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Abstract

The proliferation of complex, black-box AI models has in-
tensified the need for techniques that can explain their de-
cisions. Feature attribution methods have become a popular
solution for providing post-hoc explanations, yet the field has
historically lacked a formal problem definition. This paper
addresses this gap by introducing a formal definition for the
problem of feature attribution, which stipulates that expla-
nations be supported by an underlying probability distribu-
tion represented by the given dataset. Our analysis reveals
that many existing model-agnostic methods fail to meet this
criterion, while even those that do often possess other lim-
itations. To overcome these challenges, we propose Distri-
butional Feature Attribution eXplanations (DFAX), a novel,
model-agnostic method for feature attribution. DFAX is the
first feature attribution method to explain classifier predic-
tions directly based on the data distribution. We show through
extensive experiments that DFAX is more effective and effi-
cient than state-of-the-art baselines.

Extended version — https://arxiv.org/abs/2511.09332

Introduction
Recent years have witnessed a rapid growth and widespread
adoption of artificial intelligence (AI). However, a major
challenge remains: most state-of-the-art models are black-
boxes which are unable to explain their own decisions. This
lack of transparency has motivated the development of ex-
plainable AI (XAI) techniques, a field dedicated to helping
users understand and trust these models (Minh et al. 2022).

Feature attribution has emerged as a crucial XAI tech-
nique for providing post-hoc explainability by computing
contribution scores, which quantify the importance of in-
put features with respect to the output of a model (Arrieta
et al. 2020). These methods are broadly categorized as either
model-specific or model-agnostic. The model-specific ap-
proach leverages the knowledge concerning the model’s in-
ternal structure. For example, numerous methods have been
proposed for deep neural networks (DNNs) (Zhu et al. 2024;
Walker et al. 2024), and they often require access to differ-
entiable gradients in DNN. This reliance restricts their appli-
cability to DNN only. In contrast, model-agnostic methods
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treat a model as a black-box, generating feature attributions
solely by observing and analyzing the model’s input-output
behavior. This approach makes them universally applica-
ble to any model, regardless of model types. Major families
of model-agnostic feature attribution methods include local
approximation and perturbation-based approaches (Li et al.
2023; Ivanovs, Kadikis, and Ozols 2021).

Despite years of research and the development of numer-
ous methods, the field of feature attribution has, until now,
lacked a formal problem definition. This foundational gap
complicates the analysis and comparison of different meth-
ods. In this paper, we are motivated to provide a formal def-
inition for the task of feature attribution. Our proposed defi-
nition serves as a foundational criterion, establishing a clear
standard for the analysis of specific methods.

Furthermore, our analysis of existing methods reveals that
even those that satisfy our proposed problem definition often
suffer from other limitations restricting their performance or
practical applicability. To address these issues, we introduce
Distributional Feature Attribution eXplanations (DFAX), a
novel model-agnostic method for explaining classifier pre-
dictions based on the probability distribution of a given
dataset. DFAX is designed to adhere to our formal problem
definition while simultaneously overcoming the key limita-
tions of prior approaches.

The main contributions of this work are:

• We introduce a formal definition for the problem of fea-
ture attribution, which provides a key criterion for the
analysis and design of feature attribution methods.

• With this problem definition, we conduct an analysis of
existing methods, identifying their individual limitations.

• We propose the DFAX scheme which complies with the
definition and does not have the identified limitations of
prior methods. To the best of our knowledge, DFAX is
the first explainer to approach feature attribution by di-
rectly leveraging the underlying data distribution.

• Through extensive quantitative and qualitative experi-
ments, we demonstrate the superior effectiveness and
efficiency of DFAX compared to other state-of-the-art
model-agnostic methods for feature attribution.
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Figure 1: Illustrations of two existing families of methods, shown in (a) & (b); and the proposed DFAX, shown in (c).

Related Work
This section reviews the two predominant families of
model-agnostic feature attribution methods, followed by an
overview of kernel density estimation, a core component of
our proposed DFAX method.

