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Abstract

With the increasing complexity of black-box machine learn-
ing models and their adoption in high-stakes areas, it is criti-
cal to provide explanations for their predictions. Existing lo-
cal explanation methods lack in generating high-fidelity ex-
planations. This paper proposes a novel local model agnos-
tic explanation method to generate high-fidelity explanations
using multivariate adaptive regression splines (MARS) and
N-ball sampling strategies. MARS is used to model non-
linear local boundaries that effectively captures the underly-
ing behavior of the reference model, thereby enhancing the
local fidelity. The N-ball sampling technique samples per-
turbed samples directly from a desired distribution instead
of reweighting, leading to further improvement in faithful-
ness. The performance of the proposed method was com-
puted in terms of root mean squared error (RMSE) and evalu-
ated on five different benchmark datasets with different kernel
widths. Experimental results show that the proposed method
achieves higher local surrogate fidelity compared to baseline
local explanation methods, with an average reduction of 32%
in root mean square error, indicating more accurate local ap-
proximations of the black-box model. Additionally, statistical
analysis shows that across all benchmark datasets, the pro-
posed approach results were statistically significantly better.
This paper advances the field of explainable AI by providing
insights that can benefit the broader research and practitioner
community.

Introduction
Artificial Intelligence (AI) has advanced modern infor-
mation technologies and has become the core of intelli-
gent systems. These AI-powered systems often operate au-
tonomously, without direct human intervention in their de-
sign or deployment phases. As AI models increasingly in-
fluence critical aspects of human life across high-stake do-
mains such as business, healthcare, manufacturing, and en-
ergy, there is a growing need to understand the decision-
making process of these systems (Barredo Arrieta et al.
2020). However, it remains challenging to interpret complex
Machine Learning (ML) models, despite their high predic-
tive performance.

To address this challenge, eXplainable Artificial Intelli-
gence (XAI) has emerged as a research field that deals with
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developing interpretable ML models and explanation tech-
niques to foster transparency, trust, and accountability in
AI systems (Ali et al. 2023). Commonly, XAI approaches
are classified into local vs global explanation methods. To
locally explain a model’s prediction, often a simple local
surrogate model is used to mimic the behavior of a com-
plex reference (true) model. The extent to which the sur-
rogate approximates the behavior of the reference model is
called fidelity. A local surrogate focuses on a specific re-
gion of the model’s decision space, maintaining local fidelity
while also preserving interpretability. Modern state-of-the-
art techniques such as Local Interpretable Model-Agnostic
Explanations (LIME) (Ribeiro, Singh, and Guestrin 2016)
adopt this approach by training a linear surrogate model on
synthetic/perturbed samples labeled by the complex refer-
ence model, thereby generating explanations relevant to in-
dividual predictions.

Although methods like LIME have been widely adopted,
prior studies have identified critical limitations, including in-
stability, sensitivity to hyperparameter selection, and low fi-
delity in regions with nonlinear decision boundaries (Knab
et al. 2025). These challenges restrict the reliability of such
explanations, particularly in high-stakes, safety-critical envi-
ronments. The locality issue arises when the perturbed sam-
ples used to train the local surrogate model fail to adequately
capture the true local decision boundary around the instance
being explained. Similarly, the low fidelity issue, when the
surrogate model is often constrained to be linear, prevents
it from faithfully approximating the behavior of complex
black-box models, especially along highly nonlinear deci-
sion boundaries. Importantly, low fidelity does not arise only
from poor locality caused by suboptimal sampling. It can
also result from a surrogate model that fails to capture non-
linearity (Knab et al. 2026). Therefore, reliable local expla-
nations require both sampling that maintains locality and
a surrogate model capable of modeling nonlinear relation-
ships.

In this study, we propose a novel high-fidelity local in-
terpretable model agnostic explanation method (HF-LIME)
that accurately learns the decision boundary localized to
the instance being explained and models the nonlinear lo-
cal classification boundaries. By relaxing assumptions of lo-
cal linearity and feature independence, the proposed method
aims to significantly enhance the local fidelity and inter-
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pretability of explanations for complex ML models, thereby
contributing to more trustworthy and transparent decision-
making systems. The proposed local model agnostic expla-
nation method uses multivariate adaptive regression splines
(MARS) and N-ball sampling strategies. MARS aims to
capture the reference model’s non-linear local boundaries,
thereby enhancing the local fidelity, and the N-ball sampling
technique samples perturbed samples directly from a desired
distribution instead of reweighting, like in LIME, leading to
further improvement in the fidelity.

