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A B S T R A C T

Deep learning has achieved significant success in the analysis of unstructured data, but its inherent black-box
nature has led to numerous limitations in security-sensitive domains. Although many existing interpretable
machine learning methods can partially address this issue, they often face challenges such as model limitations,
interpretability randomness, and a lack of global interpretability. To address these challenges, this paper in-
troduces an innovative interpretable ensemble tree method, EnEXP. This method generates a sample set by
applying fixed masking perturbation to individual samples, then constructs multiple decision trees using bagging
and boosting techniques and interprets them based on the importance outputs of these trees, thereby achieving a
global interpretation of the entire dataset through the aggregation of all sample insights. Experimental results
demonstrate that EnEXP possesses superior explanatory power compared to other interpretable methods. In text
processing experiments, the bag-of-words model optimized by EnEXP outperformed the GPT-3 Ada fine-tuned
model.

1. Introduction

With the rapid development of computer hardware, deep learning
has achieved unprecedented success in unstructured fields. In image
processing, convolutional neural networks and their variant models (Liu
et al., 2024) have made significant breakthroughs in behavior recogni-
tion and target detection. In voice and text processing, Transformer
architecture models based on multi-head self-attention mechanisms
(Xiao et al., 2023; Hold et al., 2024) have achieved great success in
natural language processing with generative networks. However, these
end-to-end black box models are severely limited in their widespread
application in security-sensitive areas due to a lack of interpretability
(Shi et al., 2022; Bibal et al., 2023; Dandolo et al., 2023). To understand
black-box decisions and enhance model transparency, some interpret-
able methods have been proposed (Cao et al., 2021; Liu et al., 2021;
Dandolo et al., 2023; Liu et al., 2024) to enable people to understand the
logic behind them, thereby ensuring trust and transparency. Fig. 1
presents a case that aims to demonstrate the use of interpretable ma-
chine learning to explain the Deep Learning (Wu et al., 2023) model. As
shown in Fig. 1, although this model has high performance, its
discrimination between violent and non-violent behavior is

unreasonable. In explaining violent behavior, the model still tends to
recognize color and environment rather than the behavior itself, which
contradicts common sense. This proves that a successful deep learning
model requires not only good model performance but also accurate
interpretability so that people can understand and trust it.

Despite the rapid development of interpretable machine learning
technologies, three main issues persist. Firstly, there are limitations to
interpretable models (Iqbal et al., 2024; Habib et al., 2023). Fig. 2(a)
presents an example where existing interpretable methods use heatmaps
for interpretative analysis of image data, but this method cannot be
directly applied to structured data, text, or speech data.

The second issue is the inability to provide a comprehensive and
accurate global explanation for the entire dataset (Singh and Sharma,
2022; Mahapatra et al., 2022). As shown in Fig. 2(b), the model’s
interpretability in identifying whether an image depicts a cat is illus-
trated through explanatory heatmaps. For different data inputs, the
explanations for identifying cats focus not only on the animal’s body and
head but also on some environmental features. This indicates that the
model’s decision-making might be influenced by factors other than the
target object in the image. These localized focal points cannot provide a
global explanation for the entire dataset. Even if the input image is
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’correctly’ classified, it does not guarantee that the model uses the same
reasoning across the whole dataset.

The third issue is the inconsistency of explanation results (Ribeiro
et al., 2016). Fig. 3 demonstrates an attempt to use interpretable ma-
chine learning (Ribeiro et al., 2016) for the interpretative analysis of
images. This method identifies important regions by applying random
masking perturbation to the images and calculating the resulting pre-
diction differences in the deep learning model. However, due to the
randomness of these masking perturbation, the explanation results may
be unstable, as illustrated in Fig. 3.

This paper addresses the three aforementioned issues by introducing
a novel interpretable machine learning method called EnEXP (Ensemble
Explanation). EnEXP is an interpretable approach applicable to any
model. The method functions by applying fixed masking to each data
point in a dataset and employing ensemble tree models (Bagging tree
and Boosting tree) to generate importance metrics for individual data
point explanations. Furthermore, it achieves a global explanation by
weighting each data point in the dataset to determine overall attribute
importance. To validate the effectiveness of the proposed method, ex-
periments were conducted on various unstructured datasets using
different deep learning models.

This study extends previous research (Jiang et al., 2023) by exploring
interpretable machine learning for attribute filtering in structured data.
The primary contributions of this paper can be summarized in three key
aspects:

1) EnEXP provides a framework that combines both global and local
perspectives, aiming to balance understanding of the model’s overall

behavior with detailed explanations for individual cases. Addition-
ally, this approach relies on domain experts to map the generated
visual results into meaningful domain concepts, thereby enhancing
the practical utility of the explanations. Global interpretability
inherently has limitations when applied to individual prediction
cases. By integrating both global and local explanations, this
framework aims to offer a more comprehensive interpretive capa-
bility for diverse application scenarios.

2) EnEXP enhances model interpretability while simultaneously sup-
porting reliability and transparency. By providing comprehensive
explanations of data feature contributions, EnEXP enables re-
searchers and developers to identify critical factors in the model’s
decision-making process, thereby fostering trust in model behavior.
Moreover, it facilitates the calibration and refinement of model
predictions, ensuring that the model excels not only in performance
but also in employing more reliable and rational decision logic.

3) EnEXP demonstrates enhanced interpretability compared to
commonly used explanatory methods in the field, such as LIME
(Ribeiro et al., 2016), Kernel SHAP (Lundberg& Lee, 2017), and AD-
CAM (Iqbal et al., 2024). This superior performance stems from
EnEXP’s utilization of the non-linear interpretability inherent in
ensemble tree models, enabling more effective analysis of the black-
box challenges present in deep learning. Experimental results further
corroborate that EnEXP achieves superior performance relative to
state-of-the-art baseline methods.

The remainder of the paper is organized as follows: Section 2 reviews
and analyzes relevant previous studies. Section 3 details the proposed

Fig. 1. Interpretable analysis of Deep Learning model using Interpretable machine learning.
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method and model. Section 4 outlines the assumptions and problem
formulation. Section 5 presents the experimental results and perfor-
mance evaluation. Section 6 concludes the paper with a discussion of
findings and implications.

2. Related work

This section reviews research related to interpretable machine
learning. Previous studies in this field can be broadly categorized into
three main approaches: masking perturbation-based methods, gradient-
based methods, and embedding-based methods.

2.1. Masking perturbation-based methods

These methods worked by randomly deleting parts of a single test
data entry and then feeding the partially deleted content back into the
model to obtain new prediction values. The importance of features in the
test data was estimated by comparing the changes in the prediction
values. (Zeiler & Fergus, 2014) observed changes in model prediction
values by sliding a window with a gray square over images to identify
the regions deemed most important by the model; (Ribeiro et al., 2016)
obtained new prediction values by randomly masking certain areas in
images or texts and used the slope of a linear regression model built on
these values to explain the decision-making process of the model;
(Petsiuk et al., 2018) used randomly masked versions of input images to
estimate the importance of features; (Ancona et al., 2019) proposed a
method using Shapley values to approximate explanations for deep
learning models; (Lundberg & Lee, 2017) suggested using the proba-
bility derivatives of Shapley values as a way to measure the differences
between random samples and original samples, exploring the model’s
working principles. (Zafar and Khan, 2021) utilized clustering methods
to generate perturbed samples for interpretation. (Liu et al., 2024)
proposed a method using interpretable dual trees combined with SHAP
values for interpretability analysis. (David et al., 2024) proposed AcME,
a method to accelerate SHAP value calculation for rapid interpretability.
Although these methods applied to any black-box model, they had two

issues: first, the sampling method typically used random or sampling
approaches to obtain perturbed samples, which led to unstable inter-
pretability results; second, when masking perturbation-based methods
relied on surrogate models such as linear regression for explanations,
they might be affected by the limitations of these models themselves,
thus impacting the accuracy and applicability of the explanations.
Firstly, linear models, such as linear regression, assume a linear rela-
tionship between the input features and the output. This linear
assumption may fail to capture the true complexity of the underlying
relationships, thereby reducing the reliability of the explanations pro-
vided by such models. Secondly, collinearity between input features can
also affect linear models, making it difficult to distinguish the

Fig. 2. Interpretable machine Learning issue.

Fig. 3. The inconsistency of explanation results.
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independent contributions of each feature. This limitation can reduce
the interpretability and accuracy of the surrogate model’s explanations.

2.2. Gradients- based methods

The core purpose of these methods was to identify which input fea-
tures significantly impacted the model’s output through one or several
backward propagation processes. For example, (Zhang et al., 2018)
employed backward propagation to determine which input pixels acti-
vated specific nodes or categories within the network, thereby
explaining the model’s decision-making process; (Selvaraju et al.,2017)
used gradient information from convolutional layers to highlight areas
crucial to model predictions, allowing users to visually see what the
model focused on; (Binder et al., 2016) identified the most influential
features on predictions by proportionally backpropagating the output
error to each input feature; (Shrikumar et al., 2017) assigned an
“importance score” to each input feature by comparing the contribution
of each feature against a reference input, thus explaining the model’s
predictions; (Smilkov et al., 2017) smoothed gradient maps by adding
random noise to input images and calculating the average of gradients,
aiming to enhance the stability and clarity of visual explanations;
(Zahavy et al., 2016) generated Jacobian saliency maps and presented
them over the input state to identify which pixels had the most signifi-
cant impact on value or action predictions. (Bakchy et al., 2024) pro-
posed a lightweight CNN-basedmodel and used Grad-CAM technique for
interpretability.

Although these methods provided intuitive visualization means to
reveal the decision-making process of models, they faced four main is-
sues: first, these methods struggled to offer clear explanations for models
with large parameters; second, they were primarily applicable to con-
volutional neural networks or their variants and limited to image data;
third, these methods could not provide a global interpretation of the
data set; lastly, because the results were presented visually, the effec-
tiveness of these explanatory methods was difficult to assess, not pri-
marily because of visual presentation, but because raw pixel blocks used
as explanations are not inherently meaningful concepts in the applica-
tion domain.