Local Approximation Methods
Local approximation methods, as illustrated in Figure 1(a),
operate by first defining a neighborhood around the target
instance and then fitting a simple surrogate model to the
classifier’s predictions within this local region. Feature at-
tributions are then derived from this local surrogate model.

A prominent example is LIME (Ribeiro, Singh, and
Guestrin 2016), which generates its neighborhood by cre-
ating synthetic points around the target instance via ran-
dom sampling before fitting an explanatory linear model.
DLIME (Zafar and Khan 2021), a deterministic version
of LIME, leverages agglomerative hierarchical clustering
on the training data to define the neighborhood. Similarly,
MAPLE (Plumb, Molitor, and Talwalkar 2018) and SLISE
(Björklund et al. 2023) select neighboring points from the
given dataset instead of generating synthetic points as done
in LIME. MAPLE weights these neighbors to produce more
faithful local explanations, while SLISE fits a sparse, locally
linear regression model whose coefficients serve as feature
attributions. Focusing on improving stability and unidirec-
tionality, LINEX (Dhurandhar et al. 2023) minimizes sensi-
tivity to perturbations in a way inspired by the invariant risk
minimization (IRM) principle. The specific implementation
of LINEX can vary, as the local environments for IRM may

be created differently depending on the application scenario.

Perturbation-Based Methods
As depicted in Figure 1(b), perturbation-based methods op-
erate by perturbing a feature’s value and measuring the re-
sulting degradation in the classifier’s performance (e.g., the
decrease in the predicted probability for the target class).

A famous method in this category is SHAP (Lundberg
and Lee 2017), which is grounded in cooperative game the-
ory and calculates feature importance using Shapley values
(Shapley 1953), the marginal contribution of each feature to
the prediction for the target instance. The practical imple-
mentation of SHAP varies based on how this contribution is
estimated. A theoretically pure approach, based on Shapley
regression values (Lipovetsky and Conklin 2001), requires
retraining the classifier on all possible subsets of features.
Common implementations instead use Shapley sampling
values (Strumbelj and Kononenko 2014). These methods
avoid retraining by using the original classifier trained with
all feature present, and observing its performance changes
on perturbed instances created by combining feature-values
from the target instance and a background dataset.

Another perturbation-based method is PFI (Fisher, Rudin,
and Dominici 2019), a model-agnostic version of the origi-
nal PFI (Breiman 2001). PFI measures the importance of a
feature by the expected loss in classifier performance after
permuting the feature with values across the entire dataset.

Kernel Density Estimation
A kernel density estimator (KDE) is a non-parametric
method for estimating the density/probability of each point
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in a given dataset (Rosenblatt 1956; Ting et al. 2021). Given
a dataset X ⊂ Rd, the KDE at any point x∗ ∈ Rd is defined
as:

K(x∗|X) =
1

|X|
∑
x∈X

κ(x∗,x)

where κ is a point kernel. Different choices of κ yield differ-
ent estimators. For example, a Gaussian kernel results in the
Gaussian Kernel Density Estimator (GKDE), while the Iso-
lation Kernel (Ting, Zhu, and Zhou 2018) produces Isolation
Kernel Density Estimator (IKDE) (Ting et al. 2021).

A fast alternative to GKDE in outlying aspects mining
tasks (Wells and Ting 2019) is SiNNE (Samariya et al.
2020), which is a simplified version of iNNE (Bandaragoda
et al. 2014). While originally designed to estimate anomaly
scores, SiNNE can be used as an efficient substitute for KDE
in our feature attribution task.

The KDE computation can be significantly accelerated
if the point kernel can be approximated as κ(x, y) ≈
⟨φ(x), φ(y)⟩ via some technique like the Nyström method
(Williams and Seeger 2000), where φ is a finite-dimensional
feature map approximating the feature map of κ. With this,
the KDE can be re-expressed as:

K(x∗|X) ≈
〈
φ(x∗), Φ̂(X)

〉
where Φ̂(X) = 1

|X|
∑

x∈X φ(x) is the kernel mean map of
X (Muandet et al. 2017). This allows any subsequent proba-
bility/density estimation to be performed in O(1) time after
a one-off computation for the kernel mean map of X.