To compare the performance of the proposed method
against existing well-known local explanation methods, such
as LIME and LEMON (Collaris et al. 2023), we considered
the root mean squared error (RMSE) performance metric
and evaluated on five different benchmark datasets. Prior
research has shown that for local explanation, the width
of the neighborhood plays a significant role in local sur-
rogate model training (Laugel et al. 2018b), and thus we
compared the performance with different kernel widths. Ex-
perimental results show that the proposed method achieves
higher local surrogate fidelity compared to baseline local
explanation methods, with an average reduction of 32% in
RMSE, indicating more accurate local approximations of
the black-box model. Additionally, statistical analysis shows
that across all benchmark datasets, the proposed approach
results were statistically significantly better. This paper ad-
vances the field of explainable AI by providing insights that
can benefit the broader research and practitioner community.
The main contributions of this paper are as follows: 1) we in-
troduce a novel local explanation framework that combines
a sampling-based strategy with a piecewise linear surrogate
model to improve local fidelity. 2) we present a comprehen-
sive experimental evaluation on real-world datasets, includ-
ing a systematic comparison with existing methods such as
LIME and LEMON, to assess the effectiveness of the pro-
posed approach.

Related Work
The LIME framework consists of two main components, a
sampling method and the construction of a local surrogate
model. Based on this, two research directions have been ex-
plored to improve LIME’s fidelity. The first focuses on re-
placing the linear local surrogate with a nonlinear model
to achieve higher accuracy in representing local behavior.
As LIME and most of its variants are based on linear sur-
rogates, using nonlinear functions, such as quadratic mod-
els, can enhance fidelity, but may compromise interpretabil-
ity (Bramhall et al. 2020). The second approach focuses on
modifying the sampling strategy to better localize the deci-
sion boundary and enhance local fidelity.

Various studies have aimed to enhance the LIME sam-
pling process to produce more relevant perturbations. LS-
LIME (Laugel et al. 2018a) focuses on sampling around
the decision boundary to capture important regions better,
while MPS-LIME (Shi, Zhang, and Fan 2020) accounts
for feature dependencies to generate more realistic sam-
ples. CVAE-LIME (Yasui and Sato 2025) aims to improve
LIME’s local fidelity and interpretability by using Condi-
tional Variational Autoencoders (CVAE) for sample gener-

ation. LEMON (Collaris et al. 2023) introduced the N-ball
sampling technique that uniformly samples within an N-ball
for improved local approximation, and GLIME (Tan, Tian,
and Li 2023) employs a locally unbiased sampling strategy
to enhance fidelity. US-LIME (Saadatfar, Kiani-Zadegan,
and Ghahremani-Nezhad 2024) further improves robustness
through a two-step uncertainty-based filtering that empha-
sizes samples near both the decision boundary and the in-
stance of interest. However, these methods still rely on linear
surrogates, limiting their ability to model complex nonlinear
regions.

While sampling-based approaches aim to improve the
quality and locality of perturbed samples, another line of re-
search focuses on modifying the surrogate model itself. Sev-
eral alternative models have been explored to replace the tra-
ditional linear approximation. LIME-SUP (Hu et al. 2018)
and LORE (Guidotti et al. 2018) utilize tree-based tech-
niques as replacement models. Sig-LIME (Abdullah et al.
2024) integrates random forests to capture and utilize non-
linear feature interactions, whereas LIMEtree (Sokol and
Flach 2025) adopts multi-output regression trees to achieve
improved fidelity. However, tree-based models have lower
predictive performance, which hinders their ability to accu-
rately approximate non-linear relationships. Guo et al. pro-
posed LEMNA (Guo et al. 2018), a high-fidelity explana-
tion method for security applications that employs a Gaus-
sian Mixture Model (GMM) to approximate nonlinear lo-
cal boundaries and boost explanation fidelity. Inspired by
this approach, Hung et al. introduced BMB-LIME (Hung
and Lee 2024), which uses weighted multivariate adaptive
regression splines (MARS) (Friedman 1991) with bootstrap
aggregating to enhance the local fidelity. Additionally, it em-
ployed a Bayesian framework of BayesLIME (Slack et al.
2021) to model uncertainty and improve stability. Replac-
ing the linear surrogate with a piecewise-linear model en-
hances LIME’s ability to approximate complex nonlinear
decision boundaries, thereby improving explanation fidelity
while maintaining interpretability.

