 7, ‘learning_rate’: 0.1 0.7900 ± 0.0686 0.8155 ± 0.1400 0.6569 ± 0.1116 0.5593 ± 0.1168 0.7808 ± 0.0800 𝟎.𝟖𝟔𝟎𝟐 ± 𝟎.𝟎𝟖𝟏𝟑 
 

MLP

‘hidden_layer_sizes’: (100,), ‘activation’: ‘relu’, ‘solver’: ‘adam’ 0.7902 ± 0.0621 0.8316 ± 0.1184 0.6620 ± 0.0959 0.5587 ± 0.1078 0.7770 ± 0.0739 0.8559 ± 0.0748 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘relu’, ‘solver’: ‘sgd’ 0.7664 ± 0.0686 0.7695 ± 0.1402 0.6195 ± 0.0987 0.5321 ± 0.1109 0.7663 ± 0.0907 0.8465 ± 0.0658 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘tanh’, ‘solver’: ‘adam’ 0.7850 ± 0.0673 0.8175 ± 0.1328 0.6527 ± 0.1032 0.5523 ± 0.1077 0.7742 ± 0.0796 0.8535 ± 0.0719 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘tanh’, ‘solver’: ‘sgd’ 0.7409 ± 0.0823 0.7121 ± 0.1388 0.5783 ± 0.1074 0.5003 ± 0.1196 0.7513 ± 0.1003 0.8149 ± 0.0818 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘relu’, ‘solver’: ‘adam’ 𝟎.𝟕𝟗𝟕𝟓 ± 𝟎.𝟎𝟔𝟖𝟐 0.8195 ± 0.1303 𝟎.𝟔𝟔𝟕𝟐 ± 𝟎.𝟏𝟎𝟓𝟖 𝟎.𝟓𝟕𝟑𝟖 ± 𝟎.𝟏𝟐𝟑𝟖 𝟎.𝟕𝟖𝟗𝟓 ± 𝟎.𝟎𝟖𝟏𝟎 0.8603 ± 0.0722 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘relu’, ‘solver’: ‘sgd’ 0.7764 ± 0.0665 0.7906 ± 0.1403 0.6362 ± 0.0979 0.5426 ± 0.1064 0.7719 ± 0.0813 0.8464 ± 0.0764 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘tanh’, ‘solver’: ‘adam’ 0.7916 ± 0.0712 𝟎.𝟖𝟒𝟎𝟎 ± 𝟎.𝟏𝟒𝟓𝟔 0.6661 ± 0.1102 0.5636 ± 0.1187 0.7760 ± 0.0890 𝟎.𝟖𝟕𝟏𝟕 ± 𝟎.𝟎𝟕𝟓𝟑 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘tanh’, ‘solver’: ‘sgd’ 0.7573 ± 0.0641 0.7856 ± 0.1192 0.6164 ± 0.0796 0.5163 ± 0.0877 0.7481 ± 0.0871 0.8406 ± 0.0754 
 

PyTorch NN

’lr’: 0.01, ’max_epochs’: 10 0.5293 ± 0.2126 0.4971 ± 0.3912 0.2756 ± 0.1832 0.2542 ± 0.2199 0.5419 ± 0.3967 0.5278 ± 0.1672 
 ’lr’: 0.01, ’max_epochs’: 20 0.5120 ± 0.2123 0.5364 ± 0.3969 0.2825 ± 0.1728 0.2587 ± 0.2255 0.5065 ± 0.3986 0.5622 ± 0.1325 
 ’lr’: 0.01, ’max_epochs’: 50 0.5098 ± 0.2047 0.6657 ± 0.3365 0.3798 ± 0.1249 0.3456 ± 0.1931 0.4550 ± 0.3705 0.6567 ± 0.1287 
 ’lr’: 0.1, ’max_epochs’: 10 0.5686 ± 0.1802 0.6875 ± 0.2741 0.4352 ± 0.1093 0.3700 ± 0.1435 0.5306 ± 0.3069 0.7304 ± 0.1025 
 ’lr’: 0.1, ’max_epochs’: 20 0.6536 ± 0.1249 𝟎.𝟕𝟖𝟓𝟖 ± 𝟎.𝟏𝟕𝟏𝟕 0.5342 ± 0.0982 0.4252 ± 0.1121 0.6104 ± 0.1890 0.7925 ± 0.0873 
 ’lr’: 0.1, ’max_epochs’: 50 𝟎.𝟕𝟐𝟔𝟖 ± 𝟎.𝟎𝟕𝟒𝟐 0.7101 ± 0.1585 𝟎.𝟓𝟔𝟎𝟕 ± 𝟎.𝟏𝟎𝟔𝟓 𝟎.𝟒𝟕𝟓𝟒 ± 𝟎.𝟏𝟎𝟓𝟒 𝟎.𝟕𝟑𝟐𝟐 ± 𝟎.𝟎𝟗𝟓𝟕 𝟎.𝟖𝟎𝟕𝟒 ± 𝟎.𝟎𝟖𝟓𝟑 
Table 6
This table presents a comparative analysis of ML models for predicting credit outcomes from the German credit dataset. The evaluation encompasses metrics such as Accuracy, 
Recall, F1-Score, Precision, Specificity, and AUC, offering a detailed perspective on each model efficacy. Bootstrap methods were used for estimating the ranges.
 Model Hyperparameters Accuracy Recall F1-Score Precision Specificity AUC  
 

LogisticRegression

‘C’: 0.1, ‘solver’: ‘lbfgs’ 𝟎.𝟕𝟐𝟓𝟖 ± 𝟎.𝟎𝟑𝟓𝟕 0.7305 ± 0.0576 𝟎.𝟔𝟏𝟓𝟒 ± 𝟎.𝟎𝟒𝟐𝟔 𝟎.𝟓𝟑𝟑𝟖 ± 𝟎.𝟎𝟒𝟕𝟐 𝟎.𝟕𝟐𝟑𝟖 ± 𝟎.𝟎𝟒𝟖𝟎 0.7955 ± 0.0304 
 ‘C’: 0.1, ‘solver’: ‘liblinear’ 0.7221 ± 0.0357 𝟎.𝟕𝟒𝟑𝟖 ± 𝟎.𝟎𝟔𝟐𝟖 0.6161 ± 0.0459 0.5273 ± 0.0443 0.7127 ± 0.0411 0.7945 ± 0.0382 
 ‘C’: 1, ‘solver’: ‘lbfgs’ 0.7217 ± 0.0346 0.7324 ± 0.0560 0.6124 ± 0.0421 0.5282 ± 0.0466 0.7171 ± 0.0463 0.7934 ± 0.0299 
 ‘C’: 1, ‘solver’: ‘liblinear’ 0.7229 ± 0.0307 0.7299 ± 0.0530 0.6124 ± 0.0382 0.5290 ± 0.0401 0.7199 ± 0.0392 0.7932 ± 0.0324 
 ‘C’: 10, ‘solver’: ‘lbfgs’ 0.7231 ± 0.0320 0.7365 ± 0.0619 0.6145 ± 0.0403 0.5291 ± 0.0399 0.7176 ± 0.0414 0.7970 ± 0.0346 
 ‘C’: 10, ‘solver’: ‘liblinear’ 0.7241 ± 0.0325 0.7349 ± 0.0653 0.6147 ± 0.0447 0.5304 ± 0.0453 0.7195 ± 0.0411 𝟎.𝟕𝟗𝟕𝟑 ± 𝟎.𝟎𝟑𝟒𝟐 
 ‘C’: 100, ‘solver’: ‘lbfgs’ 0.7167 ± 0.0326 0.7327 ± 0.0554 0.6080 ± 0.0412 0.5210 ± 0.0419 0.7098 ± 0.0393 0.7887 ± 0.0325 
 ‘C’: 100, ‘solver’: ‘liblinear’ 0.7182 ± 0.0310 0.7256 ± 0.0575 0.6069 ± 0.0398 0.5232 ± 0.0411 0.7152 ± 0.0385 0.7921 ± 0.0340 
 

SVM

‘C’: 1, ‘kernel’: ‘linear’, ‘gamma’: ‘auto’ 0.7174 ± 0.0357 0.7458 ± 0.0620 0.6128 ± 0.0450 0.5221 ± 0.0467 0.7052 ± 0.0461 0.7903 ± 0.0354 
 ‘C’: 1, ‘kernel’: ‘linear’, ‘gamma’: ‘scale’ 0.7216 ± 0.0350 0.7427 ± 0.0664 0.6152 ± 0.0466 0.5271 ± 0.0473 0.7125 ± 0.0444 0.7939 ± 0.0345 
 ‘C’: 1, ‘kernel’: ‘rbf’, ‘gamma’: ‘auto’ 0.7735 ± 0.0314 0.7944 ± 0.0591 0.6777 ± 0.0427 0.5930 ± 0.0467 0.7645 ± 0.0408 0.8607 ± 0.0325 
 ‘C’: 1, ‘kernel’: ‘rbf’, ‘gamma’: ‘scale’ 0.7798 ± 0.0335 0.8081 ± 0.0536 0.6881 ± 0.0401 0.6012 ± 0.0465 0.7676 ± 0.0437 0.8676 ± 0.0288 
 ‘C’: 10, ‘kernel’: ‘linear’, ‘gamma’: ‘auto’ 0.7244 ± 0.0319 0.7445 ± 0.0584 0.6183 ± 0.0390 0.5308 ± 0.0428 0.7156 ± 0.0451 0.7952 ± 0.0343 
 ‘C’: 10, ‘kernel’: ‘linear’, ‘gamma’: ‘scale’ 0.7183 ± 0.0401 0.7376 ± 0.0589 0.6116 ± 0.0459 0.5245 ± 0.0514 0.7098 ± 0.0527 0.7865 ± 0.0382 
 ‘C’: 10, ‘kernel’: ‘rbf’, ‘gamma’: ‘auto’ 𝟎.𝟖𝟎𝟐𝟕 ± 𝟎.𝟎𝟑𝟎𝟐 𝟎.𝟖𝟐𝟔𝟎 ± 𝟎.𝟎𝟓𝟒𝟓 𝟎.𝟕𝟏𝟓𝟐 ± 𝟎.𝟎𝟒𝟐𝟎 𝟎.𝟔𝟑𝟐𝟓 ± 𝟎.𝟎𝟒𝟖𝟏 𝟎.𝟕𝟗𝟐𝟖 ± 𝟎.𝟎𝟑𝟕𝟐 𝟎.𝟖𝟖𝟎𝟕 ± 𝟎.𝟎𝟑𝟎𝟒 
 ‘C’: 10, ‘kernel’: ‘rbf’, ‘gamma’: ‘scale’ 0.7932 ± 0.0277 0.8191 ± 0.0502 0.7037 ± 0.0375 0.6189 ± 0.0452 0.7821 ± 0.0383 0.8743 ± 0.0276 
 