Problem Definition
When the objective is to understand the model’s logic on its
operational data distribution, the problem of feature attribu-
tion can be formally defined as follows:

Let A = {sj}dj=1 be the set of features and m be the total
number of classes. Let f be a classifier trained on a dataset
D ⊂ Rd, which maps inputs to either a predicted class or
a predicted probability for a target class (f : Rd 7→ [m]
or [0, 1]). Let x∗ ∈ Rd be the target instance and X =
{xi}ni=1 ⊂ Rd be a given dataset. We assume x∗, X, and D
are all independent and identically distributed (i.i.d.) sam-
ples from the same underlying probability distribution P .

Definition 1 (Feature Attribution). For a target instance
x∗ ∼ P with features A whose prediction y∗ = f(x∗)
is produced by classifier f , the task of feature attribution
aims to provide an explanation as a score I(x∗, s|X) to
each feature s ∈ A. This score quantifies the influence of
the specific feature-value, x∗

s , on the classifier f to pro-
duce the prediction y∗, where a higher score indicates a
greater influence towards this prediction. The explanatory
model, I(·|X), must be built directly from the dataset X,
which reflects the underlying distribution P , and the score
I(x∗, s|X) is valid if and only if it is supported by P .

A crucial tenet of this definition is the role of the dataset
X, which serves as an empirical representation of the un-
derlying distribution P . Any modification to X that changes
the underlying distribution, in the process of building the

explanatory model I(·|X), invalidates its feature attribution.
This is because building the explanatory model using syn-
thetic or out-of-distribution (OOD) instances produces ex-
planations based on a distribution where the model’s behav-
ior is irrelevant or inapplicable. In a nutshell, the key cri-
terion of Definition 1 is that the explanatory model I(·|X)
and its explanation I(x∗, s|X) must be supported by the dis-
tribution P which is represented by the unmodified dataset
X (no OOD instance is used for generating feature attribu-
tions).

Analyses of Existing Methods
Definition 1 provides the criterion for assessing any feature
attribution method. In this section, we analyze the two pre-
dominant families of model-agnostic methods.

(a) Local approximation methods. Some of these meth-
ods satisfy Definition 1. For example, given the training
dataset D = X for the classifier f , DLIME (Zafar and
Khan 2021) selects a neighboring cluster around the target
instance from X, upon which it fits a linear regression model
LR(x) = ωx + b. LR works as the explanatory model I
in Definition 1. For each feature si ∈ A of the target in-
stance x∗, the coefficient ωi in LR corresponds to the score
I(x∗, si|X) stated in the definition. Note that while DLIME
utilizes the unmodified X to build the explanatory model,
thus satisfying Definition 1, it only uses a small subset of X
which corresponds to a local region that DLIME focuses on
to build LR, due to its reliance on fitting a simple surrogate
model in a selected local neighborhood. This is an inherent
limitation of local approximation methods.

Other methods in this family, such as LIME (Ribeiro,
Singh, and Guestrin 2016), not only share this limitation of
a local focus but also fail to satisfy the criterion of Defini-
tion 1. This is because their explanatory models are fitted
to a synthetic neighborhood generated via random perturba-
tion, independent of distribution P .

(b) Perturbation-based methods. Some of these meth-
ods, such as an implementation of SHAP (Lundberg and Lee
2017) that calculates the Shapley regression values (Lipovet-
sky and Conklin 2001), comply with Definition 1. The score
it produces is given by:

I(x∗, s|X) =
∑

S⊆A\{s}

MS

(
FS∪{s}(x

∗)− FS(x
∗)
)

where MS =
|S|!(|A| − |S| − 1)!

|A|!

(1)

where n! is the factorial of n, and FS is the estimated proba-
bility function of the classifier f retrained using only a sub-
set of features S ⊆ A, with all other features withheld.

In this case, D = X in the subspace defined by the feature
subset S is used for building the explanatory model I , satis-
fying the criterion of being supported by P in Definition 1.