2.3. Embedding-based methods

These methods enhanced the interpretability of data through
nonlinear dimensionality reduction techniques. In short, these tech-
niques mapped data points to proximate locations in a lower-
dimensional space based on their similarity in high-dimensional space.
For instance, (Mnih et al., 2015) demonstrated how to use t-SNE, a
dimensionality reduction tool. It aimed to visualize complex high-
dimensional data as points on a two-dimensional plane, where the dis-
tribution of these points reflected the intrinsic structure of the original
data. The color of each point was set according to the features of the
data, whether they were extracted automatically or specified manually,
to provide additional information. On the other hand, (Engel &Mannor,
2001) proposed a method using embedding maps, which measured the
similarity between data points by calculating the transition probabilities
between them. (Adrien et al., 2023) proposed DT-SNE, a decision tree
model-based improvement on t-SNE, to enhance the interpretability of
traditional SNE. These methods effectively utilized statistical means for
interpretation, but they faced challenges when dealing with large
datasets, mainly due to the difficulty in designing and selecting appro-
priate features. Moreover, embedding methods often only partially
preserve the properties of the original n-dimensional data, which makes
interpretation difficult. Furthermore, t-SNE is an unsupervised method
and thus fundamentally lacks the capability to ensure that instances
belonging to the same class remain similar in the resulting visualization.

3. Interpretable machine learning method

In this section, we introduce the EnEXP algorithm, an interpretable
machine learning method capable of explaining any unstructured model
and supporting data interpretation.

Fig. 4 illustrates the interpretability process of EnEXP applied to an
image classifier trained with a deep learning model M. As shown in
Fig. 4, EnEXP aims to explain which regions in the image the model
relies on to classify the image as a Basenji. The goal of explainable
models is to reveal the logic and basis behind the predictions made by
the original model for specific inputs. Furthermore, to simulate and
analyze the behavior of the original model, the feature dataset of inputs
is usually perturbed and adjusted in weight to make these data more
similar to the original images. The output is either the prediction results
of the original model or the variations of these prediction results. By
establishing such an input–output relationship, explainable models can
provide an intuitive understanding and explanation of the model’s
decision-making process. This is crucial for enhancing the model’s
transparency and verifying its reliability.

The explanation process is divided into four steps: Generate Per-
turbed Images, Generate Interpretable Model Input and Output, Inter-
pretable Model Contribution (including the details of Ensemble Tree −

Boosting and Bagging Tree Explanation), and Interpretable Visualiza-
tion. These steps are described in detail as follows:

3.1. Generate Perturb image

The first aspect is the generation of perturbed samples. Unlike pre-
vious works (Ribeiro et al., 2016; Liu et al., 2024) that adopted random
methods, this study designed a fixed-proportion perturbation approach
to achieve greater stability. The specific details are as follows:

Let I denote an image that need to be interpreted, and W represents
the watershed image segmentation algorithm. After segmentation,
image Í will be obtained. The segmentation process can be expressed by
Í = W(I). The segmented image Í can be represented as a set of
segmented blocks, expressed as Í = {B1,B2,⋯Bn}, where each block Bj,
1 ≤ j ≤ n, represent the index of the block. Next, define a set of masks
M = {M1,M2,⋯MK} to be applied to Í . Each mask Mk, 1 ≤ k ≤ K con-
tains a set of Boolean values {m1,m2,⋯mn}. Each mj, 1 ≤ j ≤ n, corre-
sponds to block Bj indicating whether it is kept or masked (0 for masked
and 1 for kept). For each specific mask application, it is as follows mj:
{

0ifmj = 0
Bjifmj = 1, the mj of each group ensures that at most 30 % of the

blocks are covered according to the rule of thumb. The calculation is as
shown in

∑n
j=1
(
1 − mj

)
≤ 0.3n.

Applying each mask MK to Í produces a series of new images with
selectively retained blocks

{
In1 = M1(Í ), In2 = M2(Í ),⋯., InK = MN(Í )

}
,

forming the final set of perturbed images Iʹ́ =
{
In1,In1,⋯,InN

}
, where each

image Ink represent the result of a specific block retention model deter-
mined by mask MK.

Proof 1
Let f : Rd→[0,1] denote the model to be explained, and x ∈ Rd be the

ample to be explained. Let z ∈ {0,1}d denote masking perturbation
vector and define the perturbed sample as xʹ(z) = x⊙ z, where ⊙ denote
the elementwise Hadamard product.

The core idea of LIME is to approximate the target model f locally
around the sample x using a linear model g(z) = w0 +

∑d
i=1wizi. This

approximation process is based on weighted least squares, where the
weights are determined by the Euclidean distance between samples.

Let S define the stability of the variance of the coefficientsw obtained
from multiple LIME runs. Specifically, the stability metric can be
expressed in Exp. (1):

Y.-S. Lee et al. Expert Systems With Applications 272 (2025) 126720 
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S =
1
d
∑d

i=1
Var(wi). (1)

where Var(wi) represents the variance of the coefficient wi.
For Fixed Ratio Generation, for each feature i, the masking pertur-

bation vector zi is set to 1 with a fixed probability p as follows P = (zi =
1) = p and P = (zi = 0) = 1 − p. Under this setting, the expectation and
variance of zi are E[zi] = p, Var(zi) = p(1 − p).

For random generation strategy, let M Uniform(0, d) represent the
number of retained features. In this case, the conditional probability of zi
is P(zi= 1|M = m) = m

d . Thus, the expectation and variance of zi are P(zi

= 1) = E

[
M
d

]

= 1
2, Var(zi) = 1

4.

Using least squares, the coefficients w of the linear model are ob-
tained as w =

(
ZTWZ

)− 1ZTWy. Where Z is the matrix composed of
masking perturbation vectors,W is the weight matrix, and y is the model
output. The covariance matrix of the coefficients w can be be expressed
by Exp. (2):

Cov(w) =
(
ZTWZ

)− 1ZTVar(y)WZ
(
ZTWZ

)− 1
. (2)

For fixed ratio generation, the covariance matrix Zfixed is given by
Cov

(
Zfixed

)
= p(1 − p)Id. Given that the weight matrix W = Id, and the

output variance Var(y) = σ2Id, the covariance matrix of the coefficients
wfixed can be expressed by Exp. (3):

Fig. 4. EnEXP Workflow.
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Cov
(
wfixed

)
= σ2

(
ZTfixedZfixed

)− 1
. (3)

Since ZTfixedZfixed is a diagonal matrix with diagonal elements
approximately equal to np(1 − p) (assuming n is large enough), we have

ZTfixedZfixed = np(1 − p)Id. Taking the inverse, that (ZTfixedZfixed)
− 1

= 1
np(1− p)Id.

Substituting this into the expression for Cov
(
wfixed

)
, we obtain

Cov
(
wfixed

)
= σ2

np(1− p)Id. This shows the variance of each coefficient wfixed,i

by Exp. (4):

Var
(
wfixed,i

)
=

σ2

np(1 − p)
. (4)

For the random generation strategy, the columns of the masking
perturbation matrix Zrandom are not independent, leading to a more
complex covariance structure. The covariance matrix for Zrandom can be
described in Exp. (5):

Cov(Zrandom)i,j =

⎧
⎪⎪⎨

⎪⎪⎩

1
4
, ifi = j

1
12

, ifi ∕= j
, (5)

Herein, the covariance matrix of the coefficients wrandom then be-
comes Cov(wrandom) = σ2

(
ZTrandomZrandom

)− 1. Since ZTrandomZrandom is not a
diagonal matrix, calculating its inverse is more complex. However, it is
generally known that the diagonal elements of the inverse matrix are
larger than those in the fixed ratio case, leading to
((
ZTrandomZrandom

)− 1
)

i
> 4

n, Thus we can approximate in Exp. (6):

Var
(
wrandom,i

)
≥

σ2

n× 1
4
=
4σ2

n
. (6)

By comparing the variances from both strategies, we observe
Var
(
wfixed,i

)
= σ2

np(1− p) and Var
(
wrandom,i

)
≥ σ2

n×1
4
= 4σ2

n . When p = 1
2,

Var
(
wfixed,i

)
= 4σ2

n , indicating that the variances are equal. However, for
p ∕= 1

2, we have p(1 − p) < 1
4, leading to Exp. (7):

Var
(
wfixed,i

)
< Var

(
wrandom,i

)
. (7)

3.2. Generate interpretable model input and output.

Because the image Í can be regarded as a vector of 1′s, and the
perturbed image InK is represented by a combination of 1 and 0, the
similarity calculation measures the proportion of the retained block, the

similarity can be shown in sim
(
I, InK

)
=

∑n
j=1

mj,k

n . Herein,mj,k represent the
j-th element in mask MK, and n is the total number of blocks. The
calculated similarity changes linearly, which does not conform to the
conventional nonlinear changes. Then the corrected similarity formula
can be expressed as Exp. (8)

adjk = e(− λ.(1− sim(I,InK))). (8)

Herein, λ is a hyperparameter, representing the intensity of adjust-
ment. 1 − sim

(
I, InK
)
represents the Hamming distance. Through this

adjustment, if the proportion of coverage is small, the similarity will be
high, and if the proportion of coverage is large, the similarity will be
lower. The adjusted similarity adjk is applied to each block of the per-
turbed image InK. The calculation Bʹ

j,k = adjk × Bj,k. Among them, Bʹ
j,k

represents the block in the updated masking perturbation image, and Bj,k

represents the block in the pre-update masking perturbation image. The
following proof elaborates on the rationale behind Exp. (8) as a similar
measure. It is structured into three steps: first, Necessity of a Nonlinear
Similarity Measure; second, Selection of a Specific Nonlinear Measure;
and finally, Superiority over Other Nonlinear Measures. The detailed
process is as follows:

Proof 2:
(1) Necessity of a Nonlinear Similarity Measure
Task Motivation: Let sim

(
I, InK

)
∈ [0,1] represent a similarity measure

where sim = 1 denote perfect similarity. We aim to construct an adja-
cency measure adjk to quantify the strength of connection between I and
InK. This adjacent measure will influence tasks such as clustering, graph-
based learning, or kernel-based analysis.