RandomForest

‘n_estimators’: 100, ‘max_depth’: 10, ‘min_samples_split’: 10 0.8090 ± 0.0300 0.8441 ± 0.0586 0.7260 ± 0.0414 0.6396 ± 0.0504 0.7940 ± 0.0415 0.8966 ± 0.0253 
 ‘n_estimators’: 100, ‘max_depth’: 10, ‘min_samples_split’: 2 0.8233 ± 0.0290 𝟎.𝟖𝟓𝟕𝟑 ± 𝟎.𝟎𝟒𝟓𝟖 0.7446 ± 0.0383 0.6597 ± 0.0467 0.8086 ± 0.0371 0.9172 ± 0.0210 
 ‘n_estimators’: 100, ‘max_depth’: None, ‘min_samples_split’: 10 0.8124 ± 0.0335 0.8315 ± 0.0524 0.7271 ± 0.0442 0.6484 ± 0.0548 0.8043 ± 0.0422 0.8965 ± 0.0281 
 ‘n_estimators’: 100, ‘max_depth’: None, ‘min_samples_split’: 2 𝟎.𝟖𝟑𝟎𝟏 ± 𝟎.𝟎𝟐𝟖𝟐 0.8516 ± 0.0490 𝟎.𝟕𝟓𝟎𝟓 ± 𝟎.𝟎𝟑𝟖𝟕 𝟎.𝟔𝟕𝟑𝟕 ± 𝟎.𝟎𝟓𝟐𝟗 0.8211 ± 0.0400 𝟎.𝟗𝟐𝟒𝟖 ± 𝟎.𝟎𝟐𝟏𝟑 
 ‘n_estimators’: 200, ‘max_depth’: 10, ‘min_samples_split’: 10 0.8063 ± 0.0310 0.8344 ± 0.0538 0.7212 ± 0.0409 0.6374 ± 0.0498 0.7945 ± 0.0403 0.8923 ± 0.0276 
 ‘n_estimators’: 200, ‘max_depth’: 10, ‘min_samples_split’: 2 0.8255 ± 0.0296 0.8556 ± 0.0592 0.7462 ± 0.0412 0.6639 ± 0.0469 0.8127 ± 0.0361 0.9185 ± 0.0248 
 ‘n_estimators’: 200, ‘max_depth’: None, ‘min_samples_split’: 10 0.8097 ± 0.0351 0.8288 ± 0.0595 0.7236 ± 0.0459 0.6454 ± 0.0589 0.8014 ± 0.0484 0.8958 ± 0.0273 
 ‘n_estimators’: 200, ‘max_depth’: None, ‘min_samples_split’: 2 0.8291 ± 0.0298 0.8468 ± 0.0554 0.7480 ± 0.0441 0.6721 ± 0.0524 𝟎.𝟖𝟐𝟏𝟔 ± 𝟎.𝟎𝟑𝟔𝟐 0.9236 ± 0.0220 
 

GradientBoosting

‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.7088 ± 0.0353 0.7972 ± 0.0477 0.6221 ± 0.0362 0.5117 ± 0.0418 0.6708 ± 0.0515 0.8093 ± 0.0326 
 ‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.8018 ± 0.0303 0.8342 ± 0.0514 0.7166 ± 0.0391 0.6302 ± 0.0479 0.7880 ± 0.0404 0.8831 ± 0.0264 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7569 ± 0.0347 0.8300 ± 0.0536 0.6725 ± 0.0387 0.5672 ± 0.0448 0.7257 ± 0.0488 0.8504 ± 0.0316 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 𝟎.𝟖𝟐𝟏𝟖 ± 𝟎.𝟎𝟐𝟗𝟓 𝟎.𝟖𝟒𝟔𝟖 ± 𝟎.𝟎𝟓𝟑𝟓 𝟎.𝟕𝟒𝟎𝟑 ± 𝟎.𝟎𝟒𝟎𝟗 𝟎.𝟔𝟔𝟎𝟔 ± 𝟎.𝟎𝟓𝟒𝟏 𝟎.𝟖𝟏𝟏𝟐 ± 𝟎.𝟎𝟒𝟏𝟓 0.9060 ± 0.0240 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.7319 ± 0.0379 0.8059 ± 0.0566 0.6438 ± 0.0417 0.5379 ± 0.0467 0.6997 ± 0.0534 0.8322 ± 0.0292 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.8145 ± 0.0296 0.8436 ± 0.0549 0.7316 ± 0.0435 0.6472 ± 0.0464 0.8018 ± 0.0327 0.8883 ± 0.0283 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7793 ± 0.0356 0.8376 ± 0.0578 0.6951 ± 0.0450 0.5961 ± 0.0504 0.7542 ± 0.0459 0.8720 ± 0.0327 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.8185 ± 0.0261 0.8415 ± 0.0546 0.7354 ± 0.0366 0.6552 ± 0.0433 0.8085 ± 0.0355 𝟎.𝟗𝟎𝟗𝟎 ± 𝟎.𝟎𝟐𝟐𝟓 
 

XGBoost

‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.7000 ± 0.0363 0.7889 ± 0.0641 0.6121 ± 0.0403 0.5024 ± 0.0439 0.6617 ± 0.0550 0.7958 ± 0.0343 
 ‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.7881 ± 0.0288 0.8142 ± 0.0540 0.6974 ± 0.0386 0.6121 ± 0.0458 0.7769 ± 0.0393 0.8695 ± 0.0259 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7405 ± 0.0381 0.8153 ± 0.0625 0.6537 ± 0.0430 0.5484 ± 0.0500 0.7086 ± 0.0552 0.8315 ± 0.0338 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 𝟎.𝟖𝟏𝟔𝟎 ± 𝟎.𝟎𝟐𝟖𝟎 𝟎.𝟖𝟓𝟎𝟎 ± 𝟎.𝟎𝟒𝟔𝟗 𝟎.𝟕𝟑𝟓𝟎 ± 𝟎.𝟎𝟑𝟔𝟔 𝟎.𝟔𝟒𝟗𝟖 ± 𝟎.𝟎𝟒𝟗𝟒 0.8014 ± 0.0398 0.8918 ± 0.0252 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.7190 ± 0.0346 0.7874 ± 0.0565 0.6272 ± 0.0376 0.5233 ± 0.0426 0.6896 ± 0.0506 0.8156 ± 0.0316 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.8014 ± 0.0317 0.8211 ± 0.0556 0.7129 ± 0.0417 0.6322 ± 0.0495 0.7930 ± 0.0412 0.8753 ± 0.0287 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7626 ± 0.0339 0.8229 ± 0.0550 0.6756 ± 0.0393 0.5754 ± 0.0473 0.7366 ± 0.0494 0.8538 ± 0.0338 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.8123 ± 0.0298 0.8350 ± 0.0517 0.7274 ± 0.0411 0.6466 ± 0.0507 𝟎.𝟖𝟎𝟐𝟓 ± 𝟎.𝟎𝟑𝟖𝟕 𝟎.𝟖𝟗𝟐𝟏 ± 𝟎.𝟎𝟐𝟔𝟎 
 (continued on next page)
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Table 6 (continued).
 Model Hyperparameters Accuracy Recall F1-Score Precision Specificity AUC  
 

LightGBM

‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7295 ± 0.0353 0.7735 ± 0.0583 0.6320 ± 0.0394 0.5367 ± 0.0461 0.7107 ± 0.0510 0.8134 ± 0.0351 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.8106 ± 0.0330 0.8394 ± 0.0547 0.7270 ± 0.0431 0.6434 ± 0.0519 0.7985 ± 0.0407 0.8840 ± 0.0318 
 ‘n_estimators’: 100, ‘max_depth’: 7, ‘learning_rate’: 0.01 0.7414 ± 0.0331 0.7740 ± 0.0641 0.6421 ± 0.0430 0.5510 ± 0.0470 0.7275 ± 0.0455 0.8260 ± 0.0284 
 ‘n_estimators’: 100, ‘max_depth’: 7, ‘learning_rate’: 0.1 𝟎.𝟖𝟏𝟕𝟐 ± 𝟎.𝟎𝟐𝟖𝟎 0.8396 ± 0.0479 𝟎.𝟕𝟑𝟑𝟖 ± 𝟎.𝟎𝟑𝟖𝟔 𝟎.𝟔𝟓𝟒𝟎 ± 𝟎.𝟎𝟓𝟎𝟕 𝟎.𝟖𝟎𝟕𝟓 ± 𝟎.𝟎𝟑𝟖𝟒 0.8882 ± 0.0250 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.7514 ± 0.0330 0.7901 ± 0.0557 0.6561 ± 0.0406 0.5626 ± 0.0428 0.7346 ± 0.0429 0.8377 ± 0.0332 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.8156 ± 0.0280 𝟎.𝟖𝟒𝟐𝟑 ± 𝟎.𝟎𝟒𝟗𝟗 0.7328 ± 0.0377 0.6505 ± 0.0463 0.8041 ± 0.0377 0.8907 ± 0.0292 
 ‘n_estimators’: 200, ‘max_depth’: 7, ‘learning_rate’: 0.01 0.7678 ± 0.0337 0.7847 ± 0.0549 0.6699 ± 0.0436 0.5865 ± 0.0502 0.7607 ± 0.0429 0.8457 ± 0.0317 
 ‘n_estimators’: 200, ‘max_depth’: 7, ‘learning_rate’: 0.1 0.8154 ± 0.0319 0.8418 ± 0.0535 0.7324 ± 0.0434 0.6502 ± 0.0515 0.8040 ± 0.0398 𝟎.𝟖𝟗𝟒𝟑 ± 𝟎.𝟎𝟐𝟗𝟕 
 

MLP

‘hidden_layer_sizes’: (100,), ‘activation’: ‘relu’, ‘solver’: ‘adam’ 0.8053 ± 0.0295 0.8306 ± 0.0576 0.7189 ± 0.0417 0.6358 ± 0.0474 0.7945 ± 0.0373 0.8657 ± 0.0308 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘relu’, ‘solver’: ‘sgd’ 0.7659 ± 0.0316 0.7917 ± 0.0545 0.6699 ± 0.0408 0.5823 ± 0.0446 0.7549 ± 0.0390 0.8438 ± 0.0308 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘tanh’, ‘solver’: ‘adam’ 𝟎.𝟖𝟏𝟒𝟐 ± 𝟎.𝟎𝟑𝟏𝟗 0.8335 ± 0.0502 𝟎.𝟕𝟐𝟗𝟒 ± 𝟎.𝟎𝟒𝟐𝟗 𝟎.𝟔𝟓𝟎𝟒 ± 𝟎.𝟎𝟓𝟐𝟒 𝟎.𝟖𝟎𝟔𝟎 ± 𝟎.𝟎𝟑𝟗𝟕 𝟎.𝟖𝟖𝟗𝟑 ± 𝟎.𝟎𝟐𝟕𝟗 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘tanh’, ‘solver’: ‘sgd’ 0.7175 ± 0.0349 0.7392 ± 0.0654 0.6106 ± 0.0455 0.5220 ± 0.0455 0.7083 ± 0.0419 0.7970 ± 0.0397 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘relu’, ‘solver’: ‘adam’ 0.8063 ± 0.0335 𝟎.𝟖𝟒𝟏𝟖 ± 𝟎.𝟎𝟓𝟒𝟓 0.7229 ± 0.0451 0.6357 ± 0.0535 0.7911 ± 0.0419 0.8691 ± 0.0329 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘relu’, ‘solver’: ‘sgd’ 0.7735 ± 0.0318 0.7906 ± 0.0598 0.6767 ± 0.0430 0.5938 ± 0.0485 0.7661 ± 0.0415 0.8488 ± 0.0288 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘tanh’, ‘solver’: ‘adam’ 0.8089 ± 0.0292 0.8239 ± 0.0538 0.7210 ± 0.0424 0.6430 ± 0.0500 0.8024 ± 0.0365 0.8727 ± 0.0303 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘tanh’, ‘solver’: ‘sgd’ 0.7537 ± 0.0331 0.7691 ± 0.0572 0.6521 ± 0.0408 0.5681 ± 0.0457 0.7471 ± 0.0436 0.8299 ± 0.0302 
 