However, calculating Shapley regression values is compu-
tationally infeasible. Practical implementations commonly
use Shapley sampling values (Strumbelj and Kononenko
2014), which introduce two key approximations. First, in-
stead of iterating through the entire power set of A \ {s}
with 2d−1 feature subsets, Equation 1 is approximated by

23223



sampling a tractable number of subsets. Second, to avoid
repeatedly retraining the classifier, FS(x

∗) is replaced by
E
[
fprob(x̃S) | x̃S ∈ X̃S

]
which is the expected output of

the classifier fprob. As fprob is trained on D with all features,
the dataset X is modified for the feature subset S as follows:
X̃S contains instances originally the same as X, except that
for each instance x̃S ∈ X̃S , its feature-values in the subset
S are replaced with those in the target instance x∗, while the
values for the remaining features are kept unchanged.

While enhancing efficiency, this approximation method of
SHAP does not satisfy Definition 1, because it modifies X
into X̃S , mixing feature-values from x∗ and the instances
in X. These synthetic instances invalidate the key criterion
of feature attribution stated in Definition 1, i.e., they are not
i.i.d. samples from the distribution P for which the classifier
was trained. Consequently, the explanation is inappropriate
as it is not supported by P . This is a common oversight for
most methods in this family, a result of designing a method
without knowing the problem definition.

Note that while methods like LIME and Shapley sampling
values do not satisfy Definition 1, they address a different
objective: understanding model behavior across the entire
input space, rather than on its operational data distribution
(Chen et al. 2020). However, this objective has limited prac-
tical applications. For most real-world XAI purposes, the
primary goal is to understand model behavior specifically on
the data distribution it was trained and qualified to operate
on (Freiesleben and König 2023).

Definition 1 provides the criterion for assessing whether
a method has any compliance issues. Our analysis above
shows that while some existing methods satisfy the criterion
stated in Definition 1, others do not. A serious oversight of
existing methods is the misuse of X, creating synthetic in-
stances that violate the underlying distribution P . This fun-
damentally conflicts with the objective of understanding a
model’s logic on its operational data distribution. Another
limitation of many methods is the inability to fully utilize
X. The above analyses reveal the importance of Definition 1,
which serves as a guide in designing a reliable method that
complies with the objective and makes the full use of X.

Proposed Method: DFAX
With the above-mentioned limitations of existing methods,
we are motivated to develop a better approach that not only
solves the problem of feature attribution defined in Defini-
tion 1, but also overcomes the identified limitations. A sim-
ple yet effective solution is via a distributional approach.

Let the predicted class for the target instance be
y∗ = f(x∗), and the corresponding predictions for X be
{yi}ni=1 = {f(xi)}ni=1. In the subspace defined by any fea-
ture s ∈ A, the distribution, i.e., the conditional probability,
for a subset of classes C ⊆ [m], denoted as ps(·|C), can
be estimated from the subset of points XC = {xi | xi ∈
X and yi ∈ C}. Our proposed Distributional Feature Attri-
bution eXplanations (DFAX) method is then defined as:

Definition 2 (DFAX). Given the target instance x∗ and fea-
ture s ∈ A, DFAX computes the score as the difference be-

tween the conditional probability of x∗ given the target class
and that given all the other classes:

I(x∗, s|X) = ps(x∗ | {y∗})− ps(x∗ | [m] \ {y∗})
= Ks

(
x∗|X{y∗}

)
−Ks

(
x∗|X \X{y∗}

)
where the probability is computed using a KDE Ks in the
one-dimensional subspace defined by feature s.

In contrast to the two major families of model-agnostic
feature attribution methods, DFAX operates directly from a
distributional perspective, as illustrated in Figure 1(c). By
measuring the probabilities based on the feature s, condi-
tional on some classes, DFAX quantifies the extent to which
the feature-value of the target instance x∗ characterizes the
data points belonging to the target class in X, while it does
not characterize points from all other classes at the same
time. To the best of our knowledge, DFAX is the first fea-
ture attribution approach based on this principle.