Reasoning for Nonlinearity:
Linear measures (e.g., adjk = sim) are insufficient due to the

following limitations:

1. Insensitive to High Similarity: When sim→1, linear measures fail to
emphasize strong connections. For example, sim = 0.95 and sim =

0.9 yield nearly identical weights under linear mapping, whereas
tasks often require a sharper distinction.

2. Excessive Retention of Weak Similarity: Linear mappings poorly
downweight low-similarity pairs. A linear adjk would assign mod-
erate weights to sim ≈ 0.5, which could introduce noise in down-
stream tasks by overemphasizing weak connections.

3. Task-Specific Requirements: Many tasks, such as kernel methods,
demand exponential-like sensitivity in feature space. This motivates
nonlinear measures that naturally decay for moderate or low
similarities.

Linear similarity measures are insufficient for capturing the desired
sensitivity across different similarity intervals. Therefore, nonlinear
similarity measures are hypothesized to better suit these requirements.

(2) Selection of a Specific Nonlinear Measure
To satisfy the demands outlined above, the adjacent measure adjk

must fulfill the following conditions:
(i): adjk : [0, 1]→(0,1] is continuous and differentiable.
(ii): adjk(0) = 1. (ensuring maximum adjacency for perfect dissimi-

larity).
(iii): adjk is strictly decreasing: for all 0 ≤ x1 < x2 ≤ 1,

adjk(x1) > adjk(x2).
(iv): Exponential decay property: d

dxadjk = − ℷadjk, ensuring rapid
decay as similarity decreases.

Derivation of Exponential Measure: The exponential decay condition
(iv) defines the adjacency function as the solution to the ODE:
d
dxadjk(x) = − ℷadjk(x).

By solving:

adjk(x) = e− ℷx+C,

And using (ii) adjk(0) = 1, we find C = 0, yielding:

adjk(x) = e− ℷx

Substituting x = 1 − sim
(
I, InK
)
, the final adjacency measure becomes:

adjk = e(− λ.(1− sim(I,InK))).

This exponential form ensures rapid decay of adjacency as similarity
decreases, aligning with the task’s requirements for sharper discrimi-
nation at high similarity and faster suppression of weak connections.

(3) Superiority over Other Nonlinear Measures
To justify the use of adjk = e− λ.(1− sim), we compare it against alter-

native nonlinear measures:

1. Polynomials: Polynomial functions (e.g., adjk = 1 − αx2), may
satisfy monotonicity but fail to provide exponential sensitivity. Their
decay rates are either too steep (e.g., penalizing moderately low
similarity excessively) or too shallow (e.g., failing to suppress weak
connections effectively).

2. Sigmoids Measures: Sigmoid functions (e.g., adjk = 1
1+eα(x− β)) intro-

duce unnecessary complexity with additional parameters (α, β).
Moreover, sigmoid functions lack the proportional decay property

Y.-S. Lee et al. Expert Systems With Applications 272 (2025) 126720 
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d
dxadjk = − ℷadjk,making them less interpretable and less aligned with
task-specific requirements.

3. Logarithmic Measures: Logarithmic mappings, such as e.g., adjk =
ln(1+α(1 − x) ) fail to maintain smooth decay over the full range
x ∈ [0,1]. They can diverge near endpoints, making them unsuitable
for tasks requiring robust sensitivity.

Uniqueness of the Exponential Form: The exponential measure
uniquely satisfies: 1. Smooth monotonicity: Ensures consistent decay
across the entire similarity range. 2. Task-driven sensitivity: Balances
sharp discrimination at high similarity and rapid suppression at low
similarity. 3. Simplicity and interpretability require only one parameter
λ and directly align with the task-derived ODE.

Let M denote the model to be explained, The generated perturbed
images are represented as Iʹ́ =

{
In1, In1, ⋯, InN

}
, where each InK is passed

through the model M for prediction. Let Y = {Y1,Y2,⋯,YN} represent
the set of prediction values obtained for all perturbed images by model
M.

3.3. Interpretable model contribute

This section introduces the interpretability of surrogate models and
further clarifies the advantages of ensemble tree models over linear
regression models. In this study, interpretability is defined as the ability
of a model to provide clear and intuitive information to understand the
specific contributions of features to the prediction outcomes. Although
linear regression models are widely considered interpretable due to their
simple mathematical form and explicit feature weights, their interpret-
ability is limited in the following scenarios: first, when multicollinearity
exists among features, the regression coefficients may fail to accurately
reflect the importance of individual features; second, linear models are
incapable of providing reliable explanations for nonlinear feature
relationships.

Against this background, ensemble tree models offer an alternative
form of interpretability through their built-in feature importance eval-
uation mechanisms (e.g., split gain and information gain). The inter-
pretability of ensemble tree models can also be enhanced through
visualization techniques, such as feature importance rankings and de-
cision paths, mitigating the interpretability challenges caused by their
complexity. Additionally, ensemble tree models can capture nonlinear
relationships and interactions between features, making them more
effective in explaining predictions in complex data scenarios compared
to traditional linear models. Therefore, while the forms of interpret-
ability differ between the two approaches, ensemble tree models
demonstrate significant advantages in addressing challenges related to
high-dimensional data, nonlinear relationships, and feature in-
teractions. The specific implementation process is as follows:

Having established the perturbed sample set Iʹ́ =
{
In1, In1, ⋯, InN

}
,

where each InK represents the k-th perturbed sample and there is a cor-
responding target value set Y = {Y1,Y2,⋯,YN}. Each perturbed sample

InK contains n processed blocks
{
Bʹ
1,k,B

ʹ
2,k,⋯,Bʹ

n,k

}
, these blocks serve as

the feature set Xk =
{
Bʹ
1,k,B

ʹ
2,k,⋯,Bʹ

n,k

}
. Define multiple regression tree

models Ts, where , s = 1, 2,⋯., S, and S represents the total number of
trees.

3.3.1. Bagging tree explain
Bootstrap sampling is performed on the feature set Xk to generate a

new training set Dm. This process is represented as randomly drawing N
times with replacement from N samples to form the training set Dm,

which includes both inputs and outputs.
For each dataset Dm, recursively build a regression tree Ts. For each

node in the tree, find the optimal split block Bʹ
j,k and split point Lbest , by

minimizing the weighted total variance after the split, expressed as Exp.
(9):

(
Bʹ
j,best , sbest

)
= argminBʹ

j,k,s

[
wleft × Var

(
Dleft

)
+wrightVar

(
Dright

) ]
(9)

where wleft and wright respectively represent the weights of the datasets to
the left and right of the split point, and Var(.) denotes variance. For each
leaf node in tree Tm calculate the mean of all target values of samples in
that node as the prediction value for that node is ŷleaf = 1

|Dleaf |

∑
i∈Dleaf

yi.

Finally, the importance of block
(
Bʹ
j,k

)
can be measured by calculating

the average reduction in variance caused by that block across all trees by
Exp. (10):

Importance1
(
Bʹ
j,k

)
=
1
S
∑S

s=1

∑

t∈Tm |Bʹ
j,k is used

(ΔVart), (10)

where ΔVart represents the reduction in variance brought about by
splitting at node t in tree Ts using feature Bʹ

j,k.

3.3.2. Boosting tree explain
The boosting tree builds the model through the iteration of trees. The

model’s objective function Obj(Θ) consists of two parts: the training data
loss L and regularization Ω, as shown in Exp. (11):

Obj(Θ) =
∑N

i=1
L(yi, ŷi)+

∑N

i=1
Ω(fk). (11)

Herein, L(yi, ŷi) = 1
2(yi, ŷi)

2 is the squared error loss for the i-th
sample; Ω(fk) = γT+1

2 λ‖w‖2 is the regularization term for the k-th tree,
where γ is the fixed cost of each tree, T is the number of leaves in the
tree, and λ is the L2 regularization coefficient for the leaf weights. Unlike
previous studies (Zafar and Khan, 2021), which only applied L2 regu-
larization, this method can directly control the number of leaf nodes to
optimize model performance. The detailed proof is as follows:

Proof 3:
Aims to demonstrate that the heuristic regularization term

Ω
(
fk
)
= γT+1

2 λ‖w‖2 in Exp. (11) effectively controls the number of leaf
nodes T and the leaf weights w. This approach not only ensures the
model’s convergence but also directly limits model complexity and
generalization error. The selection of this regularization method is based
on the following three considerations:

1. Direct Control of Leaf Node Count: Compared to other regula-
rization methods (e.g., using only L2 regularization, as in Zafar and
Khan, 2021), the introduced penalty term γT is directly linked to the
number of leaf nodes, enabling explicit control of the split gain at each
split. This effectively constrains the tree structure from overgrowing.

2. Compatibility with the Tree model splitting Mechanism:
Although this regularization term has a heuristic design aspect, it re-
duces the split gain in a way that aligns with the splitting principles of
gradient boosting trees. While other regularization methods can also
achieve convergence, our approach is more compatible with the struc-
tural characteristics and splitting rules of tree models

3. Significant effect on controlling generalization Error: We
observed that this regularization method more effectively limits the
number of leaf nodes and reduces the complexity term, which conse-
quently lowers the generalization error bound. Detailed reasoning is as
follows

Traditional tree model regularization typically employs only L2
regularization on leaf weights, defined as follows:

Ω(fk) =
1
2

λ‖w‖2, (12)

where w represents the vector of leaf weights, and λ is the hyper-
parameter controlling the regularization strength.

In contrast, the proposed regularization method adds a heuristic
penalty term, expressed as:
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Ω(fk) = γT+
1
2

λ‖w‖2, (13)

where T denotes the number of leaf nodes, and γ is the penalty coeffi-
cient associated with the number of leaf nodes. We demonstrate the
effectiveness of this method from the perspective of controlling model
complexity.