PyTorch NN

‘lr’: 0.01, ‘max_epochs’: 10 0.4993 ± 0.1371 0.5493 ± 0.3475 0.3392 ± 0.1608 0.3085 ± 0.1468 0.4787 ± 0.3372 0.5427 ± 0.0777 
 ‘lr’: 0.01, ‘max_epochs’: 20 0.5116 ± 0.1453 0.5792 ± 0.3482 0.3659 ± 0.1528 0.3274 ± 0.1264 0.4816 ± 0.3479 0.5772 ± 0.0708 
 ‘lr’: 0.01, ‘max_epochs’: 50 0.5681 ± 0.1171 0.6697 ± 0.2441 0.4672 ± 0.0990 0.3973 ± 0.0897 0.5245 ± 0.2509 0.6603 ± 0.0659 
 ‘lr’: 0.1, ‘max_epochs’: 10 0.6410 ± 0.0815 0.7045 ± 0.1456 0.5388 ± 0.0702 0.4555 ± 0.0766 0.6140 ± 0.1581 0.7297 ± 0.0482 
 ‘lr’: 0.1, ‘max_epochs’: 20 0.6900 ± 0.0489 𝟎.𝟕𝟓𝟏𝟕 ± 𝟎.𝟎𝟕𝟗𝟗 0.5930 ± 0.0489 0.4943 ± 0.0545 0.6639 ± 0.0764 0.7719 ± 0.0429 
 ‘lr’: 0.1, ‘max_epochs’: 50 𝟎.𝟕𝟐𝟔𝟓 ± 𝟎.𝟎𝟑𝟏𝟒 0.7477 ± 0.0663 𝟎.𝟔𝟐𝟎𝟗 ± 𝟎.𝟎𝟑𝟗𝟐 𝟎.𝟓𝟑𝟑𝟑 ± 𝟎.𝟎𝟑𝟗𝟗 𝟎.𝟕𝟏𝟕𝟓 ± 𝟎.𝟎𝟒𝟒𝟗 𝟎.𝟖𝟎𝟓𝟏 ± 𝟎.𝟎𝟑𝟒𝟖 
Table 7
This table presents a comparative analysis of ML models for predicting breast cancer outcomes. The evaluation encompasses metrics such as Accuracy, Recall, F1-Score, Precision, 
Specificity, and AUC, offering a detailed perspective on each model efficacy.
 Model Hyperparameters Accuracy Recall F1-Score Precision Specificity AUC  
 

LogisticRegression

‘C’: 0.1, ‘solver’: ‘lbfgs’ 0.9783 ± 0.0132 0.9858 ± 0.0156 0.9827 ± 0.0105 0.9800 ± 0.0139 0.9660 ± 0.0245 𝟎.𝟗𝟗𝟔𝟏 ± 𝟎.𝟎𝟎𝟒𝟏 
 ‘C’: 0.1, ‘solver’: ‘liblinear’ 𝟎.𝟗𝟕𝟗𝟓 ± 𝟎.𝟎𝟏𝟑𝟖 𝟎.𝟗𝟖𝟕𝟏 ± 𝟎.𝟎𝟏𝟑𝟑 𝟎.𝟗𝟖𝟑𝟔 ± 𝟎.𝟎𝟏𝟏𝟎 0.9804 ± 0.0164 0.9667 ± 0.0284 0.9956 ± 0.0052 
 ‘C’: 1, ‘solver’: ‘lbfgs’ 0.9754 ± 0.0168 0.9769 ± 0.0223 0.9802 ± 0.0137 0.9838 ± 0.0133 0.9727 ± 0.0225 0.9959 ± 0.0050 
 ‘C’: 1, ‘solver’: ‘liblinear’ 0.9787 ± 0.0148 0.9831 ± 0.0157 0.9830 ± 0.0118 0.9832 ± 0.0179 0.9715 ± 0.0316 0.9953 ± 0.0075 
 ‘C’: 10, ‘solver’: ‘lbfgs’ 0.9743 ± 0.0144 0.9768 ± 0.0199 0.9793 ± 0.0118 0.9822 ± 0.0144 0.9699 ± 0.0248 0.9948 ± 0.0059 
 ‘C’: 10, ‘solver’: ‘liblinear’ 0.9761 ± 0.0168 0.9773 ± 0.0210 0.9807 ± 0.0135 0.9844 ± 0.0132 0.9739 ± 0.0224 0.9935 ± 0.0077 
 ‘C’: 100, ‘solver’: ‘lbfgs’ 0.9736 ± 0.0168 0.9724 ± 0.0242 0.9786 ± 0.0137 𝟎.𝟗𝟖𝟓𝟒 ± 𝟎.𝟎𝟏𝟓𝟒 𝟎.𝟗𝟕𝟓𝟕 ± 𝟎.𝟎𝟐𝟓𝟗 0.9924 ± 0.0089 
 ‘C’: 100, ‘solver’: ‘liblinear’ 0.9728 ± 0.0145 0.9731 ± 0.0176 0.9781 ± 0.0118 0.9834 ± 0.0162 0.9721 ± 0.0285 0.9922 ± 0.0081 
 

SVM

‘C’: 1, ‘kernel’: ‘linear’, ‘gamma’: ‘auto’ 0.9739 ± 0.0167 0.9755 ± 0.0241 0.9790 ± 0.0138 0.9829 ± 0.0146 0.9715 ± 0.0245 0.9947 ± 0.0066 
 ‘C’: 1, ‘kernel’: ‘linear’, ‘gamma’: ‘scale’ 0.9755 ± 0.0148 0.9782 ± 0.0199 0.9803 ± 0.0120 0.9828 ± 0.0153 0.9709 ± 0.0265 0.9955 ± 0.0058 
 ‘C’: 1, ‘kernel’: ‘rbf’, ‘gamma’: ‘auto’ 𝟎.𝟗𝟕𝟕𝟖 ± 𝟎.𝟎𝟏𝟓𝟒 𝟎.𝟗𝟖𝟒𝟒 ± 𝟎.𝟎𝟏𝟔𝟕 𝟎.𝟗𝟖𝟐𝟑 ± 𝟎.𝟎𝟏𝟐𝟐 0.9805 ± 0.0162 0.9669 ± 0.0281 0.9960 ± 0.0049 
 ‘C’: 1, ‘kernel’: ‘rbf’, ‘gamma’: ‘scale’ 0.9761 ± 0.0150 0.9800 ± 0.0209 0.9809 ± 0.0119 0.9823 ± 0.0154 0.9700 ± 0.0263 0.9964 ± 0.0054 
 ‘C’: 10, ‘kernel’: ‘linear’, ‘gamma’: ‘auto’ 0.9714 ± 0.0162 0.9720 ± 0.0230 0.9769 ± 0.0132 0.9823 ± 0.0152 0.9706 ± 0.0260 0.9927 ± 0.0080 
 ‘C’: 10, ‘kernel’: ‘linear’, ‘gamma’: ‘scale’ 0.9716 ± 0.0172 0.9712 ± 0.0220 0.9771 ± 0.0141 0.9833 ± 0.0148 0.9721 ± 0.0249 0.9919 ± 0.0081 
 ‘C’: 10, ‘kernel’: ‘rbf’, ‘gamma’: ‘auto’ 0.9754 ± 0.0139 0.9751 ± 0.0219 0.9802 ± 0.0113 𝟎.𝟗𝟖𝟓𝟕 ± 𝟎.𝟎𝟏𝟒𝟎 𝟎.𝟗𝟕𝟓𝟕 ± 𝟎.𝟎𝟐𝟒𝟕 0.9966 ± 0.0048 
 ‘C’: 10, ‘kernel’: ‘rbf’, ‘gamma’: ‘scale’ 0.9767 ± 0.0139 0.9776 ± 0.0184 0.9812 ± 0.0112 0.9852 ± 0.0147 0.9751 ± 0.0252 𝟎.𝟗𝟗𝟔𝟗 ± 𝟎.𝟎𝟎𝟒𝟏 
 

RandomForest

‘n_estimators’: 100, ‘max_depth’: 10, ‘min_samples_split’: 10 0.9725 ± 0.0168 0.9715 ± 0.0233 0.9778 ± 0.0137 0.9847 ± 0.0150 0.9744 ± 0.0259 0.9956 ± 0.0052 
 ‘n_estimators’: 100, ‘max_depth’: 10, ‘min_samples_split’: 2 𝟎.𝟗𝟕𝟓𝟒 ± 𝟎.𝟎𝟏𝟕𝟐 𝟎.𝟗𝟕𝟓𝟏 ± 𝟎.𝟎𝟐𝟑𝟒 𝟎.𝟗𝟖𝟎𝟐 ± 𝟎.𝟎𝟏𝟒𝟏 0.9857 ± 0.0151 0.9757 ± 0.0267 𝟎.𝟗𝟗𝟔𝟐 ± 𝟎.𝟎𝟎𝟓𝟗 
 ‘n_estimators’: 100, ‘max_depth’: None, ‘min_samples_split’: 10 0.9660 ± 0.0169 0.9661 ± 0.0225 0.9726 ± 0.0135 0.9798 ± 0.0172 0.9658 ± 0.0298 0.9939 ± 0.0076 
 ‘n_estimators’: 100, ‘max_depth’: None, ‘min_samples_split’: 2 0.9733 ± 0.0181 0.9715 ± 0.0226 0.9785 ± 0.0145 𝟎.𝟗𝟖𝟓𝟗 ± 𝟎.𝟎𝟏𝟔𝟗 𝟎.𝟗𝟕𝟔𝟑 ± 𝟎.𝟎𝟐𝟗𝟏 0.9960 ± 0.0057 
 ‘n_estimators’: 200, ‘max_depth’: 10, ‘min_samples_split’: 10 0.9711 ± 0.0182 0.9734 ± 0.0214 0.9767 ± 0.0148 0.9804 ± 0.0168 0.9673 ± 0.0279 0.9953 ± 0.0056 
 ‘n_estimators’: 200, ‘max_depth’: 10, ‘min_samples_split’: 2 0.9739 ± 0.0180 0.9738 ± 0.0235 0.9791 ± 0.0143 0.9849 ± 0.0159 0.9741 ± 0.0286 0.9958 ± 0.0054 
 ‘n_estimators’: 200, ‘max_depth’: None, ‘min_samples_split’: 10 0.9697 ± 0.0179 0.9712 ± 0.0244 0.9756 ± 0.0146 0.9805 ± 0.0157 0.9676 ± 0.0264 0.9948 ± 0.0065 
 ‘n_estimators’: 200, ‘max_depth’: None, ‘min_samples_split’: 2 0.9722 ± 0.0176 0.9710 ± 0.0238 0.9776 ± 0.0143 0.9846 ± 0.0157 0.9742 ± 0.0268 0.9955 ± 0.0064 
 