Method
This work proposes a novel and hybrid approach that in-
corporates a sampling-based technique and non-linear mod-
eling of local decision boundaries, to enhance the local fi-
delity of the explanation method. The proposed method gen-
erates perturbed samples using the N-Ball sampling tech-
nique (Collaris et al. 2023), which samples directly from
the desired distribution, defined by a distance-kernel func-
tion, instead of reweighting samples. This creates a training
dataset of closely related data points in the neighbourhood
of the instance x to be explained. Later, MARS (Friedman
1991) constructs a piecewise linear model suitable for high-
dimensional problems. Figure 1 depicts the sampling and
non-linear model training.

N-ball Sampling
In this method, synthetic data are generated within a unit
hypersphere and then scaled by radius r (the region of inter-
est), thereby translating them to be centred at x. LIME sam-
ples randomly from the entire feature space and then weights
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Figure 1: The workflow of the proposed approach includes the following steps: (1) first, select a target instance to be explained,
(2) generate synthetic samples within its neighbourhood using N-ball sampling, (3) assign labels to these samples using the
reference model, and (4) train a MARS surrogate model to approximate the non-linear local decision boundary. Since the
sampling method provides a denser set of local samples, the surrogate model captures the reference black box model’s behavior
more accurately.

Algorithm 1: HF-LIME

1: Input: Model f , number of perturbations N , instance
x ∈ Rn (n number of features), cumulative distribution
function F (·), maximum radius rmax, maximum degree
of interaction D, maximum number of terms Q

2: Output: Feature contribution vector ϕ
3: Z ← {} // initialize set of perturbed samples
4: for i = 1 to N do
5: sample yi ∼ N (0, 1) ∈ Rn

6: si ← yi/∥yi∥ // normalize
7: sample ui ∼ U(0, 1) ∈ Rn

8: ri ← F−1(ui)
9: zi ← x+ ri · si // N-ball sampling

10: Z ← Z ∪ {(zi, f(zi))}
11: end for
12: g ← SURROGATE(Z, D,Q) // z as features, f(z) as

target
13: ϕ← extract(g) // extract the feature contributions
14: return ϕ

those samples based on their proximity to the instance x be-
ing explained. However, this does not fully capture the true
decision boundary in the local region around x, since train-
ing samples farther away are also considered. Instead, N-ball
Sampling allows us to sample directly from the desired dis-
tribution around the local region of x. This generates sam-
ples that follow the dataset distribution around the instance
x and attempts to localize the decision boundary.

Fishman (Fishman 2011) and Harman and Lacko (Har-
man and Lacko 2010) present an efficient method for gener-
ating points uniformly within an n-dimensional hypersphere
(i.e., an n-sphere). If Y ∼ N (0, 1), then the normalized vec-
tor Sn = Y

∥Y ∥ is uniformly distributed on a unit n-sphere. By
further scaling,

Sn · U1/n (1)

where U ∼ U(0, 1), we obtain samples that are uniformly
distributed within the unit n-ball, i.e., the region enclosed by
the n-sphere. This sampling approach ensures that all gen-
erated points lie strictly within the target region, bounded
by a radius r around x. As a result, a surrogate model can
be trained on more relevant samples, thereby improving its

ability to approximate the reference model’s local behavior.
This can lead to more robust outcomes with reduced vari-
ance across algorithm runs.