In traditional tree models, the objective function’s regularization
term is expressed as:

Obj(Θ) =
∑N

i=1
L(yi, ŷi)+

1
2

λ‖w‖2, (14)

where L
(
yi, ŷi

)
represents the loss function between the predicted and

actual values.
For a fixed tree structure, optimizing the leaf weights wis a convex

optimization problem, ensuring solvability of the objective function. For
a given split node A, the split gain GainA under traditional regularization
is given by:

GainA =
1
2

(
G2
L

HL + λ
+

G2
R

HR + λ
−

(GL + GR)
2

HL + HR + λ

)

, (15)

where GL and GR are the accumulated gradients for the left and right
child nodes, and HL and HR are the corresponding accumulated second-
order derivatives. According to the definition of split gain, a split occurs
only when the gain is positive: GainA > 0. However, this condition lacks
constraints on the number of splits, which can result in overly complex
tree structures. To address this, we introduce a penalty term γ with each
new leaf node, so the split gain becomes: GainB = GainA − γ, thereby
effectively limiting the number of leaf nodes.

Let Tʹ denote the denote the number of leaf nodes after applying the
penalty term, where Tʹ ≤ T.

Assuming the generalization error upper bound is given by
R(f) ≤ R̂(f)+C(H)where R(f) is the expected risk of model f , R̂(f) is the
empirical risk of f on the training set, and C(H) is the complexity term of
space.

Under traditional regularization (Zafar and Khan, 2021), which uses
only L2 regularization on leaf weights and does not restrict the number
of leaf nodes T, the upper bound of the generalization error depends on T
as follows:

RA(f) ≤ R̂(f)+O

( ̅̅̅̅̅̅̅̅̅̅̅̅
TlogT
N

√ )

, (16)

where N is the number of training samples. As T increases, the

complexity term O

̅̅̅̅̅̅̅̅̅
TlogT
N

√

also increases, resulting in a higher general-
ization error bound and affecting the model’s generalization ability.

After introducing γ, the number of leaf nodes Tʹ is reduced, and the
complexity term decreases accordingly. The new generalization error
upper bound becomes:

RB(f) ≤ R̂(f)+O

( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅
TʹlogTʹ

N

√ )

, (17)

Since Tʹ ≤ T, we have:

O

( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅
TʹlogTʹ

N

√ )

≤ O

( ̅̅̅̅̅̅̅̅̅̅̅̅
TlogT
N

√ )

. (18)

Therefore, RB(f) ≤ RA(f), indicating that introducing the penalty
term γ reduces the upper bound of the generalization error, thereby
effectively controlling model complexity.

After t rounds of iteration, the model’s prediction is updated as
shown in Exp. (19):

ŷi
(t)

= ŷi
(t− 1)

+ ηft(Xi). (19)

Where ŷi
(t− 1) is the prediction from the t − 1 round, ft(Xi) is the pre-

diction contribution from the tree added in round t for the sample Bʹ
j,k ,

and η is the learning rate. The new tree ft is trained by minimizing Exp.
(20):

Obj(t) =
∑N

i=1
L
(
yi, ŷi

(t− 1)
+ ft
(
Bʹ
j,k

)
+Ω(ft)

)
. (20)

In the completed boosting tree, the importance of each block Bʹ
j,k can

be assessed by calculating the gain brought about by feature splits, as
shown in Exp. (21):

Importance2
(
Bʹ
j,k

)
=
∑

t∈T
ΔGain

(
Bʹ
j,k, t
)
. (21)

where T includes the set of all split points across the trees, and

ΔGain
(
Bʹ
j,k, t
)
represents the gain brought about by the block Bʹ

j,k at split

point t.

3.4. Interpretable visualization

The sorting of features Xk =
{
Bʹ
1,k,B

ʹ
2,k,⋯,Bʹ

n,k

}
by importance

descending, obtained from two different tree models as Importance1 or
Importance2 can be represented as Exp. (22):

Xk,sorted =

sort(Xk,by = Importance1or Importance2) (22)

Next, selecting the top m most important blocks for visualization as
an interpretation result, where m < n, is represented as Exp. (23):

Xk,top = arg(topm(Xk, sort) ) (23)

The following demonstrates that tree models have greater inter-
pretability than traditional regression models when used as surrogate
models.

Proof 4: Table 1 presents the symbols that were undefined in Proof 4.
In Proof 4, the generalization error in high-dimensional data was
demonstrated to show that the proposed ensemble tree model is more
interpretable than the linear regression model. The generalization error
bounds for these models are given by the following formulas. For LR, let
ELR denote the LR generalization bound; we have:

ELR =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

2(p+ 1)
(

log
(

2en
p+1

)

+ 1
)

+ 2log
(

1
δ

)

n
,

√
√
√
√
√

R(hLR) ≤ Remp(hLR)+ ELR.

Herein, the term
2(p+1)

(

log

(

2en
p+1

)

+1

)

+2log

(

1
δ

)

n represents the complexity
term for linear regression, which increases with the dimensionality p.

Table 1
Glossary.

R(hLR) The generalization error of the linear regression (LR) model

R(fET) The true generalization error of the Ensemble Tree (ET) model
Remp(hLR) The empirical error (training error) of the linear regression (LR) model
Remp(fET) The empirical error (training error) of the Ensemble Tree (ET) model
n The number of training samples.
p The number of features (dimensionality of the input space) in the linear

regression model.
B The number of trees in the Ensemble Tree (ET) model.
M The maximum number of nodes (or splits) in each tree of the Ensemble

Tree (ET).
δ The confidence level parameter, which controls the probability that the

generalization bound holds.
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The 2log
(

1
δ

)

is a confidence adjustment term that decreases with the

number of sample n. For ET, let EET denote the ET generalization bound;
we have:

EET = Remp(fET)+

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

2B(log(2M) + 1 ) + 2log
(

1
δ

)

n

√
√
√
√
√

.

R(fET) ≤ Remp(fET)+ EET

Herein, the term
2B(log(2M)+1 )+2log

(

1
δ

)

n represents the complexity term
for Ensemble Tree, which depends on the number of trees B. and the

maximum number of nodesM in each tree. The 2log
(

1
δ

)

again accounts

for the confidence level. To compare the upper bounds ELR and EET, we
start by squaring both expressions to eliminate the square roots as shown
in

E2LR − E2ET =

2(p+1)

(

log

(

2en
p+1

)

+1

)

− 2B(log(2M)+1 )

n

=

2

[

(p+1)

(

log

(

2en
p+1

)

+1

)

− 2B(log(2M)+1 )

]

n . For high-dimensional data where p is

large, the term (p+1)
(

log
(

2en
p+1

)

+1
)

tends to grow larger than

B(log(2M)+1 ), implying in Exp. (24):

(p+ 1)
(

log
(

2en
p+ 1

)

+1
)

> B(log(2M)+1 ) (24)

Thus:

ELR > EET

This indicates that for high-dimensional and complex problems, the
generalization bound of linear regression is usually larger than that of
the ensemble tree model. Therefore, random forests tend to have better
generalization performance in high dimensions, which implies stronger
interpretability.

4. Assumptions and problem formulation

This chapter will introduce the assumptions and problem formula-
tion of this paper. This paper defines two different approaches to address
various interpretability needs. The first approach is a coarse-grained
interpretability assessment, which is used to understand the decision-
making process of the model. The second approach is a fine-grained
interpretability visualization pathway, which guides experts in further
decision analysis and improvements by showing the ranking of impor-
tance within different parts of the model, thereby facilitating human-
–machine interaction.

4.1. Coarse-grained interpretability assessment

The coarse-grained interpretability assessment aims to achieve
interpretability by matching the parts selected by experts with those
selected by the model and evaluating the number of matches. This
design is intended to help users understand whether the model’s
cognition is fundamentally consistent with that of the experts.

For the image classification task, given a model M to be explained
and an image I to be interpreted, the output of model M is the region that
it believes corresponds to the classification.

Using the segmentation technique g, let I = {I1, I2, I3,⋯.In} denote
the image I is segmented by g. For each segmented block Ij, where
0 < j ≤ n. Let U = {U1,U2,U3,⋯.Um} denote the experts select a set of
blocks that they believe belong to this classification. For the selected m

blocks, let K = {K1,K2,K3,⋯.Km} denote an interpretable network
output a set of blocks by importance.

The aim of this paper is to develop a mechanism M that uses the
expert-selected set U as the ground truth, compares it with the set K, and
calculates the number of matching elements. Exp. (25) demonstrates
how M is calculated.

M = |U ∩ K|. (25)

Herein, |U ∩ K| represents the size of the intersection of sets U and K,
i, e., the number of elements that exist in both U and K.

The objective of this paper is to develop mechanism Mbest that sat-
isfies Exp. (26).

Mbest = argmax(M) (26)

Fig. 5 illustrates M an example of evaluating an image classification
task. As shown in Fig. 5, the blocks selected by the experts U= {0, 3, 7,
13, 18, 25, 26, 29, 32, 33, 34, 37, 38, 40, 41, 42, 43, 44, 45, 48, 49, 54,
55} totaling 23 blocks. Similarly, the output model M selected the top 23
most important blocks as K= {38, 39, 28, 52, 14, 13, 50, 44, 12, 21, 53,
56, 9, 5, 61, 15, 47, 0, 30, 34, 25, 18, 26}. The resulting M is 0.34782.

For a text classification task, the concept behind the design of text
masking in this paper is to observe the changes in prediction scores by
reintroducing the text into the model after applying fixed masking
methods to the segmented text. By analyzing these changes, the
importance of individual words is then determined through machine
learning modeling, thereby achieving interpretability.