GradientBoosting

‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.9568 ± 0.0212 0.9558 ± 0.0278 0.9651 ± 0.0169 0.9752 ± 0.0203 0.9587 ± 0.0353 0.9851 ± 0.0143 
 ‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.9695 ± 0.0183 0.9697 ± 0.0235 0.9754 ± 0.0148 0.9817 ± 0.0159 0.9692 ± 0.0275 0.9946 ± 0.0074 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.9602 ± 0.0222 0.9581 ± 0.0315 0.9676 ± 0.0185 0.9780 ± 0.0191 0.9634 ± 0.0325 0.9755 ± 0.0208 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.9582 ± 0.0208 0.9562 ± 0.0286 0.9661 ± 0.0170 0.9769 ± 0.0209 0.9617 ± 0.0349 0.9765 ± 0.0201 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.9611 ± 0.0196 0.9586 ± 0.0273 0.9685 ± 0.0158 0.9793 ± 0.0179 0.9654 ± 0.0309 0.9894 ± 0.0111 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.1 𝟎.𝟗𝟕𝟏𝟑 ± 𝟎.𝟎𝟏𝟖𝟓 𝟎.𝟗𝟔𝟗𝟗 ± 𝟎.𝟎𝟐𝟒𝟑 𝟎.𝟗𝟕𝟔𝟖 ± 𝟎.𝟎𝟏𝟓𝟎 𝟎.𝟗𝟖𝟒𝟑 ± 𝟎.𝟎𝟏𝟕𝟏 𝟎.𝟗𝟕𝟑𝟖 ± 𝟎.𝟎𝟐𝟗𝟓 𝟎.𝟗𝟗𝟓𝟒 ± 𝟎.𝟎𝟎𝟔𝟑 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.9576 ± 0.0228 0.9552 ± 0.0325 0.9656 ± 0.0188 0.9771 ± 0.0204 0.9624 ± 0.0336 0.9714 ± 0.0216 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.9612 ± 0.0239 0.9625 ± 0.0276 0.9688 ± 0.0190 0.9758 ± 0.0203 0.9598 ± 0.0348 0.9910 ± 0.0094 
 

XGBoost

‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.9526 ± 0.0223 0.9501 ± 0.0308 0.9615 ± 0.0186 0.9740 ± 0.0236 0.9574 ± 0.0386 0.9882 ± 0.0113 
 ‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.9727 ± 0.0173 0.9700 ± 0.0254 0.9779 ± 0.0142 0.9864 ± 0.0148 0.9774 ± 0.0248 0.9957 ± 0.0055 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.9592 ± 0.0220 0.9582 ± 0.0274 0.9670 ± 0.0181 0.9764 ± 0.0203 0.9609 ± 0.0341 0.9892 ± 0.0111 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.9736 ± 0.0162 0.9710 ± 0.0228 0.9787 ± 0.0131 0.9870 ± 0.0147 𝟎.𝟗𝟕𝟖𝟐 ± 𝟎.𝟎𝟐𝟓𝟐 0.9956 ± 0.0059 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.9618 ± 0.0205 0.9576 ± 0.0310 0.9688 ± 0.0175 0.9809 ± 0.0157 0.9688 ± 0.0260 0.9923 ± 0.0073 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.9741 ± 0.0163 0.9722 ± 0.0213 0.9791 ± 0.0133 0.9864 ± 0.0137 0.9772 ± 0.0228 0.9959 ± 0.0059 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.9655 ± 0.0197 0.9618 ± 0.0283 0.9720 ± 0.0163 0.9831 ± 0.0163 0.9719 ± 0.0278 0.9932 ± 0.0071 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 𝟎.𝟗𝟕𝟒𝟔 ± 𝟎.𝟎𝟏𝟔𝟓 𝟎.𝟗𝟕𝟑𝟎 ± 𝟎.𝟎𝟐𝟏𝟖 𝟎.𝟗𝟕𝟗𝟓 ± 𝟎.𝟎𝟏𝟑𝟓 𝟎.𝟗𝟖𝟔𝟓 ± 𝟎.𝟎𝟏𝟑𝟑 0.9775 ± 0.0221 𝟎.𝟗𝟗𝟔𝟐 ± 𝟎.𝟎𝟎𝟓𝟓 
 

LightGBM

‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.9469 ± 0.0262 0.9415 ± 0.0368 0.9567 ± 0.0216 0.9734 ± 0.0210 0.9559 ± 0.0368 0.9892 ± 0.0096 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 𝟎.𝟗𝟕𝟕𝟖 ± 𝟎.𝟎𝟏𝟔𝟏 𝟎.𝟗𝟖𝟏𝟎 ± 𝟎.𝟎𝟏𝟖𝟗 𝟎.𝟗𝟖𝟐𝟐 ± 𝟎.𝟎𝟏𝟐𝟗 0.9837 ± 0.0161 0.9727 ± 0.0272 0.9962 ± 0.0052 
 ‘n_estimators’: 100, ‘max_depth’: 7, ‘learning_rate’: 0.01 0.9491 ± 0.0215 0.9486 ± 0.0320 0.9586 ± 0.0181 0.9697 ± 0.0217 0.9491 ± 0.0383 0.9897 ± 0.0111 
 ‘n_estimators’: 100, ‘max_depth’: 7, ‘learning_rate’: 0.1 0.9762 ± 0.0169 0.9781 ± 0.0189 0.9809 ± 0.0135 0.9841 ± 0.0177 0.9734 ± 0.0302 0.9961 ± 0.0049 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.9616 ± 0.0175 0.9623 ± 0.0243 0.9689 ± 0.0143 0.9762 ± 0.0184 0.9606 ± 0.0308 0.9935 ± 0.0054 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.9770 ± 0.0152 0.9797 ± 0.0182 0.9816 ± 0.0121 0.9838 ± 0.0161 0.9730 ± 0.0274 0.9960 ± 0.0056 
 ‘n_estimators’: 200, ‘max_depth’: 7, ‘learning_rate’: 0.01 0.9652 ± 0.0185 0.9669 ± 0.0243 0.9718 ± 0.0153 0.9773 ± 0.0179 0.9621 ± 0.0306 0.9937 ± 0.0068 
 ‘n_estimators’: 200, ‘max_depth’: 7, ‘learning_rate’: 0.1 0.9774 ± 0.0154 0.9776 ± 0.0228 0.9817 ± 0.0127 𝟎.𝟗𝟖𝟔𝟒 ± 𝟎.𝟎𝟏𝟒𝟎 𝟎.𝟗𝟕𝟕𝟎 ± 𝟎.𝟎𝟐𝟑𝟖 𝟎.𝟗𝟗𝟔𝟕 ± 𝟎.𝟎𝟎𝟒𝟕 
 (continued on next page)
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Table 7 (continued).
 Model Hyperparameters Accuracy Recall F1-Score Precision Specificity AUC  
 

MLP

‘hidden_layer_sizes’: (100,), ‘activation’: ‘relu’, ‘solver’: ‘adam’ 0.9814 ± 0.0139 0.9806 ± 0.0186 0.9850 ± 0.0113 𝟎.𝟗𝟖𝟗𝟔 ± 𝟎.𝟎𝟏𝟏𝟗 𝟎.𝟗𝟖𝟐𝟕 ± 𝟎.𝟎𝟐𝟎𝟔 0.9974 ± 0.0041 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘relu’, ‘solver’: ‘sgd’ 0.9735 ± 0.0144 0.9740 ± 0.0207 0.9787 ± 0.0116 0.9837 ± 0.0131 0.9728 ± 0.0227 0.9963 ± 0.0041 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘tanh’, ‘solver’: ‘adam’ 0.9814 ± 0.0135 𝟎.𝟗𝟖𝟔𝟎 ± 𝟎.𝟎𝟏𝟒𝟕 0.9851 ± 0.0108 0.9845 ± 0.0154 0.9739 ± 0.0261 0.9966 ± 0.0050 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘tanh’, ‘solver’: ‘sgd’ 0.9725 ± 0.0174 0.9736 ± 0.0202 0.9779 ± 0.0142 0.9825 ± 0.0167 0.9706 ± 0.0281 0.9957 ± 0.0053 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘relu’, ‘solver’: ‘adam’ 0.9813 ± 0.0133 0.9822 ± 0.0184 0.9850 ± 0.0107 0.9881 ± 0.0137 0.9797 ± 0.0238 0.9969 ± 0.0042 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘relu’, ‘solver’: ‘sgd’ 0.9732 ± 0.0177 0.9747 ± 0.0225 0.9784 ± 0.0145 0.9825 ± 0.0173 0.9710 ± 0.0280 0.9951 ± 0.0057 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘tanh’, ‘solver’: ‘adam’ 𝟎.𝟗𝟖𝟐𝟓 ± 𝟎.𝟎𝟏𝟐𝟏 0.9837 ± 0.0174 𝟎.𝟗𝟖𝟔𝟎 ± 𝟎.𝟎𝟎𝟗𝟖 0.9886 ± 0.0134 0.9804 ± 0.0241 𝟎.𝟗𝟗𝟕𝟓 ± 𝟎.𝟎𝟎𝟑𝟔 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘tanh’, ‘solver’: ‘sgd’ 0.9749 ± 0.0163 0.9794 ± 0.0212 0.9798 ± 0.0132 0.9806 ± 0.0146 0.9675 ± 0.0248 0.9956 ± 0.0044 
 