DFAX satisfies Definition 1 as the unmodified X from
distribution P is used to estimate conditional probability.
The role of X in DFAX is similar to that of the training
set used in the k-nearest neighbors algorithm. Following the
lazy learning approach, DFAX defers the computation of
probability until the target instance is provided, rather than
learning an explicit explanatory model beforehand.

Compared with existing methods that comply with Def-
inition 1, DFAX makes full use of the global information
contained in the entire dataset X, rather than limiting itself
to a local region that corresponds only to a subset of X.
Moreover, DFAX allows for significant computational accel-
eration in practice. If the kernel used for density estimation
has (or can be approximated by) a finite-dimensional feature
map, the kernel mean map of X can be pre-computed before
the target instance is provided. This one-off pre-computation
dramatically speeds up the attribution process, especially
when there are multiple target instances to explain.

DFAX has several other desirable characteristics. First,
its feature attribution process is fully decoupled from the
classifier. DFAX operates solely on X and its pre-computed
predictions, eliminating the need for further queries to the
classifier f , which is ideal for scenarios where the classifier
is expensive to query or unavailable due to privacy or pro-
prietary concerns. By substituting predictions with ground-
truth labels, this decoupling also enables DFAX to explain
the data’s inherent class structure, independent of any spe-
cific classifier. Second, DFAX utilizes global distributional
information, generating attributions based on characteristic
properties of the target class and non-target classes. This is
distinct from local methods that are often sensitive to neigh-
borhood selection (Visani, Bagli, and Chesani 2020).

Experiments
In this section, we demonstrate the effectiveness and effi-
ciency of the proposed DFAX method through both quanti-
tative and qualitative evaluations.

Experimental Setup
All experiments were conducted on a server equipped with
an AMD EPYC 7742 CPU, an NVIDIA RTX A6000 GPU,
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Datasets #inst #feat #cls Classifier, acc
Diabetes 520 16 2 RF, .98
HER2st 527 314 6 RF, .73
Rice 3,810 7 2 LR, .91
Waveform 5,000 40 3 LR, .86
Bankruptcy 6,819 95 2 AB, .97
RottenTomatoes 10,662 300 2 NB, .76
Pendigits 10,992 16 10 SVM, .99
DryBean 13,611 16 7 SVM, .98
MNIST 70,000 784 10 MLP, .99
FMNIST 70,000 784 10 ResNet, .94

Table 1: Datasets and classifiers used in the experiments,
along with the characteristics of the datasets and testing ac-
curacies of the classifiers. #inst stands for the number of in-
stances, feat for features, cls for classes, RF for Random For-
est, LR for Logistic Regression, AB for AdaBoost, NB for
Naive Bayes, SVM for Support Vector Machine, MLP for
Multi-Layer Perceptron, and ResNet for Residual Network.

and 1TB of memory. The system was running Ubuntu
20.04.2 (Linux kernel 5.4.0) with Python 3.9.12. Unless
specified otherwise, we employ GKDE as the default KDE
in our implementation of DFAX.

Datasets. The experiments are conducted on ten real-
world datasets covering diverse modalities including tabular,
text, and image, many of which have been utilized in prior
studies (Asuncion, Newman et al. 2007; LeCun et al. 2002;
Xiao, Rasul, and Vollgraf 2017; Andersson et al. 2020; Pang
and Lee 2005). All features within each dataset are standard-
ized. We randomly select 100 samples from each dataset as
the testing set, with the remaining samples forming the train-
ing set. The training set D is used as X when required by a
feature attribution method, while the testing set also serves
as the set of target instances whose attributions are sought in
the quantitative experiments.

Classifiers. For each dataset, we train a classifier on the
training set and use it for prediction of the target instances
in the testing set. A wide range of classifiers, such as support
vector machine with radial basis function kernel, ensemble
methods, and neural networks, are employed in this process
(Breiman 2001; Freund and Schapire 1995; He et al. 2016).
Table 1 provides the details of the datasets and classifiers.