Sampling is performed in two stages: first, unit vectors
are generated by sampling from a Gaussian distribution
and normalizing each vector to unit length. This ensures
points are uniformly distributed over the surface of a unit
n-dimensional hypersphere in Rn, where n is the dimen-
sionality of the feature space of instance x. Second, radii
are sampled according to the cumulative distribution func-
tion (CDF) weighted by a distance kernel, and each vector
is scaled by its corresponding radius to obtain the perturba-
tion within the n-sphere. The cumulative distribution func-
tion for the radius of a sample is

F (r) =

∫ r

0
K(s)sn−1ds∫ rmax

0
K(s)sn−1ds

, r ≤ rmax (2)

where K(·) is the distance kernel defined on the interval
[0, rmax], where the maximum radius rmax > 0 may vary
depending on the kernel. Sampling is done from Eq. (2)
using inverse transform sampling. Since the corresponding
inverse CDF does not generally have a closed-form solu-
tion (e.g., for the Gaussian kernel used in LIME), it is ap-
proximated numerically. Given a uniform random variable
u ∼ U(0, 1), the sampled radius r is obtained as

r = F−1(u) (3)

When using a Gaussian distance kernel, the support of
the kernel is unbounded, which is incompatible with the
bounded sampling region required for numerical inverse
transform sampling. To enable a fair comparison with the
Gaussian kernel employed by LIME, following LEMON
(Collaris et al. 2023), we use the truncated Gaussian dis-
tance kernel, in which samples are drawn from a Gaussian
distribution with the same kernel standard deviation and re-
stricted to lie within rmax. We choose rmax such that a frac-
tion p ∈ (0, 1) of the sampled points lies within rmax, and
we set p = 0.999 for all experiments. rmax is defined as:

rmax =

√
2σ2 Γ−1

(n
2
, (1− p)Γ

(n
2

))
(4)

where σ is the kernel width, n is the dimensionality of the
instance feature space, Γ(·) denotes the gamma function,
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Γ(z, s) =
∫∞
s

tz−1e−t dt is the upper incomplete gamma
function, and Γ−1(·, ·) is its inverse with respect to the sec-
ond argument. Using a truncated Gaussian distance kernel
with these parameters produces samples whose distributions
closely align with LIME’s weighting scheme, thereby en-
abling a fair and consistent comparison between the two
techniques.

Modeling non-linearity with MARS
After the sampling process, a local surrogate model is
trained on a dataset Z = {(zi, f(zi))}Ni=1, where zi denotes
a perturbed sample generated in the neighborhood of the in-
stance x, and f(zi) represents the corresponding predictions
of the black-box model f . In standard LIME, a linear regres-
sion model is typically used as the surrogate. In contrast, this
work employs MARS to more accurately capture non-linear
decision boundaries in the local neighborhood.

MARS attempts to capture nonlinearity by fitting piece-
wise linear regressions across different intervals of the input
variable’s range (i.e., subregions of the independent vari-
able space). To achieve this, it partitions the input space
into overlapping regions by keeping both the parent and its
child basis functions after splitting a region. Each split gen-
erates a pair of hinge functions that model the behavior on
either side of a selected knot. This removes discontinuities
at partition boundaries, ensuring that the resulting approx-
imations are continuous with continuous derivatives. This
construction demonstrates significant flexibility, allowing it
to capture highly nonlinear relationships with complex inter-
actions. A stepwise regression approach is used to construct
a local surrogate model in which a set of basis (hinge) func-
tions and their interactions control the prediction. The basis
set C is defined as:

C =
{
(Xj − t)+, (t−Xj)+

}
, t ∈ {x1j , . . . , xNj},

j = 1, . . . , P

(5)

Here, t denotes a knot selected from the observed values
of the predictor Xj . The hinge functions are formulated as:
(x − t)+ = x − t, if x > t, otherwise 0, and (t − x)+ =
t − x, if x < t otherwise 0, where the subscript “+” means
the function takes only the positive value or is zero oth-
erwise. The computational complexity of fitting a MARS
model is higher than that of a linear regression model, how-
ever it retains approximately the same level of interpretabil-
ity, enabling greater fidelity (Hung and Lee 2024).