PyTorch NN

‘lr’: 0.01, ‘max_epochs’: 10 0.6646 ± 0.1896 0.5987 ± 0.3807 0.6054 ± 0.3341 0.7440 ± 0.3110 0.7751 ± 0.2764 0.8633 ± 0.1240 
 ‘lr’: 0.01, ‘max_epochs’: 20 0.7654 ± 0.1707 0.7066 ± 0.3151 0.7385 ± 0.2732 0.8955 ± 0.1748 0.8631 ± 0.1848 0.9499 ± 0.0362 
 ‘lr’: 0.01, ‘max_epochs’: 50 0.9054 ± 0.0601 0.8926 ± 0.0994 0.9191 ± 0.0620 0.9572 ± 0.0404 0.9273 ± 0.0847 0.9797 ± 0.0164 
 ‘lr’: 0.1, ‘max_epochs’: 10 0.9371 ± 0.0249 0.9396 ± 0.0373 0.9489 ± 0.0209 0.9598 ± 0.0239 0.9328 ± 0.0423 0.9852 ± 0.0092 
 ‘lr’: 0.1, ‘max_epochs’: 20 0.9621 ± 0.0213 0.9707 ± 0.0259 0.9698 ± 0.0168 0.9696 ± 0.0212 0.9478 ± 0.0382 0.9923 ± 0.0082 
 ‘lr’: 0.1, ‘max_epochs’: 50 𝟎.𝟗𝟕𝟔𝟖 ± 𝟎.𝟎𝟏𝟓𝟒 𝟎.𝟗𝟕𝟕𝟐 ± 𝟎.𝟎𝟏𝟗𝟕 𝟎.𝟗𝟖𝟏𝟑 ± 𝟎.𝟎𝟏𝟐𝟓 𝟎.𝟗𝟖𝟓𝟕 ± 𝟎.𝟎𝟏𝟑𝟕 𝟎.𝟗𝟕𝟔𝟏 ± 𝟎.𝟎𝟐𝟑𝟐 𝟎.𝟗𝟗𝟔𝟒 ± 𝟎.𝟎𝟎𝟒𝟔 
Table 8
This table presents a comparative analysis of ML models for predicting car evaluation outcomes. The evaluation includes metrics such as Accuracy, Recall, F1-Score, Precision, 
Specificity, and AUC, providing a detailed perspective on each model efficacy.
 Model Hyperparameters Accuracy Recall F1-Score Precision Specificity AUC  
 

LogisticRegression

‘C’: 0.1, ‘solver’: ‘lbfgs’ 0.6747 ± 0.0297 0.6811 ± 0.0483 𝟎.𝟓𝟎𝟏𝟓 ± 𝟎.𝟎𝟑𝟒𝟐 𝟎.𝟑𝟗𝟕𝟕 ± 𝟎.𝟎𝟑𝟏𝟖 0.6727 ± 0.0359 𝟎.𝟕𝟔𝟓𝟔 ± 𝟎.𝟎𝟐𝟕𝟕 
 ‘C’: 0.1, ‘solver’: ‘liblinear’ 0.6726 ± 0.0277 𝟎.𝟔𝟖𝟓𝟎 ± 𝟎.𝟎𝟔𝟑𝟎 0.5007 ± 0.0406 0.3954 ± 0.0340 0.6687 ± 0.0306 0.7635 ± 0.0268 
 ‘C’: 1, ‘solver’: ‘lbfgs’ 0.6711 ± 0.0265 0.6778 ± 0.0560 0.4971 ± 0.0373 0.3934 ± 0.0331 0.6691 ± 0.0309 0.7612 ± 0.0260 
 ‘C’: 1, ‘solver’: ‘liblinear’ 𝟎.𝟔𝟕𝟔𝟎 ± 𝟎.𝟎𝟐𝟔𝟐 0.6672 ± 0.0563 0.4969 ± 0.0354 0.3968 ± 0.0313 𝟎.𝟔𝟕𝟖𝟖 ± 𝟎.𝟎𝟑𝟐𝟔 0.7629 ± 0.0255 
 ‘C’: 10, ‘solver’: ‘lbfgs’ 0.6729 ± 0.0279 0.6718 ± 0.0613 0.4962 ± 0.0398 0.3943 ± 0.0345 0.6733 ± 0.0323 0.7620 ± 0.0270 
 ‘C’: 10, ‘solver’: ‘liblinear’ 0.6731 ± 0.0209 0.6805 ± 0.0554 0.4993 ± 0.0334 0.3951 ± 0.0282 0.6706 ± 0.0270 0.7622 ± 0.0249 
 ‘C’: 100, ‘solver’: ‘lbfgs’ 0.6694 ± 0.0290 0.6735 ± 0.0657 0.4940 ± 0.0439 0.3909 ± 0.0369 0.6680 ± 0.0313 0.7598 ± 0.0264 
 ‘C’: 100, ‘solver’: ‘liblinear’ 0.6718 ± 0.0277 0.6653 ± 0.0550 0.4931 ± 0.0384 0.3924 ± 0.0342 0.6737 ± 0.0318 0.7616 ± 0.0280 
 

SVM

‘C’: 1, ‘kernel’: ‘linear’, ‘gamma’: ‘auto’ 0.6607 ± 0.0310 0.7356 ± 0.0570 0.5101 ± 0.0389 0.3913 ± 0.0350 0.6371 ± 0.0359 0.7599 ± 0.0304 
 ‘C’: 1, ‘kernel’: ‘linear’, ‘gamma’: ‘scale’ 0.6629 ± 0.0269 0.7473 ± 0.0592 0.5153 ± 0.0353 0.3940 ± 0.0305 0.6360 ± 0.0349 0.7636 ± 0.0289 
 ‘C’: 1, ‘kernel’: ‘rbf’, ‘gamma’: ‘auto’ 0.8951 ± 0.0195 0.9923 ± 0.0124 0.8202 ± 0.0287 0.7002 ± 0.0428 0.8644 ± 0.0264 0.9907 ± 0.0044 
 ‘C’: 1, ‘kernel’: ‘rbf’, ‘gamma’: ‘scale’ 0.8929 ± 0.0207 𝟎.𝟗𝟗𝟓𝟑 ± 𝟎.𝟎𝟏𝟏𝟑 0.8176 ± 0.0306 0.6949 ± 0.0441 0.8605 ± 0.0272 0.9906 ± 0.0046 
 ‘C’: 10, ‘kernel’: ‘linear’, ‘gamma’: ‘auto’ 0.6580 ± 0.0294 0.7410 ± 0.0570 0.5098 ± 0.0352 0.3894 ± 0.0308 0.6317 ± 0.0378 0.7565 ± 0.0270 
 ‘C’: 10, ‘kernel’: ‘linear’, ‘gamma’: ‘scale’ 0.6614 ± 0.0302 0.7427 ± 0.0582 0.5129 ± 0.0399 0.3924 ± 0.0349 0.6356 ± 0.0356 0.7596 ± 0.0282 
 ‘C’: 10, ‘kernel’: ‘rbf’, ‘gamma’: ‘auto’ 𝟎.𝟗𝟕𝟐𝟓 ± 𝟎.𝟎𝟏𝟒𝟏 0.9949 ± 0.0095 𝟎.𝟗𝟒𝟔𝟎 ± 𝟎.𝟎𝟐𝟔𝟓 𝟎.𝟗𝟎𝟐𝟖 ± 𝟎.𝟎𝟒𝟔𝟏 𝟎.𝟗𝟔𝟓𝟓 ± 𝟎.𝟎𝟏𝟖𝟏 𝟎.𝟗𝟗𝟔𝟗 ± 𝟎.𝟎𝟎𝟑𝟑 
 ‘C’: 10, ‘kernel’: ‘rbf’, ‘gamma’: ‘scale’ 0.9708 ± 0.0122 0.9941 ± 0.0105 0.9425 ± 0.0236 0.8970 ± 0.0406 0.9635 ± 0.0155 0.9965 ± 0.0034 
 

RandomForest

‘n_estimators’: 100, ‘max_depth’: 10, ‘min_samples_split’: 10 0.9415 ± 0.0177 0.9941 ± 0.0131 0.8915 ± 0.0301 0.8096 ± 0.0500 0.9249 ± 0.0235 0.9953 ± 0.0033 
 ‘n_estimators’: 100, ‘max_depth’: 10, ‘min_samples_split’: 2 0.9565 ± 0.0147 0.9944 ± 0.0106 0.9168 ± 0.0271 0.8516 ± 0.0457 0.9446 ± 0.0191 0.9975 ± 0.0019 
 ‘n_estimators’: 100, ‘max_depth’: None, ‘min_samples_split’: 10 0.9412 ± 0.0177 𝟎.𝟗𝟗𝟔𝟓 ± 𝟎.𝟎𝟎𝟕𝟐 0.8910 ± 0.0309 0.8071 ± 0.0499 0.9238 ± 0.0229 0.9955 ± 0.0028 
 ‘n_estimators’: 100, ‘max_depth’: None, ‘min_samples_split’: 2 𝟎.𝟗𝟔𝟎𝟓 ± 𝟎.𝟎𝟏𝟔𝟑 0.9954 ± 0.0111 𝟎.𝟗𝟐𝟒𝟏 ± 𝟎.𝟎𝟐𝟗𝟗 𝟎.𝟖𝟔𝟑𝟖 ± 𝟎.𝟎𝟓𝟎𝟓 𝟎.𝟗𝟒𝟗𝟓 ± 𝟎.𝟎𝟐𝟏𝟎 𝟎.𝟗𝟗𝟕𝟗 ± 𝟎.𝟎𝟎𝟏𝟗 
 ‘n_estimators’: 200, ‘max_depth’: 10, ‘min_samples_split’: 10 0.9423 ± 0.0177 0.9951 ± 0.0101 0.8927 ± 0.0308 0.8108 ± 0.0492 0.9257 ± 0.0227 0.9957 ± 0.0034 
 ‘n_estimators’: 200, ‘max_depth’: 10, ‘min_samples_split’: 2 0.9568 ± 0.0134 0.9952 ± 0.0104 0.9173 ± 0.0249 0.8515 ± 0.0411 0.9446 ± 0.0171 0.9978 ± 0.0020 
 ‘n_estimators’: 200, ‘max_depth’: None, ‘min_samples_split’: 10 0.9403 ± 0.0187 0.9965 ± 0.0081 0.8897 ± 0.0318 0.8053 ± 0.0522 0.9226 ± 0.0247 0.9959 ± 0.0029 
 ‘n_estimators’: 200, ‘max_depth’: None, ‘min_samples_split’: 2 0.9556 ± 0.0141 0.9962 ± 0.0085 0.9154 ± 0.0252 0.8479 ± 0.0429 0.9427 ± 0.0187 0.9978 ± 0.0017 
 

GradientBoosting

‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.8422 ± 0.0169 1.0000 ± 0.0000 0.7529 ± 0.0234 0.6042 ± 0.0302 0.7924 ± 0.0219 0.9509 ± 0.0138 
 ‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.9668 ± 0.0105 0.9982 ± 0.0066 0.9353 ± 0.0202 0.8806 ± 0.0353 0.9569 ± 0.0137 0.9969 ± 0.0031 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.9248 ± 0.0175 0.9958 ± 0.0180 0.8645 ± 0.0294 0.7651 ± 0.0453 0.9024 ± 0.0229 0.9874 ± 0.0061 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.9819 ± 0.0105 0.9966 ± 0.0095 0.9636 ± 0.0208 0.9335 ± 0.0368 0.9773 ± 0.0131 𝟎.𝟗𝟗𝟖𝟓 ± 𝟎.𝟎𝟎𝟏𝟖 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.8613 ± 0.0257 𝟎.𝟗𝟗𝟗𝟏 ± 𝟎.𝟎𝟎𝟗𝟒 0.7768 ± 0.0335 0.6366 ± 0.0446 0.8177 ± 0.0339 0.9765 ± 0.0109 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.9814 ± 0.0093 0.9984 ± 0.0050 0.9629 ± 0.0185 0.9303 ± 0.0335 0.9761 ± 0.0119 0.9981 ± 0.0030 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.9406 ± 0.0174 0.9982 ± 0.0090 0.8904 ± 0.0294 0.8050 ± 0.0478 0.9225 ± 0.0228 0.9940 ± 0.0035 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 𝟎.𝟗𝟖𝟐𝟔 ± 𝟎.𝟎𝟏𝟎𝟐 0.9950 ± 0.0091 𝟎.𝟗𝟔𝟓𝟏 ± 𝟎.𝟎𝟐𝟎𝟎 𝟎.𝟗𝟑𝟕𝟒 ± 𝟎.𝟎𝟑𝟒𝟎 𝟎.𝟗𝟕𝟖𝟔 ± 𝟎.𝟎𝟏𝟐𝟑 0.9984 ± 0.0027 
 