Baseline methods. We compare DFAX against five
state-of-the-art model-agnostic feature attribution methods:
LINEX (Dhurandhar et al. 2023), SLISE (Björklund et al.
2023), SHAP (Lundberg and Lee 2017), MAPLE (Plumb,
Molitor, and Talwalkar 2018), and DLIME (Zafar and
Khan 2021). These selected baselines represent the two
predominant families of methods: local approximation and
perturbation-based. SLISE, MAPLE, and DLIME comply
with the criterion of Definition 1, while the implementations
of LINEX and SHAP we use here do not. It should be noted
that while variants of LINEX and SHAP exist that also sat-
isfy this definition, they have other limitations that restrict
their general use. Therefore, to ensure a practical compar-

ison, we evaluate the most widely applicable implementa-
tions of LINEX and SHAP. In addition, a random baseline
is incorporated as a sanity check in the quantitative evalua-
tion. The hyperparameter specifications for all methods and
datasets are provided in Appendix A.

Quantitative Evaluation
First, we quantitatively verify the effectiveness of DFAX
through extensive comparative experiments.

Evaluation metrics. We adopt the deletion and insertion
scores (Petsiuk, Das, and Saenko 2018) as our evaluation
metrics. The deletion score measures the Area Under the
Curve (AUC) of the classifier’s predicted probability for the
target class of a given instance, as important features found
by a feature attribution method are progressively masked
with random values drawn from a standard normal distri-
bution, while the insertion score does so as features are in-
crementally reintroduced. These scores quantify the fidelity
of the attribution to the classifier (Klein et al. 2024). They
have been widely adopted in the literature as established
metrics for evaluating feature attribution methods (Walker
et al. 2024; Li et al. 2023; Zhu et al. 2024).

Results. Table 2 presents the quantitative evaluation re-
sults for different model-agnostic feature attribution meth-
ods based on the deletion and insertion scores, along with
their average scores and average rankings across all datasets.

The proposed DFAX (DFAXG and DFAXS implementa-
tions) significantly outperforms other baseline methods, se-
curing the first or second rank on nine of the ten datasets.
The only exception is the Diabetes dataset, where the perfor-
mances of the top three methods are comparable. Between
the two implementations, DFAXG generally shows better re-
sults than DFAXS, especially in terms of the insertion score.

Among other baseline methods evaluated, DLIME ex-
hibits the strongest performance, followed by LINEX. How-
ever, DFAX outperforms both of them by a large margin.
Note that the average insertion scores for both SHAP and
MAPLE fall below the random baseline, thus failing the san-
ity check. Some of the baseline methods, i.e., LINEX and
SHAP, do not comply with the criterion of being supported
by the distribution P stated in Definition 1. While others
(DLIME, SLISE, and MAPLE) do, they do not fully exploit
the information in X.

Two key factors contribute to the outstanding perfor-
mance of DFAX. First, DFAX derives feature attributions
supported by the underlying data distribution P which is
empirically represented by the provided dataset X. Second,
DFAX makes full use of X, leveraging global distributional
information from the entire dataset.

Qualitative Evaluation
Here, we aim to show through several examples that DFAX
produces more intuitive attributions with better quality.

RottenTomatoes. This dataset consists of movie review
snippets from the Rotten Tomatoes website. After TF-IDF
vectorizing the snippets and acquiring the trained classifier’s
predictions, the task is to identify the most important word in
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Metrics Datasets DFAXG DFAXS LINEX SLISE SHAP MAPLE DLIME Random

Deletion
Score ↓

Diabetes .5442 .5420 .6918 .7058 .6634 .6744 .5422 .7182
HER2st .1247 .2395 .4393 .4358 .3911 .4725 .4560 .4672

Rice .6387 .6321 .6849 .6859 .7050 .8203 .7458 .7224
Waveform .2621 .2650 .4544 .4559 .4905 .5814 .4335 .6020
Bankruptcy .5944 .6129 .6166 .6164 .6765 .6169 .6277 .6312