A local surrogate MARS model is fitted on Z to approxi-
mate the local behavior of the black-box model f :

g(z) = β0 +

Q∑
q=1

βq hq(z) (6)

where hq(z) is the qth basis function (or a product of ba-
sis functions representing interactions) and Q is the total
number of selected basis functions. The contribution of each
basis function at the explained instance x is computed as
ϕq(x) = βq . Feature-level attributions are obtained by ag-
gregating the contributions of all basis functions involving
the same feature or feature interaction.

Experiment and Discussion
In this section, we first define the evaluation metric for mea-
suring the local fidelity of the explanation methods, and then
present the experimental results.

Evaluation Metric
Local fidelity measures how well the local surrogate model
approximates the local behavior of the global black-box
model. Here, RMSE is used to evaluate local fidelity. It in-
dicates the deviation of the predictions of the approximated
model with respect to the reference model. A lower value of
RMSE indicates higher fidelity, as it suggests that the local
surrogate model is more accurate, being closer to the global
model. RMSE is expressed as:

RMSE(ŷr, ŷs) =

√√√√ 1

m

m∑
i=1

(ŷri − ŷsi )
2 (7)

where ŷr is the reference model, ŷs is the surrogate
model, and m is the synthetic sample in the area within ra-
dius rmax and an equivalent distance kernel to the ones used
in LIME and LEMON. We generate m = 50, 000 synthetic
samples within radius rmax using Eq. (2) and an equivalent
distance kernel to the ones used in LIME and LEMON, and
compute the RMSE values between the prediction probabil-
ities of the reference ŷr and surrogate model ŷs for all m
samples in the datasets.

Experimental results
We conducted experiments considering five benchmark
datasets: Wine, Diabetes, Breast Cancer, Credit, Liver Pa-
tient (Collaris et al. 2023). To explain the reference black-
box models, we used three classifiers: a Gaussian Naive
Bayes (GNB), a multilayer perceptron (MLP) with three hid-
den layers of 100 neurons each, and a Random Forest (RF)
with 200 trees.

To assess the robustness of the proposed method to
the choice of locality parameter, we conduct experi-
ments across a wide range of kernel width values, σ ∈
{0.1, 0.3, 0.5, 1.0, 4.0, and 3

4

√
n}, where n is the input di-

mensionality. The default kernel width in LIME is set to
3
4

√
n; however, due to its relatively large magnitude (> 1

for n ≥ 2), it cannot be regarded as truly local. Finally, rmax
was calculated using Eq. (4) with p = 0.999.

Table 1 shows the comparison of the average RMSE
scores across the datasets between HF-LIME and the base-
lines (LIME and LEMON). Bolded values are the best-
performing scores. Results show that HF-LIME consistently
achieves the lowest RMSE values across all datasets, mod-
els, and kernel widths. In particular, HF-LIME improves the
baseline LIME method while also outperforming LEMON
in most cases. On average, HF-LIME achieves a 64.8%
reduction in RMSE compared to LIME, while LEMON
achieves a 47.03% reduction again compared to LIME,
indicating that HF-LIME provides significantly higher lo-
cal fidelity than both LIME and LEMON. Furthermore,
HF-LIME achieves a 32.03% lower RMSE compared to
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Dataset Kernel
width (σ)

Naive Bayes Random forest MLP
LIME LEMON HF-LIME LIME LEMON HF-LIME LIME LEMON HF-LIME

Wine
(n = 13)

0.1 0.009 0.003 0.003 0.041 0.018 0.005 0.064 0.007 0.008
0.3 0.044 0.026 0.024 0.118 0.051 0.017 0.101 0.040 0.019
0.5 0.103 0.071 0.065 0.185 0.082 0.030 0.219 0.142 0.051
1.0 0.258 0.224 0.188 0.156 0.120 0.051 0.262 0.205 0.106
3
4

√
n 0.652 0.303 0.245 0.376 0.124 0.065 0.499 0.273 0.202

4.0 0.848 0.282 0.226 0.545 0.120 0.065 0.811 0.339 0.203

Diabetes
(n = 9)