Given a model M that needs to be explained and an input text T the
output is the set of words in the text on which the model bases its de-
cisions. Taking Chinese text as an example, let g denote the Jieba seg-
mentation technique, and let T = {T1,T2,T3,⋯.Tn} denote the sentence
after segmentation by g. For the text T = {T1,T2,T3,⋯.Tn},masking
perturbation techniques are applied, and let Tʹ =

{
T1́,T2́,⋯..TŃ

}
denote

the resulting perturbed samples, where N represents the number of
masking perturbations. Let Tj́ =

{
T1,T2,T3,⋯.Tp

}
denote each per-

turbed data sample, where 0.3n < p ≤ n. For the perturbed samples Tʹ,
the model M is used again to obtain the prediction scores Y =

{
Y1́,Y2́,⋯

..YŃ
}
. Then, for each perturbed data Tj́ and the original sample T, the

similarity sim(T,Tʹ) is calculated, and the weights wʹ =
{
w1́,w2́,⋯..wŃ

}

are adjusted through Exp. (1). For each perturbed data Tj́, the corre-
sponding weight wj́ is obtained. Let p =

{
T1́ × w1́,T2 × w2́,T3 × w3́,⋯.

Tn × wń
}
denote the input to the interpretable model, and Y =

{
Y1́,Y2́,

⋯..YŃ
}
represent the corresponding labels. The output model impor-

tance P = {P1,P2,P3,⋯.Pn} corresponds to the importance of each word
in T = {T1,T2,T3,⋯.Tn}.

Similarly, let U = {U1,U2,U3,⋯.Um} denote the set of words
selected by experts that they believe belong to this classification. For the
selected m words, let K = {K1,K2,K3,⋯.Km} a set of words output by an
interpretable network ordered by importance. This paper aims to
develop a mechanismM that uses the expert-selected setU as the ground
truth, compares it with the set K, and calculates the number of matching
elements. Exp. (25) demonstrates how M is calculated. Fig. 6 illustrates
M an example of evaluating an image classification task.

As shown in Fig. 6, the input T is “這部電影很有趣,演員的表演令人
印象深刻” (This movie is very interesting, and the performances by the
actors are impressive.) and the model to be explained is SVM, which is to
explain why SVM predicts this sentence as positive. The specific process
and steps are as follows: First, using Jieba segmentation g, we obtain “這
部/電影/很/有趣” and “演員 /的/表演/令人/印象/深刻”. Let the num-
ber of generated perturbed samples be N = 3, which are: T1́ : “這部電影
很”, “演員的表演令人印象深刻”. Tʹ

2 : “這部電影很有趣”, “的表演令
人印象”. Tʹ

3 :“電影很有趣”, “演員的表演令人印象深刻”.Then, these 3
perturbed samples are fed into the SVM, yielding prediction scores Y =

{0.3,0.7, 0.8}. At the same time, the similarity between the perturbed

Y.-S. Lee et al. Expert Systems With Applications 272 (2025) 126720 

9 



samples and the original sample is calculated as sim = {0.9, 0.8, 1}.
Next, an interpretable ensemble tree is constructed, where the predic-
tion scores Y = {0.3,0.7, 0.8} are the targets, and the inputs are p =
{
T1́ × 0.9,T2 × 0.8,T3 × 1

}
.Experts consider the positive words in the

sentence to be U={“有趣(interesting)”, “深刻(impressive)” }. Similarly,
the two words with the highest importance according to the model are
K={“深刻(impressive),有趣(interesting)” }. Finally, the M score for this
sentence is 1. Herein are the assumptions and problem formulation of
this paper. The next section will introduce the experimental results and
performance evaluation.

4.2. Fine-grained interpretability assessment

After completing the coarse-grained assessment, if the coarse-
grained decision M score exceeds a certain threshold, decision visuali-
zation can be performed through an interpretability visualization
pathway. This is applicable to some sensitive fields, such as motion
behavior analysis and medical imaging. It should be noted that, in some
practical applications, data annotated by experts is often challenging to
directly apply at the decision-making level, primarily for the following
reason. In real-life scenarios, such as determining whether a specific
location contains a dog (i.e., a coarse-grained judgment), most annota-
tors can reach consensus based on common-sense understanding.

However, when it comes to finer-grained distinctions—such as whether
to prioritize the eyes or nose as key regions—differences in individual
perspectives may arise. Therefore, this paper proposes a fine-grained
visualization method during the usage phase to output an interpret-
able model pathway, which shows experts the decision-making process
of the model and provides further optimization suggestions. The specific
steps are as follows:

let τ denote the threshold parameter. If theM score derived from the
classification model, exceeds the threshold τ, the output set U is identi-
fied as a collection of salient regions or features. The importance of these
regions is then quantified using the metric defined by Exp. (21).

Subsequently, let ∅ denote the mapping function, which is respon-
sible for transforming the output set U into a corresponding visual
representation. By applying the mapping function ∅(U). a fine-grained
visualization is produced.

Fig. 7 presents a fine-grained interpretable example. On the left side
of the figure, the coarse-grained interpretable regions identified by the
model as areas of violence are shown, consisting of five segments. On the
right side of the figure, the model’s identified fine-grained path for the
violent regions is displayed, clearly indicating that the areas of interest
are where physical conflicts occur, followed by certain parts of human
subjects. The path is encoded from 0 to 4 and visualized using a red line.
It can be clearly observed that the model’s decision to classify the image

Fig. 5. An Example of M Evaluating an Image Classification Task.

Fig. 6. An Example of M in a Chinese Text Classification Task.
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as containing violence is primarily based on actions, followed by specific
features of human subjects. This reasoning is almost identical to that of
an expert.

5. Experiment

This section will introduce the model performance of the proposed
EnExp interpretable method. All the information for the experiment is at
the following the github URL.1

5.1. Image dataset and model selection

In the interpretable experiments with image data, this paper selects
two datasets for study: Animal-102and Animal-151.3 The Animal-10
dataset contains 10 different types of animals, while the Animal-151
dataset includes 15 mainstream animal categories, each with 10
different rare species under each category. For each of these two data
sets, 1000 images were selected, with a total of 2000 images for anno-
tation and testing of the model. The model chosen for this research is the
Inception-V3 model (Szegedy et al., 2016).

The inception-V3 model is an advanced deep convolutional neural
network that has shown exceptional performance in image recognition
and classification tasks. This paper aims to explore the rationality of the
model’s classification results in different tasks, whether at a coarse-
grained or fine-grained level, through the method of interpretable ma-
chine learning.

5.2. Interpretable model performance in image classification

This section will present the performance of the proposed explain-
able machine learning method on image classification tasks. It is
important to note that, except for the parameters specifically

emphasized in Fig. 7, the λ in Exp. (1) is set to 0.25 in all experiments.
Table 2 presents a comparative analysis of the explanatory perfor-

mance of the EnEXP method proposed in this paper against other
explanatory methods on different datasets for the Inception-V3 model.
As shown in Table 2, the results on the Animal-10 and Animal-151
datasets indicate that, under random masking perturbation, the accu-
racy of the interpretable models increases with the number of masking
perturbation. This trend is particularly evident when the number of
masking perturbation reaches 1000, at which point the explanatory ef-
fect is most pronounced. This suggests that a larger volume of masking
perturbation data allows explanatory methods to more effectively un-
cover the deep relationships between data features and outputs, thereby
enhancing the M score. Compared to other explanatory methods, the
experimental results demonstrate that the EnEXP method achieves
higher explanatory accuracy under random masking perturbation. This
is attributed to its use of an ensemble tree strategy, which optimizes
overall explanatory performance by integrating the explanatory results
of multiple tree models.

Tables 3 and 4 present the M− Score comparison under different
masking perturbation counts (150, 300, and 1000) with a fixed masking

Fig. 7. Fine-Grained Interpretability Assessment.

Table 2
The M score of each model under different numbers of random masking
perturbation in Animal-10 and Animal-151.

number
(Animal-10)

LIME LIME-Decision
Tree

EnEXP-Boost
Tree

EnEXP-
Bagging
Tree

150 0.4883 0.4877 0.4972 0.5077
300 0.5327 0.5397 0.5453 0.5520
500 0.5448 0.5593 0.5739 0.5916
1000 0.5888 0.5984 0.6099 0.6300
number
(Animal-
151)

LIME LIME-Decision
Tree

EnEXP-Boost
Tree

EnEXP-
Bagging
Tree

150 0.6332 0.6352 0.6424 0.6447
300 0.6826 0.6834 0.6946 0.7074
500 0.6983 0.7084 0.7202 0.7388
1000 0.7378 0.7387 0.7556 0.7745

1 https://github.com/1846659840/The-Research-on-a-new-LIME-base
d-interpretable-machine-learning-and-its-evaluation-method-imagepart.

2 https://www.kaggle.com/datasets/alessiocorrado99/animals10.
3 https://www.kaggle.com/datasets/sharansmenon/animals141.
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perturbation ratio across two different datasets, Animal-10 and Animal-
151. As shown in Tables 3 and 4, using a masking perturbation count of
1000 and varying the masking perturbations ratio across the two data-
sets, a 30 % masking perturbations ratio achieved the best explanation
effect. This result indicates that a 30 % masking perturbation ratio
significantly improves the accuracy of the model explanation. This is
because, at a coverage rate of 0.3, the selected exponential kernel
function provides optimal weights, while too high or too low a ratio
results in inappropriate weights, affecting the explanation effectiveness.
The experimental results further validate that, under the same masking
perturbation data, the EnEXP method outperforms other methods at
different fixed coverage rates, proving the effectiveness of EnEXP in
enhancing the accuracy of model explanations. Compared to the random
masking perturbation in Table 2, using fixed masking perturbation also
showed superior performance. Moreover, the interpretable experi-
mental results indicate that, although the Inception V3 deep learning
model has achieved good performance for improvement in predicting
certain species categories, especially in the Animal-10 dataset, where
the explanation accuracy for 10 rare species is only 70 %.

Tables 5 and 6 aim to compare the proposed EnEXP method with
previous works across three dimensions: M− Score, AED (Average
Explanation Discrepancy), and Local Fidelity.

especially in the second dataset, where its Local Fidelity Score.
As shown in Tables 5 and 6, the EnEXP-Bagging Tree performed the

best in the Animal-10 dataset, consistently demonstrating superior
performance across all key metrics in the comparison of these two
groups of explainable machine learning methods. In the first dataset, the
EnEXP-Bagging Tree achieved an explanation accuracy (M− Score) of
0.7029, an average explanation discrepancy (AED) of 0.030, and a Local

Fidelity Score of 0.90. In the second dataset, the M− Score of the EnEXP-
Bagging Tree further increased to 0.8496, the AED decreased to 0.032,
and the Local Fidelity Score improved to 0.92. The EnEXP-Bagging Tree
consistently outperformed others in terms of explanation accuracy,
robustness, and fidelity, demonstrating stability and reliability across
different environments.