XGBoost

‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.8436 ± 0.0215 𝟏.𝟎𝟎𝟎𝟎 ± 𝟎.𝟎𝟎𝟎𝟎 0.7549 ± 0.0280 0.6071 ± 0.0361 0.7942 ± 0.0281 0.9471 ± 0.0168 
 ‘n_estimators’: 100, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.9571 ± 0.0141 0.9991 ± 0.0043 0.9185 ± 0.0252 0.8509 ± 0.0431 0.9439 ± 0.0186 0.9958 ± 0.0038 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.9087 ± 0.0227 0.9957 ± 0.0142 0.8406 ± 0.0344 0.7288 ± 0.0503 0.8812 ± 0.0295 0.9795 ± 0.0093 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.9723 ± 0.0112 0.9989 ± 0.0041 0.9455 ± 0.0213 0.8984 ± 0.0384 0.9638 ± 0.0148 0.9981 ± 0.0022 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.01 0.8528 ± 0.0232 𝟏.𝟎𝟎𝟎𝟎 ± 𝟎.𝟎𝟎𝟎𝟎 0.7661 ± 0.0308 0.6218 ± 0.0402 0.8063 ± 0.0302 0.9720 ± 0.0118 
 ‘n_estimators’: 200, ‘max_depth’: 3, ‘learning_rate’: 0.1 0.9707 ± 0.0124 0.9993 ± 0.0045 0.9428 ± 0.0231 0.8932 ± 0.0410 0.9617 ± 0.0163 0.9978 ± 0.0032 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.9139 ± 0.0226 0.9991 ± 0.0043 0.8488 ± 0.0356 0.7396 ± 0.0545 0.8871 ± 0.0298 0.9847 ± 0.0084 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 𝟎.𝟗𝟕𝟗𝟎 ± 𝟎.𝟎𝟏𝟏𝟎 0.9955 ± 0.0103 𝟎.𝟗𝟓𝟖𝟏 ± 𝟎.𝟎𝟐𝟏𝟒 𝟎.𝟗𝟐𝟒𝟑 ± 𝟎.𝟎𝟑𝟗𝟒 𝟎.𝟗𝟕𝟑𝟕 ± 𝟎.𝟎𝟏𝟒𝟓 𝟎.𝟗𝟗𝟖𝟑 ± 𝟎.𝟎𝟎𝟏𝟕 
 

LightGBM

‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.8664 ± 0.0197 0.9859 ± 0.0254 0.7803 ± 0.0286 0.6467 ± 0.0382 0.8286 ± 0.0270 0.9685 ± 0.0094 
 ‘n_estimators’: 100, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.9786 ± 0.0103 0.9967 ± 0.0107 0.9574 ± 0.0202 0.9218 ± 0.0353 0.9729 ± 0.0131 0.9984 ± 0.0023 
 ‘n_estimators’: 100, ‘max_depth’: 7, ‘learning_rate’: 0.01 0.8750 ± 0.0219 0.9862 ± 0.0240 0.7918 ± 0.0312 0.6628 ± 0.0434 0.8398 ± 0.0297 0.9728 ± 0.0092 
 ‘n_estimators’: 100, ‘max_depth’: 7, ‘learning_rate’: 0.1 0.9790 ± 0.0111 0.9974 ± 0.0065 0.9582 ± 0.0211 0.9229 ± 0.0387 0.9732 ± 0.0146 0.9980 ± 0.0021 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.01 0.9074 ± 0.0263 0.9971 ± 0.0094 0.8394 ± 0.0396 0.7268 ± 0.0589 0.8790 ± 0.0346 0.9847 ± 0.0078 
 ‘n_estimators’: 200, ‘max_depth’: 5, ‘learning_rate’: 0.1 0.9811 ± 0.0103 0.9965 ± 0.0107 0.9621 ± 0.0206 0.9306 ± 0.0358 0.9763 ± 0.0127 0.9982 ± 0.0025 
 ‘n_estimators’: 200, ‘max_depth’: 7, ‘learning_rate’: 0.01 0.9170 ± 0.0260 0.9967 ± 0.0079 0.8536 ± 0.0401 0.7486 ± 0.0611 0.8919 ± 0.0339 0.9880 ± 0.0063 
 ‘n_estimators’: 200, ‘max_depth’: 7, ‘learning_rate’: 0.1 𝟎.𝟗𝟖𝟒𝟐 ± 𝟎.𝟎𝟎𝟗𝟖 𝟎.𝟗𝟗𝟕𝟕 ± 𝟎.𝟎𝟎𝟓𝟗 𝟎.𝟗𝟔𝟖𝟑 ± 𝟎.𝟎𝟏𝟖𝟗 𝟎.𝟗𝟒𝟏𝟐 ± 𝟎.𝟎𝟑𝟓𝟑 𝟎.𝟗𝟕𝟗𝟗 ± 𝟎.𝟎𝟏𝟐𝟗 𝟎.𝟗𝟗𝟖𝟗 ± 𝟎.𝟎𝟎𝟏𝟕 
 (continued on next page)
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Table 8 (continued).
 Model Hyperparameters Accuracy Recall F1-Score Precision Specificity AUC  
 

MLP

‘hidden_layer_sizes’: (100,), ‘activation’: ‘relu’, ‘solver’: ‘adam’ 0.9652 ± 0.0163 𝟎.𝟗𝟗𝟐𝟎 ± 𝟎.𝟎𝟏𝟐𝟔 0.9322 ± 0.0298 0.8806 ± 0.0490 0.9568 ± 0.0207 𝟎.𝟗𝟗𝟓𝟕 ± 𝟎.𝟎𝟎𝟒𝟏 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘relu’, ‘solver’: ‘sgd’ 0.8723 ± 0.0252 0.9798 ± 0.0197 0.7870 ± 0.0387 0.6593 ± 0.0519 0.8384 ± 0.0316 0.9613 ± 0.0129 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘tanh’, ‘solver’: ‘adam’ 0.9097 ± 0.1034 0.9380 ± 0.1275 0.8454 ± 0.1581 0.7742 ± 0.1728 0.9007 ± 0.0975 0.9570 ± 0.0826 
 ‘hidden_layer_sizes’: (100,), ‘activation’: ‘tanh’, ‘solver’: ‘sgd’ 0.6710 ± 0.0243 0.6945 ± 0.0598 0.5028 ± 0.0392 0.3948 ± 0.0330 0.6633 ± 0.0275 0.7618 ± 0.0279 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘relu’, ‘solver’: ‘adam’ 𝟎.𝟗𝟔𝟓𝟗 ± 𝟎.𝟎𝟏𝟖𝟎 0.9867 ± 0.0138 𝟎.𝟗𝟑𝟑𝟒 ± 𝟎.𝟎𝟑𝟐𝟐 𝟎.𝟖𝟖𝟕𝟓 ± 𝟎.𝟎𝟓𝟓𝟑 𝟎.𝟗𝟓𝟗𝟑 ± 𝟎.𝟎𝟐𝟑𝟔 0.9950 ± 0.0051 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘relu’, ‘solver’: ‘sgd’ 0.9066 ± 0.0197 0.9838 ± 0.0182 0.8354 ± 0.0324 0.7273 ± 0.0477 0.8823 ± 0.0258 0.9788 ± 0.0085 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘tanh’, ‘solver’: ‘adam’ 0.9501 ± 0.0487 0.9853 ± 0.0388 0.9086 ± 0.0692 0.8462 ± 0.0894 0.9390 ± 0.0547 0.9869 ± 0.0339 
 ‘hidden_layer_sizes’: (50, 50), ‘activation’: ‘tanh’, ‘solver’: ‘sgd’ 0.7389 ± 0.0958 0.7842 ± 0.1426 0.5958 ± 0.1396 0.4829 ± 0.1315 0.7245 ± 0.0848 0.8269 ± 0.0914 
 

PyTorch NN

’lr’: 0.01, ’max_epochs’: 10 0.5077 ± 0.1932 0.5929 ± 0.3667 0.3220 ± 0.1334 0.2823 ± 0.1129 0.4804 ± 0.3616 0.5908 ± 0.0858 
 ’lr’: 0.01, ’max_epochs’: 20 0.5652 ± 0.1758 0.5501 ± 0.3192 0.3455 ± 0.1140 0.3252 ± 0.1127 0.5722 ± 0.3228 0.6399 ± 0.0672 
 ’lr’: 0.01, ’max_epochs’: 50 0.6161 ± 0.1109 0.7145 ± 0.1812 0.4714 ± 0.0589 0.3721 ± 0.0665 0.5847 ± 0.1907 0.7255 ± 0.0505 
 ’lr’: 0.1, ’max_epochs’: 10 0.6622 ± 0.0407 0.7596 ± 0.0852 0.5190 ± 0.0418 0.3962 ± 0.0364 0.6309 ± 0.0640 0.7639 ± 0.0332 
 ’lr’: 0.1, ’max_epochs’: 20 0.6852 ± 0.0299 0.7418 ± 0.0646 0.5306 ± 0.0363 0.4144 ± 0.0332 0.6673 ± 0.0409 0.7848 ± 0.0273 
 ’lr’: 0.1, ’max_epochs’: 50 𝟎.𝟕𝟒𝟖𝟓 ± 𝟎.𝟎𝟑𝟗𝟕 𝟎.𝟖𝟕𝟓𝟔 ± 𝟎.𝟎𝟓𝟖𝟕 𝟎.𝟔𝟐𝟔𝟕 ± 𝟎.𝟎𝟒𝟖𝟓 𝟎.𝟒𝟗𝟎𝟑 ± 𝟎.𝟎𝟓𝟑𝟓 𝟎.𝟕𝟎𝟖𝟒 ± 𝟎.𝟎𝟓𝟏𝟑 𝟎.𝟖𝟔𝟔𝟗 ± 𝟎.𝟎𝟑𝟒𝟔 
Table 9
This table presents a comparative analysis of ML models for predicting Santander customer satisfaction outcomes. The evaluation includes metrics such as Accuracy, Recall, F1-Score, 
Precision, Specificity, and AUC, providing a detailed perspective on each model efficacy.
 Model Hyperparameters Accuracy Recall F1-Score Precision Specificity AUC  
 