0.1 0.018 0.016 0.002 0.072 0.036 0.009 0.018 0.015 0.001
0.3 0.057 0.031 0.014 0.141 0.053 0.023 0.050 0.026 0.006
0.5 0.080 0.046 0.034 0.112 0.064 0.036 0.068 0.031 0.017
1.0 0.120 0.110 0.098 0.105 0.088 0.054 0.068 0.061 0.055
3
4

√
n 0.387 0.257 0.212 0.247 0.100 0.062 0.242 0.145 0.139

4.0 0.687 0.348 0.261 0.419 0.096 0.060 0.465 0.192 0.185

Breast cancer
(n = 32)

0.1 0.011 0.006 0.004 0.038 0.015 0.006 0.219 0.115 0.085
0.3 0.052 0.030 0.026 0.103 0.038 0.015 0.418 0.194 0.163
0.5 0.151 0.105 0.077 0.171 0.057 0.024 0.524 0.271 0.224
1.0 0.491 0.263 0.179 0.265 0.072 0.036 0.521 0.295 0.254
3
4

√
n 0.513 0.001 0.001 0.367 0.065 0.040 0.985 0.228 0.287

4.0 0.504 0.002 0.002 0.358 0.065 0.040 0.742 0.292 0.219

Credit
(n = 15)

0.1 0.033 0.026 0.005 0.092 0.045 0.018 0.032 0.013 0.009
0.3 0.218 0.172 0.063 0.150 0.056 0.033 0.153 0.084 0.075
0.5 0.381 0.277 0.118 0.205 0.095 0.049 0.258 0.152 0.140
1.0 0.333 0.304 0.180 0.169 0.150 0.074 0.269 0.250 0.234
3
4

√
n 0.405 0.237 0.196 0.320 0.145 0.090 0.650 0.321 0.308

4.0 0.487 0.226 0.191 0.445 0.140 0.091 0.876 0.348 0.330

Liver
(n = 11)

0.1 0.047 0.026 0.016 0.209 0.063 0.041 0.089 0.049 0.038
0.3 0.449 0.295 0.147 0.257 0.081 0.055 0.233 0.184 0.154
0.5 0.296 0.239 0.175 0.122 0.088 0.060 0.316 0.267 0.199
1.0 0.088 0.079 0.075 0.104 0.093 0.065 0.285 0.266 0.220
3
4

√
n 0.025 0.014 0.014 0.187 0.093 0.068 0.471 0.297 0.269

4.0 0.023 0.003 0.003 0.348 0.091 0.069 0.908 0.341 0.308

Table 1: Comparing the average RMSE values obtained across all instances of datasets considering different black box models,
explanation methods, and kernel widths. Best-performing scores are bolded.

LEMON, demonstrating its superior performance among
baselines.

On Wine dataset, HF-LIME provides significant improve-
ments, particularly at larger kernel widths (e.g., at σ =
4.0) The Diabetes dataset, which has lower dimensionality,
also benefits significantly: at σ = 0.1, RF RMSE drops
from 0.072 (LIME) to 0.009 (HF-LIME). This effect be-
comes more evident in the Breast Cancer dataset, which is
higher-dimensional (n = 32), where LIME produces unsta-
ble results with higher error values. (e.g., MLP RMSE of
0.985 at σ = (3/4)

√
n), while HF-LIME maintains consis-

tently lower values (0.287 under the same setting). Although
LEMON occasionally achieves low RMSE (e.g., GNB at
σ = (3/4)

√
n), these results are not consistently observed

across classifiers.
The choice of kernel width significantly affects local fi-

delity, as it defines the extent of the local neighborhood.
While LIME’s performance decreases rapidly as σ in-
creases, both LEMON and HF-LIME show greater flexi-
bility. Overall, HF-LIME provides the most stable local ex-
planations, consistently maintaining lower RMSE across all
kernel widths.