Table 3
Each model’s M score under the same quantity with different masking ratios in
Animal-10 Dataset.

Num = 150 LIME LIME-Decision
Tree

EnEXP-Boost
Tree

EnEXP-
Bagging
Tree

10 % 0.4894 0.4997 0.4994 0.5211
20 % 0.5021 0.5092 0.5248 0.5320
30 % 0.5242 0.5310 0.5391 0.5455
40 % 0.5192 0.5310 0.5380 0.5342
50 % 0.5082 0.5101 0.5180 0.5322
60 % 0.4925 0.4980 0.5123 0.5232
70 % 0.4563 0.4732 0.4935 0.5012
80 % 0.4012 0.4231 0.4431 0.4673
90 % 0.3896 0.4014 0.4237 0.4368

Num = 300 LIME LIME-Decision
Tree

EnEXP-Boost
Tree

EnEXP-
Bagging
Tree

10 % 0.5116 0.5289 0.5206 0.5451
20 % 0.5240 0.5318 0.5535 0.5619
30 % 0.5568 0.5585 0.5877 0.5934
40 % 0.5423 0.5535 0.5592 0.5625
50 % 0.5316 0.5399 0.5405 0.5534
60 % 0.5185 0.5213 0.5360 0.5470
70 % 0.4785 0.4943 0.5152 0.5258
80 % 0.4302 0.4460 0.4715 0.4931
90 % 0.4306 0.4414 0.4643 0.4773
Num =

1000
LIME LIME-Decision

Tree
EnEXP-Boost
Tree

EnEXP-
Bagging
Tree

10 % 0.5894 0.5996 0.5994 0.6211
20 % 0.6021 0.6092 0.6248 0.6320
30 % 0.6242 0.6330 0.6538 0.7029
40 % 0.6192 0.6299 0.6380 0.6342
50 % 0.6082 0.6099 0.6180 0.6322
60 % 0.5925 0.5981 0.6123 0.6232
70 % 0.5563 0.5732 0.5935 0.6012
80 % 0.5012 0.5231 0.5431 0.5673
90 % 0.4896 0.5014 0.5237 0.5367

Table 4
Each model’s M score under the same quantity with different masking ratios in
Animal-151 Dataset.

Num = 150 LIME LIME-Decision
Tree

EnEXP-Boost
Tree

EnEXP-
Bagging
Tree

10 % 0.6362 0.6465 0.6462 0.6680
20 % 0.6489 0.6560 0.6716 0.6788
30 % 0.6710 0.6778 0.6859 0.6923
40 % 0.6660 0.6767 0.6848 0.6810
50 % 0.6550 0.6567 0.6647 0.6789
60 % 0.6402 0.6450 0.6591 0.6701
70 % 0.6031 0.6201 0.6403 0.6480
80 % 0.5480 0.5700 0.5899 0.6141
90 % 0.5364 0.5481 0.5705 0.5835
Num = 300 LIME LIME-Decision

Tree
EnEXP-Boost
Tree

EnEXP-
Bagging
Tree

10 % 0.7013 0.7136 0.7125 0.7360
20 % 0.7147 0.7196 0.7319 0.7455
30 % 0.7394 0.7340 0.7545 0.7618
40 % 0.7263 0.7439 0.7493 0.7487
50 % 0.7226 0.7168 0.7283 0.7451
60 % 0.7044 0.7085 0.7272 0.7319
70 % 0.6673 0.6858 0.7101 0.7103
80 % 0.6181 0.6357 0.6594 0.6751
90 % 0.5967 0.6109 0.6350 0.6458
Num =

1000
LIME LIME-Decision

Tree
EnEXP-Boost
Tree

EnEXP-
Bagging
Tree

10 % 0.7362 0.7465 0.7462 0.7680
20 % 0.7489 0.7560 0.7716 0.7788
30 % 0.7710 0.7798 0.8005 0.8496
40 % 0.7669 0.7768 0.7848 0.7810
50 % 0.7549 0.7567 0.7647 0.7789
60 % 0.7492 0.7448 0.7591 0.7700
70 % 0.7031 0.7199 0.7403 0.7480
80 % 0.6480 0.6699 0.6899 0.7141
90 % 0.6364 0.6481 0.6704 0.6835

Table 5
Comparison with state-of-the-art works on the Animal-10 dataset.

Method M− Score ↑ AED ↓ Local Fidelity Score ↑

LIME 0.6144 0.045 0.79
LIME-Decision Tree 0.6211 0.042 0.81
EnEXP-
Boost Tree

0.6538 0.036 0.85

EnEXP-Bagging Tree 0.7029 0.030 0.90
Kernel-Shap 0.6243 0.038 0.82
Sliding Window 0.4764 0.065 0.72
AcME 0.6637 0.033 0.87

Table 6
Comparison with state-of-the-art works on the Animal-151 dataset.

Method M− Score ↑ AED ↓ Local Fidelity Score ↑

LIME 0.7612 0.043 0.82
LIME-Decision Tree 0.7679 0.041 0.84
EnEXP-Boost Tree 0.8005 0.038 0.87
EnEXP-Bagging Tree 0.8496 0.032 0.92
Kernel-Shap 0.7842 0.039 0.85
Sliding Window 0.7612 0.046 0.71
AcME 0.6637 0.035 0.89
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In comparison, the EnEXP-Boost Tree also performed well in both
datasets, with M− Scores of 0.6538 and 0.8005, AEDs of 0.036 and
0.038, and Local Fidelity Scores of 0.85 and 0.87, indicating high
explainability and stability. The Kernel-Shap and LIME series methods
showed slightly weaker performance; although their explanation accu-
racy and fidelity were relatively close, their robustness was slightly
lower. The Sliding Window method performed the worst in both data-
sets, was only 0.71, indicating instability in its explanatory performance
across different environments. In summary, the EnEXP-Bagging Tree
demonstrated the strongest explainability, robustness, and fidelity
across different datasets and environments, making it the most recom-
mended explanatory method. Other methods, while having their
strengths and weaknesses, should be selected based on specific needs.

Table 7 discusses the changes in interpretability accuracy under
different hyperparameter settings. The other experimental parameters
were set with 1000 masking perturbations and a coverage ratio of 30 %.
The experiment compared the effects of different λ settings in equation
(1) on the performance of four interpretable machine learning models:
LIME, LIME-Decision Tree, EnEXP-Boost Tree, and EnEXP-Bagging Tree.
As shown in Table 7, with the variation of λ, the interpretability accu-
racy of each model exhibits significant patterns across both the Animal-
10 and Animal-151 datasets. Overall, when λ is 0.05, the interpretability
accuracy of the LIME model is 0.5582 on the Animal-10 dataset but only
0.3977 on the Animal-151 dataset. The performance of LIME-Decision
Tree differs slightly between the two datasets, with an accuracy of
0.4175 on Animal-10 and 0.5582 on Animal-151. This indicates a sig-
nificant difference in the performance of LIME and LIME-Decision Tree
at low λ values. However, EnEXP methods remain relatively stable at
low λ values. For instance, when λ is 0.10, EnEXP-Boost Tree achieves an
accuracy of 0.7611 on the Animal-151 dataset, while EnEXP- Bagging
Tree has an accuracy of 0.7268. This demonstrates that EnEXP methods
can maintain high interpretability accuracy even at low λ values. As λ
increases to 0.20, the performance of the LIME model improves across
both datasets, with an accuracy of 0.6002 on the Animal-10 dataset.
LIME-Decision Tree reaches its peak at a λ value of 0.25, achieving an
accuracy of 0.7798 on the Animal-151 dataset. This suggests that
moderate λ values help enhance the interpretability accuracy of models.
EnEXP-Boost Tree achieves its highest accuracy of 0.8005 on the
Animal-151 dataset at a λ value of 0.25, while EnEXP-Bagging Tree also
performs excellently at the same λ value, reaching an accuracy of
0.8496. This indicates that EnEXP models perform best in the moderate

λ range, making them the most suitable models for balancing complexity
and interpretability.

As λ further increases, the interpretability accuracy of most models
begins to decline. For example, when λ increases to 0.50, the accuracy of
the LIMEmodel drops to 0.4857 on the Animal-10 dataset and to 0.6054
on the Animal-151 dataset. LIME-Decision Tree and EnEXP models
exhibit similar declining trends at high λ values, particularly when λ is
0.75, with EnEXP-Bagging Tree’s accuracy dropping to 0.6552 on the
Animal-151 dataset.

It is particularly noteworthy that when λ increases to 1.00, the
interpretability accuracy of all models significantly decreases. For
example, LIME’s accuracy drops to 0.3862 on the Animal-10 dataset,
and EnEXP-Boost Tree’s accuracy fallsto 0.5888 on the Animal-151
dataset.

This phenomenon suggests that excessively large λ values may lead
to imbalanced weight distribution in models, thereby weakening their
interpretability. Therefore, selecting an appropriate λ value is crucial,

Table 7
Experimental comparison on Animal-10 under different hyperparameters.