RottenTomatoes .1213 .0682 .6120 .7395 .5484 .7397 .3138 .7034
Pendigits .2529 .2645 .3766 .4041 .3651 .3997 .2845 .4248
DryBean .3148 .3263 .4705 .4786 .5397 .4662 .4754 .4933
MNIST .1608 .1535 .5847 .6456 .4779 .5932 .4591 .6351

FMNIST .2299 .2403 .3565 .2894 .3887 .3069 .2567 .3112
Average .3244 .3344 .5287 .5457 .5246 .5671 .4595 .5709

Avg. Ranking 1.5 1.6 4.8 5.5 5.4 6.1 4.1 7.0

Insertion
Score ↑

Diabetes .8738 .8727 .7643 .7375 .7352 .7789 .8781 .7454
HER2st .8119 .6962 .5023 .5078 .4648 .4749 .4851 .4762

Rice .8028 .8136 .7809 .7800 .7260 .6459 .7142 .7389
Waveform .8906 .8820 .7415 .7338 .6371 .6364 .7697 .6154
Bankruptcy .6557 .6387 .6354 .6353 .5720 .6341 .6238 .6204

RottenTomatoes .9907 .9904 .8714 .7494 .6237 .7483 .9550 .7668
Pendigits .5903 .5524 .4462 .4171 .4024 .4146 .5407 .4095
DryBean .6681 .6570 .5246 .5236 .4425 .5323 .5371 .5039
MNIST .9269 .9212 .6293 .6622 .4794 .6137 .7128 .6494

FMNIST .4975 .4454 .4302 .3166 .3797 .3205 .3952 .3119
Average .7708 .7470 .6326 .6068 .5463 .5800 .6612 .5838

Avg. Ranking 1.2 2.0 4.1 5.1 7.3 6.1 3.8 6.4

Table 2: Comparison of different model-agnostic feature attribution methods based on deletion and insertion scores. The results
are averaged over 100 target instances × 100 random trials. DFAXG and DFAXS employ GKDE and SiNNE as the kernel
density estimator, respectively. ↓ indicates that a lower value for the evaluation metric is better, while ↑ indicates the higher the
better. The best results are shown in boldface and the second-best results are underlined.

each snippet signifying its sentiment using a feature attribu-
tion method. DLIME is selected for comparison with DFAX
in this task as it is a leading baseline method in our preced-
ing quantitative experiments. It serves as a representative for
the baseline feature attribution methods.

As presented in Table 3, DFAX identifies words such as
“compelling”, “fascinating”, and “moving” as most indica-
tive of positive sentiment, while highlighting “bad”, “dull”,
and “too” for negative sentiment. In contrast, DLIME fails
to identify reasonable words. For instance, it selects “real”
over “compelling” for a positive review and “humor” over
“bad” for a negative one. These examples suggest the supe-
rior quality of the attributions generated by DFAX.

HER2st. Spatial transcriptomics (ST) is a pivotal technol-
ogy for scientists to profile gene expression and spatial in-
formation in tissue samples (Marx 2021). A key application
of ST is in oncology, where the over-expression of the hu-
man epidermal growth factor receptor 2 (HER2) gene de-
fines the major subtypes of breast cancer. Here we use the
HER2st dataset containing HER2-positive breast tumor data
collected from an ST platform. This dataset comprises 527
cells, each characterized by a pair of spatial coordinates and
the expression values of the 314 most highly variable genes.
While previously utilized in clustering (Zhang et al. 2025),
this dataset is also well-suited for feature attribution, an ap-
plication that allows scientists to identify which genes are

most critical in determining a cell’s tissue type.
We train a classifier and obtain initial tissue predictions

for each cell, which are visualized in Figure 2(a), plotted us-
ing the spatial coordinates provided in the dataset. Then a
feature attribution method is employed to identify the 157
(i.e., half the total) most salient genes for each cell. The
remaining non-salient genes are then masked with random
expression values, and the classifier’s predictions are re-
evaluated on these masked cells.1 The underlying assump-
tion is that an effective attribution method should preserve
the most critical genes, thus maintaining high prediction ac-
curacy even after masking (the initial predictions serve as
the ground truth labels for this accuracy calculation).