Fig. 2 illustrates the distribution of RMSE values com-
puted for LIME, LEMON, and HF-LIME across GNB, RF,
and MLP classifiers for Diabetes and Wine datasets. We
kept the default kernel width to σ = (3/4)

√
n, as used by

LIME for a fair comparison. Across all settings, HF-LIME
consistently achieves the lowest median RMSE and a sub-
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(a) Diabetes (GNB) (b) Diabetes (RF) (c) Diabetes (MLP)

(d) Wine (GNB) (e) Wine (RF) (f) Wine (MLP)

Figure 2: RMSE distributions measuring the local fidelity of LIME, LEMON, and HF-LIME methods across GNB, RF, and
MLP classifiers at the default kernel width σ = (3/4)

√
n on the Diabetes and Wine datasets. Lower RMSE indicates higher

local fidelity. HF-LIME consistently achieves lower error and reduced variance across classifiers and datasets, indicating im-
proved local fidelity.

Dataset
Naive Bayes Random Forest MLP

LIME LEMON HF-LIME LIME LEMON HF-LIME LIME LEMON HF-LIME
Wine 0.269 0.040 0.031 0.077 0.008 0.008 0.118 0.036 0.027
Diabetes 0.108 0.032 0.021 0.031 0.004 0.004 0.044 0.007 0.004
Breast Cancer 0.384 0.002 0.002 0.034 0.002 0.002 0.168 0.011 0.009
Credit 0.164 0.090 0.036 0.060 0.014 0.008 0.125 0.034 0.031
Liver 0.096 0.063 0.038 0.059 0.012 0.013 0.101 0.053 0.046

Table 2: Standard deviation of RMSE values, averaged across all kernel widths. Best-performing (lowest) scores are bolded.
HF-LIME performed better than others by having a smaller standard deviation.

stantially smaller interquartile range than both LIME and
LEMON. This indicates that the proposed method produces
explanations that more closely approximate the behavior of
the underlying black-box model while also exhibiting im-
proved stability across instances. In contrast, LIME shows
higher RMSE and greater variance, suggesting low fidelity
and more unstable local explanations. To assess whether the
observed differences in RMSE across explanation methods
are statistically significant, we conducted a one-tailed paired
t-test on the RMSE values calculated for all instances of
the datasets. Across all datasets and classifiers, HF-LIME
achieves statistically significant reductions in RMSE com-
pared to LIME and LEMON (p < 0.05), validating the ef-
fectiveness of the proposed approach in improving local fi-
delity.

Figure 2 also suggests that the spread of RMSE values
is the smallest using the proposed method compared to the
other two approaches. Thus, to measure the stability of lo-

cal surrogate fidelity, we computed the standard deviation
of RMSE values across all datasets and kernel widths. Ta-
ble 2 shows the average standard deviation, obtained by first
computing the standard deviation of RMSE values across in-
stances for each kernel width and then averaging these val-
ues across all kernel widths. This result indicates that the
proposed approach not only generates high-fidelity local ex-
planations but is also stable, with lower variance than the
reference model.

Overall, these experimental results indicate that HF-
LIME offers high-fidelity, robust, and stable explanations
compared to both LIME and LEMON. The boost in fidelity
comes from integrating N-ball sampling, which enhances
the locality of the decision boundary, with the MARS surro-
gate model, which effectively captures the underlying non-
linear relationships. Its stability across kernel widths, effec-
tiveness on higher-dimensional datasets, and consistent im-
provements across classifiers demonstrate its suitability as
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a more accurate method for explaining reference black-box
models.

Conclusion
This paper proposes a novel method designed to improve the
fidelity of local explanation. By integrating N-ball sampling
with MARS surrogate, it localizes the decision boundary and
captures nonlinear relationships more effectively than exist-
ing methods such as LIME and LEMON. Through experi-
ments on five real-world datasets, we demonstrated that HF-
LIME consistently outperforms baseline methods in terms
of RMSE. On average, HF-LIME achieves a 64.8% reduc-
tion in RMSE compared to LIME and a 32% reduction com-
pared to LEMON, confirming its ability to generate higher-
fidelity explanations. The statistical analysis shows that HF-
LIME achieves statistically significant improvements in lo-
cal fidelity while demonstrating lower variability across ker-
nel widths, resulting in more stable local explanations than
existing methods. Future work will focus on further improv-
ing explanation stability, consistency, and extending the pro-
posed method to other data modalities, such as images and
time-series data. Addressing these prospects will further ad-
vance the goal of reliable, faithful, and robust explanations
for complex real-world systems.
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