λ Animal-10 Animal-151

LIME LIME-Decision Tree EnEXP-Boost Tree EnEXP
Bagging Tree

LIME LIME-Decision Tree EnEXP
Boost Tree

EnEXP-
Bagging Tree

0.05 0.5582 0.3977 0.4175 0.5582 0.6107 0.6335 0.6928 0.7234
0.10 0.5742 0.4105 0.5227 0.5742 0.7156 0.6610 0.7611 0.7268
0.15 0.5922 0.5691 0.5916 0.5922 0.6423 0.6934 0.7745 0.7412
0.20 0.6002 0.6107 0.6351 0.6002 0.7439 0.7524 0.7810 0.8279
0.25 0.6242 0.6330 0.6538 0.7029 0.7710 0.7798 0.8005 0.8496
0.30 0.5522 0.6115 0.4612 0.5522 0.7381 0.6853 0.7769 0.8174
0.35 0.5302 0.5898 0.4279 0.5302 0.6847 0.5679 0.7745 0.8112
0.40 0.5152 0.6012 0.5734 0.5152 0.6262 0.7456 0.7481 0.7920
0.45 0.5006 0.5184 0.5026 0.5006 0.5915 0.6498 0.7264 0.7798
0.50 0.4857 0.4329 0.4128 0.4857 0.6054 0.6014 0.7258 0.7736
0.55 0.4706 0.5446 0.4251 0.4706 0.5330 0.7152 0.7153 0.7649
0.60 0.4629 0.4952 0.6292 0.4629 0.6758 0.6705 0.7075 0.7109
0.65 0.4453 0.4273 0.4829 0.4453 0.6735 0.5578 0.6902 0.6793
0.70 0.4301 0.3894 0.4485 0.4301 0.5484 0.6827 0.6352 0.6698
0.75 0.4262 0.5691 0.6187 0.4262 0.6802 0.7213 0.6119 0.6552
0.80 0.3972 0.4530 0.5042 0.3972 0.7501 0.7464 0.6199 0.6305
0.85 0.3846 0.5898 0.4373 0.3846 0.7332 0.7392 0.5893 0.5924
0.90 0.3694 0.4817 0.6003 0.3694 0.6259 0.6197 0.5698 0.6257
0.95 0.3692 0.4975 0.5374 0.3692 0.7285 0.5869 0.6475 0.5671
1 0.3862 0.3950 0.3916 0.3862 0.6714 0.6122 0.5888 0.5587

Table 8
Comparison with stability.

Animal-10/Random LIME LIME-Decision
Tree

EnEXP-
Boost

EnEXP-
Bagging

1 0.5104 0.5144 0.5241 0.5271
2 0.4362 0.4769 0.4801 0.4937
3 0.5389 0.5401 0.5523 0.5738
4 0.5229 0.5331 0.5798 0.5904
5 0.3603 0.3628 0.3701 0.3742
standard deviation 0.0697 0.0668 0.0748 0.0821
Average value 0.4737 0.4854 0.5012 0.5118

Animal-10/30 % Ratio LIME LIME-Decision
Tree

EnEXP-
Boost

EnEXP-
Bagging

30 %-1 0.5242 0.5311 0.5391 0.5456
30 %-2 0.4553 0.4767 0.5381 0.5407
30 %-3 0.4968 0.5081 0.5403 0.5507
30 %-4 0.5048 0.5618 0.5416 0.5436
30 %-5 0.4514 0.5282 0.5354 0.5474
standard deviation 0.0276 0.0293 0.0347 0.0389
Average value 0.4865 0.5212 0.5403 0.5405
Promote
(Divide the standard
deviation)

LIME LIME-Decision
Tree

EnEXP-
Boost

EnEXP-
Bagging

2.52 2.28 2.16 4.22
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highlighting the importance of optimizing parameter selection in
interpretable machine learning models.

Table 8 compares the improvement in interpretability stability be-
tween fixed-ratio masking perturbation and random masking perturba-
tion. With a masking perturbation sample size of 150, stability
enhancement was observed in the Animal-10 dataset using both random
masking and a fixed 30 % ratio masking. As shown in Table 8, under
fixed-ratio masking, the stability of the explanations improved across
the board, with EnEXP-Bagging Tree exhibiting the most significant
increase in interpretability. The rationale for using a fixed-ratio mask is
that it ensures the decision trees generated by Bagging do not vary

significantly from one another. When the masking ratio is fixed, each
tree encounters consistently perturbed data, leading to similar decision-
making behaviors across different trees. This consistency enhances the
interpretability stability of the entire model. Consequently, when using
the EnEXP-Bagging Tree model, this consistency results in the greatest
improvement in interpretability.

Fig. 8 presents three visual examples to validate the effectiveness of
the proposed EnEXP method. The experiment was set to perform 1000
masking perturbations, with five sets of visual comparisons for each
example. As shown in Fig. 8, in the interpretability analysis of the Shiba
Inu, French Bulldog, and Holstein Cow, the results of LIME and LIME-
DecisionTree exhibited randomness, while the proposed EnExp
method provided consistent explanations across all five sets, demon-
strating the stability of the EnExp method. Furthermore, the visual re-
sults clearly indicate that the proposed EnEXP method can identify more
critical regions compared to LIME and LIME-DecisionTree, with EnEXP-
Bagging tree offering the most accurate interpretations.

5.3. Text data interpretable

This section will introduce the experimental design for the inter-
pretability of Chinese text. As shown in Fig. 9, the experiment starts with
using Jieba for word segmentation of the dataset, followed by further
cleansing the data with a stop-word list and a custom dictionary. Word
vector transformation is then performed using TF-IDF, which is used to
train the Support Vector Machine (SVM) model. After the model is
trained, four different interpretable machine learning algorithms will be
used to conduct an interpretative analysis of the SVM model and
compare the interpretative accuracy of each algorithm. Based on the
conclusions drawn from the best interpretive algorithm, the dataset and
model will be reviewed and corrected, and the revised results will be
compared with the GPT model. The purpose of conducting this experi-
ment is to address real-life scenarios such as detecting bullying behavior
in school settings (e.g., identifying abusive language) or filtering sensi-
tive words in private online forums. These scenarios often involve edge
computing and the deployment of localized models, requiring rapid
response times. Although the existing Transformer-based LLM models
have achieved significant success in text processing, their large param-
eter counts and need for extensive training corpora make them difficult
to deploy effectively in these scenarios. Therefore, if improvements in
interpretable machine learning could enable traditional BoWmethods to
provide good performance while remaining lightweight, it would facil-
itate successful deployment and application in these scenarios. More
specifically, if traditional BoW models could achieve similar effective-
ness to LLMs in detecting sensitive vocabulary and specific terms, this
would further enhance their success rate in practical applications.

The dataset used in the experiment is ChnSentiCorp_htl_all4, from
which the first 1000 positive reviews and 1000 negative reviews were
selected, totaling 2000 sentences. These sentences were annotated using
a bag-of-words model for interpretability, identifying words considered
positive or negative in each sentence. The interpretive model chosen was
SVM, while the model used for comparison was a finetuned version of
the GPT series (Radford et al., 2019) (Brown, 2020). Fig. 10 displays the
version number of GPT-3 used in this experiment.

Table 9 compares the performance of various explainability methods
across different metrics, focusing on M− Score, AED (Average Explana-
tion Distance), and Local Fidelity Score. EnEXP-Boost Tree displayed the
highest M− Score (0.7239), significantly outperforming other methods,
indicating its superior accuracy in model explanation. In contrast,
LIME’s M− Score is 0.5147, while its variant, LIME-Decision Tree, scores
0.5468, with the latter improving explanation accuracy by integrating
decision trees. On the AED metric, EnEXP-Boost Tree also performs best
(0.027), suggesting that its explanations are more consistent with actual

Fig. 8. Visualization Example. 4 https://github.com/InsaneLife/ChineseNLPCorpus.
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model decisions. Among other methods, Kernel-Shap has a higher AED
(0.031), possibly due to the more complex allocation formulas involved
in SHAP computations. In terms of Local Fidelity Score, EnEXP-Boost
Tree also ranks highest (0.73), further validating the reliability and
consistency of its explanations. Lower scores, such as LIME (0.52), imply
that while it is easy to understand, it may lack sufficient detail and
precision. Experimental results indicate that methods based on
ensemble learning, such as Boosting and Bagging, may be more effective
in building interpretable models, especially in scenarios requiring high
precision and consistency.

Fig. 11 displays the statistics of interpretable vocabulary using the
EnEXP-Boost Tree, where subfigure a accounts for words not matched in
negative vocabulary, and subfigure b for those not matched in positive
vocabulary. From Fig. 11, subfigures (a) and (b) respectively show the
vocabulary not matched in negative and positive sentiment texts. These
data reflect specific contexts or biases in text classification when using

the EnEXP-Boost Tree for interpretability analysis. In subfigure a, terms
like “企業” (enterprise) and “反饋” (feedback) frequently appear in
negative reviews. For instance, “企業” (enterprise) is often associated
with recruitment ads, appearing in negative texts as “企業招聘,歡迎洽
談” (enterprise recruitment, welcome to negotiate), but not found in
positive texts. This may indicate that recruitment ads are linked to
negative emotions of users, or that data cleaning was not effective in
distinguishing between ads and substantive content. “反饋” (feedback)
mainly relates to customer service and hotel feedback, typically
mentioned in negative reviews, likely because customers are more in-
clined to leave feedback when dissatisfied. To address these phenomena,
irrelevant ads associated with these terms were removed during data
cleaning, and all text following customer feedback was deleted because
such texts are often positive, potentially affecting the model’s judgment.
For subfigure b, the absence of words like “服務” (service) and “滿意”
(satisfaction) in positive sentiment analysis indicates that the trained
SVM model did not omit these positive terms.

Table 10 aims to compare the re-calibrated SVM model after
applying interpretable machine learning techniques with the original
SVM model. As shown in Table 10, the model’s performance has
improved following the application of interpretable machine learning,
demonstrating that interpretable machine learning can elucidate the
importance of features in machine learning models.

This experiment utilized GPT series models for evaluation and
experimentation. Tables 11, 12, and 13 present the results of testing the
revised datasets and the initial datasets using GPT-2 and GPT-3,
respectively. As shown in Tables 11 and 12, the experimental results

Fig. 9. Chinse Text Experiment Workflow.

Fig. 10. The version number of GPT-3 fine-tuning used in the experiment.

Table 9
Comparison with state-of-the-art works on the ChnSentiCorp_htl_all.