LogisticRegression

’C’: 0.1, ’solver’: ’lbfgs’ 0.6856 ± 0.0101 0.7630 ± 0.0179 0.1605 ± 0.0052 0.0897 ± 0.0032 0.6824 ± 0.0107 𝟎.𝟖𝟎𝟎𝟑 ± 𝟎.𝟎𝟎𝟕𝟕 
 ’C’: 0.1, ’solver’: ’liblinear’ 0.6868 ± 0.0110 0.7603 ± 0.0161 0.1606 ± 0.0062 0.0898 ± 0.0038 0.6838 ± 0.0116 0.7997 ± 0.0082 
 ’C’: 1, ’solver’: ’lbfgs’ 𝟎.𝟔𝟖𝟖𝟖 ± 𝟎.𝟎𝟏𝟎𝟐 0.7615 ± 0.0195 0.1616 ± 0.0051 𝟎.𝟎𝟗𝟎𝟒 ± 𝟎.𝟎𝟎𝟑𝟏 𝟎.𝟔𝟖𝟓𝟖 ± 𝟎.𝟎𝟏𝟎𝟖 0.7975 ± 0.0087 
 ’C’: 1, ’solver’: ’liblinear’ 0.6845 ± 0.0109 0.7523 ± 0.0201 0.1582 ± 0.0070 0.0884 ± 0.0041 0.6817 ± 0.0111 0.7924 ± 0.0093 
 ’C’: 10, ’solver’: ’lbfgs’ 0.6868 ± 0.0081 0.7671 ± 0.0205 𝟎.𝟏𝟔𝟏𝟕 ± 𝟎.𝟎𝟎𝟔𝟎 0.0904 ± 0.0035 0.6836 ± 0.0083 0.7966 ± 0.0086 
 ’C’: 10, ’solver’: ’liblinear’ 0.6823 ± 0.0100 𝟎.𝟕𝟔𝟗𝟐 ± 𝟎.𝟎𝟏𝟖𝟒 0.1602 ± 0.0052 0.0894 ± 0.0032 0.6788 ± 0.0107 0.7964 ± 0.0092 
 ’C’: 100, ’solver’: ’lbfgs’ 0.6879 ± 0.0104 0.7604 ± 0.0196 0.1610 ± 0.0045 0.0900 ± 0.0028 0.6850 ± 0.0111 0.7943 ± 0.0105 
 ’C’: 100, ’solver’: ’liblinear’ 0.6886 ± 0.0132 0.7608 ± 0.0181 0.1615 ± 0.0083 0.0904 ± 0.0050 0.6857 ± 0.0136 0.7953 ± 0.0103 
 

SVM

’C’: 1, ’kernel’: ’linear’, ’gamma’: ’auto’ 0.6744 ± 0.0079 0.7576 ± 0.0184 0.1548 ± 0.0041 0.0862 ± 0.0025 0.6710 ± 0.0086 0.7946 ± 0.0070 
 ’C’: 1, ’kernel’: ’linear’, ’gamma’: ’scale’ 0.6791 ± 0.0105 0.7528 ± 0.0260 0.1559 ± 0.0051 0.0870 ± 0.0030 0.6760 ± 0.0115 0.7956 ± 0.0099 
 ’C’: 1, ’kernel’: ’rbf’, ’gamma’: ’auto’ 𝟎.𝟔𝟗𝟖𝟔 ± 𝟎.𝟎𝟏𝟏𝟑 0.7271 ± 0.0233 0.1597 ± 0.0053 0.0897 ± 0.0033 𝟎.𝟔𝟗𝟕𝟒 ± 𝟎.𝟎𝟏𝟐𝟒 0.7986 ± 0.0089 
 ’C’: 1, ’kernel’: ’rbf’, ’gamma’: ’scale’ 0.6941 ± 0.0080 0.7406 ± 0.0256 0.1601 ± 0.0065 0.0898 ± 0.0038 0.6922 ± 0.0085 0.8014 ± 0.0111 
 ’C’: 10, ’kernel’: ’linear’, ’gamma’: ’auto’ 0.6778 ± 0.0079 0.7411 ± 0.0269 0.1533 ± 0.0051 0.0855 ± 0.0029 0.6752 ± 0.0088 0.7876 ± 0.0100 
 ’C’: 10, ’kernel’: ’linear’, ’gamma’: ’scale’ 0.6769 ± 0.0072 0.7460 ± 0.0217 0.1538 ± 0.0039 0.0857 ± 0.0023 0.6741 ± 0.0080 0.7902 ± 0.0067 
 ’C’: 10, ’kernel’: ’rbf’, ’gamma’: ’auto’ 0.6815 ± 0.0076 0.7763 ± 0.0215 0.1610 ± 0.0060 0.0898 ± 0.0035 0.6776 ± 0.0078 0.8115 ± 0.0120 
 ’C’: 10, ’kernel’: ’rbf’, ’gamma’: ’scale’ 0.6877 ± 0.0106 𝟎.𝟕𝟖𝟓𝟔 ± 𝟎.𝟎𝟏𝟖𝟕 𝟎.𝟏𝟔𝟓𝟒 ± 𝟎.𝟎𝟎𝟓𝟖 𝟎.𝟎𝟗𝟐𝟒 ± 𝟎.𝟎𝟎𝟑𝟔 0.6837 ± 0.0113 𝟎.𝟖𝟏𝟕𝟕 ± 𝟎.𝟎𝟎𝟗𝟏 
 

RandomForest

’n_estimators’: 100, ’max_depth’: 10, ’min_samples_split’: 10 0.7528 ± 0.0214 0.8010 ± 0.0323 𝟎.𝟐𝟎𝟑𝟖 ± 𝟎.𝟎𝟎𝟗𝟖 𝟎.𝟏𝟏𝟔𝟗 ± 𝟎.𝟎𝟎𝟔𝟖 0.7508 ± 0.0233 0.8320 ± 0.0080 
 ’n_estimators’: 100, ’max_depth’: 10, ’min_samples_split’: 2 𝟎.𝟕𝟓𝟓𝟓 ± 𝟎.𝟎𝟎𝟔𝟗 0.7826 ± 0.0179 0.2013 ± 0.0057 0.1155 ± 0.0037 𝟎.𝟕𝟓𝟒𝟒 ± 𝟎.𝟎𝟎𝟕𝟑 0.8370 ± 0.0086 
 ’n_estimators’: 100, ’max_depth’: None, ’min_samples_split’: 10 0.7467 ± 0.0256 0.8101 ± 0.0266 0.2021 ± 0.0127 0.1156 ± 0.0085 0.7441 ± 0.0274 𝟎.𝟖𝟑𝟕𝟖 ± 𝟎.𝟎𝟏𝟎𝟑 
 ’n_estimators’: 100, ’max_depth’: None, ’min_samples_split’: 2 0.7531 ± 0.0060 0.7758 ± 0.0168 0.1983 ± 0.0056 0.1137 ± 0.0036 0.7521 ± 0.0065 0.8323 ± 0.0060 
 ’n_estimators’: 200, ’max_depth’: 10, ’min_samples_split’: 10 0.7460 ± 0.0205 0.7967 ± 0.0294 0.1986 ± 0.0090 0.1135 ± 0.0061 0.7439 ± 0.0223 0.8210 ± 0.0109 
 ’n_estimators’: 200, ’max_depth’: 10, ’min_samples_split’: 2 0.7477 ± 0.0081 0.7944 ± 0.0167 0.1987 ± 0.0069 0.1136 ± 0.0045 0.7458 ± 0.0087 0.8283 ± 0.0063 
 ’n_estimators’: 200, ’max_depth’: None, ’min_samples_split’: 10 0.7435 ± 0.0202 𝟎.𝟖𝟏𝟐𝟑 ± 𝟎.𝟎𝟐𝟓𝟎 0.2001 ± 0.0090 0.1142 ± 0.0062 0.7407 ± 0.0219 0.8282 ± 0.0054 
 ’n_estimators’: 200, ’max_depth’: None, ’min_samples_split’: 2 0.7466 ± 0.0098 0.7858 ± 0.0207 0.1964 ± 0.0073 0.1122 ± 0.0046 0.7450 ± 0.0104 0.8279 ± 0.0106 
 

GradientBoosting

’n_estimators’: 100, ’max_depth’: 3, ’learning_rate’: 0.01 0.7500 ± 0.0211 0.7677 ± 0.0296 0.1953 ± 0.0112 0.1120 ± 0.0074 0.7493 ± 0.0227 0.8295 ± 0.0091 
 ’n_estimators’: 100, ’max_depth’: 3, ’learning_rate’: 0.1 0.7663 ± 0.0089 0.7979 ± 0.0176 0.2120 ± 0.0069 0.1222 ± 0.0046 0.7650 ± 0.0097 0.8545 ± 0.0078 
 ’n_estimators’: 100, ’max_depth’: 5, ’learning_rate’: 0.01 0.7710 ± 0.0111 0.7698 ± 0.0216 0.2094 ± 0.0081 0.1212 ± 0.0054 0.7710 ± 0.0119 0.8446 ± 0.0074 
 ’n_estimators’: 100, ’max_depth’: 5, ’learning_rate’: 0.1 0.7756 ± 0.0085 0.8196 ± 0.0213 0.2235 ± 0.0070 0.1294 ± 0.0046 0.7738 ± 0.0093 0.8685 ± 0.0067 
 ’n_estimators’: 200, ’max_depth’: 3, ’learning_rate’: 0.01 0.7518 ± 0.0150 0.7731 ± 0.0267 0.1972 ± 0.0072 0.1130 ± 0.0048 0.7509 ± 0.0165 0.8370 ± 0.0071 
 ’n_estimators’: 200, ’max_depth’: 3, ’learning_rate’: 0.1 0.7676 ± 0.0094 0.8029 ± 0.0183 0.2139 ± 0.0059 0.1234 ± 0.0040 0.7661 ± 0.0102 0.8563 ± 0.0071 
 ’n_estimators’: 200, ’max_depth’: 5, ’learning_rate’: 0.01 0.7695 ± 0.0081 0.7901 ± 0.0196 0.2126 ± 0.0075 0.1229 ± 0.0048 0.7687 ± 0.0085 0.8512 ± 0.0071 
 ’n_estimators’: 200, ’max_depth’: 5, ’learning_rate’: 0.1 𝟎.𝟕𝟕𝟗𝟏 ± 𝟎.𝟎𝟎𝟓𝟗 𝟎.𝟖𝟒𝟎𝟗 ± 𝟎.𝟎𝟏𝟓𝟎 𝟎.𝟐𝟑𝟎𝟕 ± 𝟎.𝟎𝟎𝟔𝟗 𝟎.𝟏𝟑𝟑𝟕 ± 𝟎.𝟎𝟎𝟒𝟓 𝟎.𝟕𝟕𝟔𝟔 ± 𝟎.𝟎𝟎𝟔𝟑 𝟎.𝟖𝟕𝟕𝟑 ± 𝟎.𝟎𝟎𝟕𝟑 
 