The prediction results for DFAX and DLIME are il-
lustrated in Figures 2(b) and 2(c), respectively. Cells for
which the re-evaluated predictions do not match the initial
predictions are marked with a cross. As depicted, DFAX
achieves a high accuracy of 95.64%, significantly outper-

1It is important to distinguish this evaluation protocol from the
explanatory model building process. Definition 1 requires that the
explanatory model be derived from the unmodified dataset X, a
criterion to which our method adheres. The data modification de-
scribed here is an evaluation protocol used solely to assess any fea-
ture attribution methods, after the explanatory models are built. The
modification is applied to the testing instances rather than to X.
This evaluation protocol is similar to that used in the deletion and
insertion scores reported in the quantitative experiments.
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Positive example 1 Positive example 2 Positive example 3
the film’s real appeal won’t be to clooney
fans or adventure buffs, but to moviegoers
who enjoy thinking about compelling
questions with no easy answers

a fascinating, bombshell documentary
that should shame americans. . .

. . .moving film that respects its
audience and its source material

Negative example 1 Negative example 2 Negative example 3
contains the humor, characterization,
poignancy, and intelligence of a bad sitcom

a dark, dull thriller with a parting shot
that misfires . . . one resurrection too many

Table 3: Example snippets with positive and negative sentiments from the RottenTomatoes dataset. The most important word
in a snippet found by DFAX is shown in boldface, while that found by DLIME is in italic.

(b) (c)(a)

Figure 2: Visualization of tissue predictions on the HER2st dataset. (a) Initial predictions for the original cells with all 314
genes. (b-c) Predictions based on the 157 salient genes only, identified by (b) DFAX and (c) DLIME.

Figure 3: Runtime of the methods in seconds (log-scale).

forming DLIME’s 79.51%. Notably, DFAX results in only
6 misclassifications of cancer cells, compared to 44 for
DLIME. These findings strongly demonstrate the effective-
ness of DFAX and highlight its potential for real-world sci-
entific applications.

MNIST and FMNIST. Additional qualitative evaluations
on these two image datasets can be found in Appendix B.

Runtime Comparison
To demonstrate the efficiency of DFAX, we provide in Fig-
ure 3 an empirical runtime comparison on three representa-
tive datasets of varying sizes, feature counts, and numbers
of classes. It reports the total time required for each method

to generate feature attributions for a single target instance.
Figure 3 shows that DFAX achieves the shortest runtime
on all three datasets. Notably, DFAX is often faster than
other baselines by orders of magnitude. This runtime com-
parison underscores the efficiency of DFAX, affirming its
practicality for generating feature attributions in large-scale
real-world applications.

Conclusions
The proposed DFAX is the first fast and effective feature
attribution explainer to operate directly from a distributional
perspective by means of probability/density estimation. This
is made possible via a formal definition for the problem of
feature attribution, which reveals the importance of gener-
ating explanations supported by distribution P . Our exten-
sive experiments have demonstrated both quantitatively and
qualitatively the superiority of DFAX over other state-of-
the-art methods, and the efficiency of DFAX was also con-
firmed through runtime comparisons.

We contend that many of the limitations found in exist-
ing model-agnostic feature attribution methods stem from
one underlying issue: they have been designed and evalu-
ated without fully understanding the problem, a direct con-
sequence due to the absence of a formal problem definition.
The proposed formal definition addresses this gap, establish-
ing a guideline for the evaluation and design of any explana-
tion methods for feature attribution.

In the near future, we plan to investigate the axiomatic
properties of DFAX, and to extend DFAX to the task of
feature-group attribution.

23227



Acknowledgments
Kai Ming Ting is supported by the National Natural Science
Foundation of China (Grant No. 92470116).

References
Andersson, A.; Larsson, L.; Stenbeck, L.; Salmén, F.;
Ehinger, A.; Wu, S.; Al-Eryani, G.; Roden, D.; Swarbrick,
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