Method M− Score ↑ AED ↓ Local Fidelity Score ↑

LIME 0.5147 0.048 0.52
LIME-Decision Tree 0.5468 0.045 0.55
EnEXP-Boost Tree 0.7239 0.027 0.73
EnEXP-Bagging Tree 0.6944 0.028 0.70
Kernel-Shap 0.6888 0.031 0.69
AcME 0.7058 0.029 0.71
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indicate that using data refined through interpretable machine learning
improves the model’s performance compared to the original data,
highlighting the significance of interpretable machine learning.
Furthermore, the performance of the bag-of-words model, refined
through interpretable machine learning, surpassed that of the original
GPT-3 Ada model, approaching the performance of GPT-3 Babbage.

Additionally, comparing Tables 12 and 13, the experiment used the
modified data with explanations to fine-tune the GPT-3 model, but the
results were not significantly different. This indicates that, despite the
enhancement in data quality through explanatory modifications, large
language models still exhibit considerable limitations in processing
these modified data. This phenomenon reflects that the adaptability and
generalization capabilities of current large language models for specific

tasks may be insufficient, necessitating further research and
improvement.

Fig. 12 show some Examples of EnExp Interpretable Analysis Visu-
alization. As shown in Fig. 12, the proposed EnExp method, through the
output of the tree model, can clearly explain the trained Support Vector
Machine (SVM) model and provide intuitive visual results. This visual-
ization technique effectively reveals the internal decision logic of the
SVM model, offering valuable insights into feature importance and de-
cision boundaries. The tree structure in the visualization reflects the
hierarchical nature of the model’s decision process, with each node
corresponding to a key feature or decision point within the SVM’s hy-
perplane. The branching patterns and associated quantifications illus-
trate the relative impact of different features on the model’s predictions,
enabling users to gain a deep understanding of the model’s behaviour.

Table 14 compares theM score performance of various interpretable
models on the ChnSentiCorp_htl_all dataset under different hyper-
parameters λ. As shown in Table 14, with the increase of the hyper-
parameter λ, all models exhibit a varying degree of performance decline.
Among them, the EnEXP-Boost Tree performs the best when λ is small (λ
≤ 0.25), with the performance indicator rising from 0.6098 to 0.7239,

Fig. 11. (a) shows the emotional words in negative sentiments that were not
tagged in the original data used for training the SVM statistics. Fig. 11(b)
presents emotional words in positive sentiments that were not tagged in the
original data used for training the SVM statistics.

Table 10
Comparison with SVM and SVM—Adjust.

SVM Precision Recall F1-score Accuracy

0 0.87 0.93 0.89 0.90
1 0.94 0.91 0.92

SVM—Adjust Precision Recall F1-score Accuracy

0 0.91 0.93 0.92 0.94
1 0.93 0.92 0.92

Table 11
Comparison with GPT-2 and GPT-2—Adjust.

GPT-2 Precision Recall F1-score Accuracy

0 0.84 0.91 0.87 0.87
1 0.90 0.82 0.86

GPT-2—Adjust Precision Recall F1-score Accuracy

0 0.88 0.91 0.90 0.90
1 0.91 0.88 0.89

Table 12
Using Original DATA FOR GPT-3 model.

Davinci Precision Recall F1 Accuracy Cost

0 0.98 0.94 0.96 0.97 1.87USD
1 0.99 0.97 0.98

Curie Precision Recall F1 Accuracy Cost

0 0.97 0.94 0.96 0.95 1.34USD
1 0.95 0.96 0.95

Babbage Precision Recall F1 Accuracy Cost

0 0.93 0.91 0.92 0.95 0.74USD
1 0.92 0.96 0.94

Ada Precision Recall F1 Accuracy Cost

0 0.89 0.90 0.89 0.90 0.13USD
1 0.91 0.89 0.89

SVM—Adjust Precision Recall F1 Accuracy

0 0.91 0.93 0.92 0.94
1 0.93 0.92 0.92
Considering that the performance of the GPT fine-tuned model improves with updates,
it is declared that the GPT-3 used in this study was fine-tuned using the official
model via API, with the testing date being Dec. 6, 2022.

Table 13
Using Adjust Data for GPT-3 model.

Davinci Precision Recall F1 Accuracy Cost

0 0.98 0.94 0.96 0.97 1.07USD
1 0.99 0.97 0.98
Curie Precision Recall F1 Accuracy Cost
0 0.97 0.94 0.96 0.96 1.24USD
1 0.96 0.96 0.96
Babbage Precision Recall F1 Accuracy Cost
0 0.93 0.91 0.92 0.95 0.48USD
1 0.92 0.96 0.94
Ada Precision Recall F1 Accuracy Cost
0 0.91 0.91 0.91 0.91 0.13USD
1 0.91 0.89 0.90
SVM—Adjust Precision Recall F1 Accuracy
0 0.91 0.93 0.92 0.94
1 0.93 0.92 0.92
Given the enhancement in the performance of GPT fine-tuned models through
updates, this document specifies that the GPT-3 model employed here underwent
fine-tuning via the official API, with the test conducted on April 6, 2023.
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and then gradually decreasing to 0.4601 as λ increases. In contrast, the
performance of the EnEXP-Bagging Tree is slightly inferior, reaching a
peak of 0.6944 at λ = 0.25, but overall, its performance remains lower
than that of the Boost Tree. The performance of LIME and LIME-Decision
Tree is relatively close, and they show a rapid decline when λ > 0.60,
indicating weaker interpretability at high λ. Therefore, the EnEXP-Boost
Tree is the best-performing model across different λ values, especially
when a balance between interpretability and performance is required.

6. Limitation

The EnEXP method proposed in this study primarily focuses on
image and text classification tasks and has been explored for specific
types of models. Specifically, our experiments and analyses cover the
following models:

1. InceptionV3 network
2. Ensemble learning models (such as Support Vector Machines, SVM)

It is important to note that the scope of this study has certain
limitations.

This paper relies on raw pixels for image analysis. However, inter-
pretation methods based on raw pixels can only provide implicit results,
making it difficult to give meaningful and completely explicit explana-
tions in terms of specific domain knowledge (e.g., medical applications
or fine quality defect detection in manufacturing). This limitation arises
because such methods lack the incorporation of domain-specific exper-
tise in their interpretation processes, which restricts the transparency
and contextual applicability of the explanations.

Furthermore, global interpretation of the boosting tree model also
faces certain challenges, as the most critical segments may not align with
the branches relevant to new cases. Compared to local explanations
based on a single branch, this suggests that the view of global impor-
tance often lacks precision for individual cases. Therefore, we believe it
is necessary to clearly state the limitations of “global interpretability,”
including the impact of the weighting method proposed in this paper on
such interpretations.

In terms of evaluation methods, comparing the segments identified
by experts with those discovered by the model is a meaningful attempt.
However, in some sensitive domains, such a comparison is still a rela-
tively weak matching criterion, as it does not take into account the order

Fig. 12. Some Examples of EnExp Interpretable Analysis Visualization.

Table 14
Experimental comparison on ChnSentiCorp_htl_all under different
hyperparameters.

λ ChnSentiCorp_htl_all

LIME LIME-Decision Tree EnEXP-Boost Tree EnEXP
Bagging Tree

0.05 0.4398 0.4519 0.6098 0.5745
0.10 0.4547 0.4812 0.6215 0.5867
0.15 0.4701 0.4921 0.6528 0.6493
0.20 0.4902 0.5327 0.7085 0.6745
0.25 0.51147 0.5468 0.7239 0.6944
0.30 0.4826 0.5184 0.6952 0.6639
0.35 0.4289 0.5039 0.6791 0.6319
0.40 0.4103 0.4657 0.6653 0.6194
0.45 0.3987 0.4395 0.5923 0.6012
0.50 0.3945 0.4238 0.6098 0.5634
0.55 0.3806 0.4123 0.5807 0.5745
0.60 0.3685 0.3971 0.5536 0.5378
0.65 0.3539 0.3845 0.5687 0.5511
0.70 0.3427 0.3698 0.5402 0.5102
0.75 0.3345 0.3584 0.5105 0.5254
0.80 0.3158 0.3325 0.5279 0.4991
0.85 0.3074 0.3458 0.4856 0.4847
0.90 0.2861 0.2987 0.4987 0.4618
0.95 0.2705 0.3125 0.4732 0.4476
1 0.2593 0.2864 0.4601 0.4303
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of feature importance. Although this paper proposes a fine-grained
approach to visual output, it still lacks more accurate quantitative
metrics for overall matching. For instance, using Kendall’s rank corre-
lation coefficient could be considered to evaluate the alignment between
the segments identified by the model and the decisions made by domain
experts. These improvements will be explored in future research.

This study has not yet explored the application of the EnEXP method
to other tasks and models, such as object detection, speech recognition,
reinforcement learning, and some emerging deep learning architectures.
We recognize that with the rapid development of machine learning and
artificial intelligence, new model architectures and application sce-
narios continue to emerge. Therefore, expanding the applicability of the
EnEXP method and exploring its performance across a broader range of
tasks and models will be one of our important research directions in the
future.

7. Conclusion

This paper introduces EnEXP, an innovative interpretable machine
learning method based on ensemble trees, designed to explain deep
learning models in image and text data. By integrating multiple decision
tree models, EnEXP enhances the precision and robustness of explana-
tions. When dealing with complex image and text data, EnEXP can un-
cover key factors and patterns in the decision-making process of deep
learning models. Experimental results show that this ensemble tree-
based method not only provides intuitive explanations in qualitative
analysis but also demonstrates higher interpretability accuracy in
quantitative evaluations compared to traditional masking perturbation
methods. Therefore, EnEXP serves as an effective tool for understanding
and validating the decisions of deep learning models, particularly suit-
able for applications requiring high reliability and transparency. The
experimental results also indicate that, despite the significant advan-
tages of large language models (LLMs) in processing text data, the
traditional bag-of-words model, when refined with interpretable ma-
chine learning methods and combined with SVM, can achieve perfor-
mance surpassing some LLMs. Compared to the lack of interpretability
and privacy security concerns in enterprise applications of LLMs, this
approach offers better assurances. However, generative explanations
based on LLMs remain challenging, and future research will focus on
addressing this issue and further exploring other types of unstructured
data.
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