XGBoost

’n_estimators’: 100, ’max_depth’: 3, ’learning_rate’: 0.01 0.7389 ± 0.0143 0.7685 ± 0.0209 0.1884 ± 0.0077 0.1074 ± 0.0051 0.7376 ± 0.0154 0.8267 ± 0.0082 
 ’n_estimators’: 100, ’max_depth’: 3, ’learning_rate’: 0.1 0.7611 ± 0.0068 0.7878 ± 0.0183 0.2062 ± 0.0056 0.1186 ± 0.0036 0.7600 ± 0.0074 0.8491 ± 0.0081 
 ’n_estimators’: 100, ’max_depth’: 5, ’learning_rate’: 0.01 0.7700 ± 0.0156 0.7705 ± 0.0171 0.2092 ± 0.0106 0.1211 ± 0.0072 0.7700 ± 0.0166 0.8427 ± 0.0067 
 ’n_estimators’: 100, ’max_depth’: 5, ’learning_rate’: 0.1 0.7734 ± 0.0055 0.7983 ± 0.0189 0.2171 ± 0.0047 0.1257 ± 0.0031 0.7724 ± 0.0059 0.8618 ± 0.0073 
 ’n_estimators’: 200, ’max_depth’: 3, ’learning_rate’: 0.01 0.7477 ± 0.0161 0.7750 ± 0.0268 0.1951 ± 0.0088 0.1117 ± 0.0059 0.7466 ± 0.0175 0.8360 ± 0.0078 
 ’n_estimators’: 200, ’max_depth’: 3, ’learning_rate’: 0.1 0.7672 ± 0.0110 0.8012 ± 0.0209 0.2134 ± 0.0074 0.1231 ± 0.0050 0.7658 ± 0.0121 0.8573 ± 0.0068 
 ’n_estimators’: 200, ’max_depth’: 5, ’learning_rate’: 0.01 0.7689 ± 0.0088 0.7803 ± 0.0189 0.2101 ± 0.0053 0.1214 ± 0.0036 0.7685 ± 0.0097 0.8495 ± 0.0051 
 ’n_estimators’: 200, ’max_depth’: 5, ’learning_rate’: 0.1 𝟎.𝟕𝟕𝟕𝟒 ± 𝟎.𝟎𝟎𝟕𝟎 𝟎.𝟖𝟐𝟒𝟐 ± 𝟎.𝟎𝟐𝟐𝟐 𝟎.𝟐𝟐𝟓𝟕 ± 𝟎.𝟎𝟎𝟓𝟔 𝟎.𝟏𝟑𝟎𝟖 ± 𝟎.𝟎𝟎𝟑𝟕 𝟎.𝟕𝟕𝟓𝟓 ± 𝟎.𝟎𝟎𝟕𝟗 𝟎.𝟖𝟕𝟎𝟒 ± 𝟎.𝟎𝟎𝟓𝟗 
 

LightGBM

’n_estimators’: 100, ’max_depth’: 5, ’learning_rate’: 0.01 0.7716 ± 0.0116 0.7621 ± 0.0243 0.2082 ± 0.0085 0.1206 ± 0.0055 0.7720 ± 0.0125 0.8413 ± 0.0099 
 ’n_estimators’: 100, ’max_depth’: 5, ’learning_rate’: 0.1 0.7720 ± 0.0108 0.8075 ± 0.0168 0.2182 ± 0.0077 0.1262 ± 0.0052 0.7705 ± 0.0117 0.8622 ± 0.0068 
 ’n_estimators’: 100, ’max_depth’: 7, ’learning_rate’: 0.01 0.7708 ± 0.0093 0.7759 ± 0.0148 0.2106 ± 0.0072 0.1219 ± 0.0048 0.7706 ± 0.0099 0.8453 ± 0.0075 
 ’n_estimators’: 100, ’max_depth’: 7, ’learning_rate’: 0.1 0.7762 ± 0.0070 0.8229 ± 0.0132 0.2246 ± 0.0081 0.1301 ± 0.0053 0.7743 ± 0.0071 0.8706 ± 0.0070 
 ’n_estimators’: 200, ’max_depth’: 5, ’learning_rate’: 0.01 0.7652 ± 0.0147 0.7862 ± 0.0174 0.2090 ± 0.0110 0.1206 ± 0.0073 0.7643 ± 0.0155 0.8497 ± 0.0084 
 ’n_estimators’: 200, ’max_depth’: 5, ’learning_rate’: 0.1 0.7789 ± 0.0091 0.8245 ± 0.0197 0.2271 ± 0.0087 0.1317 ± 0.0058 0.7770 ± 0.0097 0.8712 ± 0.0078 
 ’n_estimators’: 200, ’max_depth’: 7, ’learning_rate’: 0.01 0.7671 ± 0.0087 0.7924 ± 0.0190 0.2114 ± 0.0063 0.1220 ± 0.0042 0.7661 ± 0.0095 0.8537 ± 0.0054 
 ’n_estimators’: 200, ’max_depth’: 7, ’learning_rate’: 0.1 𝟎.𝟕𝟖𝟎𝟔 ± 𝟎.𝟎𝟎𝟓𝟒 𝟎.𝟖𝟒𝟐𝟒 ± 𝟎.𝟎𝟏𝟗𝟑 𝟎.𝟐𝟑𝟐𝟏 ± 𝟎.𝟎𝟎𝟔𝟕 𝟎.𝟏𝟑𝟒𝟔 ± 𝟎.𝟎𝟎𝟒𝟑 𝟎.𝟕𝟕𝟖𝟏 ± 𝟎.𝟎𝟎𝟓𝟖 𝟎.𝟖𝟕𝟖𝟖 ± 𝟎.𝟎𝟎𝟗𝟒 
 

MLP

’hidden_layer_sizes’: (100,), ’activation’: ’relu’, ’solver’: ’adam’ 0.7353 ± 0.0115 0.7672 ± 0.0240 0.1859 ± 0.0069 0.1058 ± 0.0044 0.7340 ± 0.0122 0.8388 ± 0.0075 
 ’hidden_layer_sizes’: (100,), ’activation’: ’relu’, ’solver’: ’sgd’ 0.7499 ± 0.0193 0.7758 ± 0.0180 0.1969 ± 0.0109 0.1129 ± 0.0074 0.7489 ± 0.0205 0.8467 ± 0.0056 
 ’hidden_layer_sizes’: (100,), ’activation’: ’tanh’, ’solver’: ’adam’ 0.7987 ± 0.0064 0.8304 ± 0.0120 0.2453 ± 0.0077 0.1439 ± 0.0051 0.7974 ± 0.0065 0.8843 ± 0.0053 
 ’hidden_layer_sizes’: (100,), ’activation’: ’tanh’, ’solver’: ’sgd’ 0.8082 ± 0.0084 0.8509 ± 0.0170 0.2590 ± 0.0098 0.1528 ± 0.0066 0.8064 ± 0.0088 0.9016 ± 0.0076 
 ’hidden_layer_sizes’: (50, 50), ’activation’: ’relu’, ’solver’: ’adam’ 0.7430 ± 0.0086 0.7646 ± 0.0120 0.1899 ± 0.0060 0.1084 ± 0.0040 0.7421 ± 0.0093 0.8399 ± 0.0071 
 ’hidden_layer_sizes’: (50, 50), ’activation’: ’relu’, ’solver’: ’sgd’ 0.7421 ± 0.0159 0.7658 ± 0.0145 0.1899 ± 0.0105 0.1085 ± 0.0069 0.7411 ± 0.0167 0.8431 ± 0.0071 
 ’hidden_layer_sizes’: (50, 50), ’activation’: ’tanh’, ’solver’: ’adam’ 0.7983 ± 0.0063 0.8280 ± 0.0166 0.2443 ± 0.0074 0.1433 ± 0.0050 0.7971 ± 0.0068 0.8837 ± 0.0067 
 ’hidden_layer_sizes’: (50, 50), ’activation’: ’tanh’, ’solver’: ’sgd’ 𝟎.𝟖𝟎𝟖𝟓 ± 𝟎.𝟎𝟎𝟔𝟖 𝟎.𝟖𝟓𝟔𝟖 ± 𝟎.𝟎𝟏𝟕𝟐 𝟎.𝟐𝟔𝟎𝟔 ± 𝟎.𝟎𝟎𝟗𝟒 𝟎.𝟏𝟓𝟑𝟕 ± 𝟎.𝟎𝟎𝟔𝟒 𝟎.𝟖𝟎𝟔𝟓 ± 𝟎.𝟎𝟎𝟕𝟏 𝟎.𝟗𝟎𝟑𝟒 ± 𝟎.𝟎𝟎𝟔𝟔 
 

PyTorch NN

’max_epochs’: 100, ’module__activation’: ELU(alpha=1.0) 0.7122 ± 0.0629 0.8147 ± 0.0543 0.1824 ± 0.0120 0.1027 ± 0.0077 0.7080 ± 0.0674 0.8286 ± 0.0130 
 ’max_epochs’: 100, ’module__activation’: LeakyReLU(negative_slope=0.01) 0.7725 ± 0.0111 0.7663 ± 0.0235 0.2097 ± 0.0055 0.1215 ± 0.0033 0.7727 ± 0.0121 0.8212 ± 0.0116 
 ’max_epochs’: 100, ’module__activation’: ReLU() 𝟎.𝟕𝟕𝟕𝟎 ± 𝟎.𝟎𝟏𝟐𝟎 𝟎.𝟖𝟏𝟏𝟒 ± 𝟎.𝟎𝟐𝟑𝟓 𝟎.𝟐𝟐𝟐𝟖 ± 𝟎.𝟎𝟎𝟓𝟒 𝟎.𝟏𝟐𝟗𝟐 ± 𝟎.𝟎𝟎𝟑𝟐 𝟎.𝟕𝟕𝟓𝟔 ± 𝟎.𝟎𝟏𝟑𝟎 𝟎.𝟖𝟑𝟖𝟖 ± 𝟎.𝟎𝟏𝟏𝟒 
 ’max_epochs’: 50, ’module__activation’: ELU(alpha=1.0) 0.7670 ± 0.0398 0.7496 ± 0.0386 0.2022 ± 0.0165 0.1169 ± 0.0109 0.7677 ± 0.0426 0.8289 ± 0.0111 
 ’max_epochs’: 50, ’module__activation’: LeakyReLU(negative_slope=0.01) 0.7668 ± 0.0401 0.7846 ± 0.0472 0.2095 ± 0.0157 0.1209 ± 0.0105 0.7660 ± 0.0432 0.8314 ± 0.0131 
 ’max_epochs’: 50, ’module__activation’: ReLU() 0.7462 ± 0.0443 0.8097 ± 0.0439 0.2009 ± 0.0170 0.1147 ± 0.0112 0.7436 ± 0.0474 0.8351 ± 0.0189 
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