The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

ShapBPT: Image Feature Attributions Using Data-Aware Binary Partition Trees

Muhammad Rashid', Elvio G. Amparore!, Enrico Ferrari’, Damiano Verda’

1University of Torino, Computer Science Department, C.so Svizzera 185, 10149 Torino, Italy
2Rulex Innovation Labs, Via Felice Romani 9, 16122 Genova, Italy
{muhammad.rashid, elviogilberto.amparore } @unito.it, {enrico.ferrari, damiano.verda} @rulex.ai

Abstract

Pixel-level feature attributions are an important tool in eX-
plainable Al for Computer Vision (XCV), providing visual
insights into how image features influence model predictions.
The Owen formula for hierarchical Shapley values has been
widely used to interpret machine learning (ML) models and
their learned representations. However, existing hierarchical
Shapley approaches do not exploit the multiscale structure
of image data, leading to slow convergence and weak align-
ment with the actual morphological features. Moreover, no
prior Shapley method has leveraged data-aware hierarchies
for Computer Vision tasks, leaving a gap in model inter-
pretability of structured visual data.

To address this, this paper introduces ShapBPT, a novel data-
aware XCV method based on the hierarchical Shapley for-
mula. ShapBPT assigns Shapley coefficients to a multiscale
hierarchical structure tailored for images, the Binary Partition
Tree (BPT). By using this data-aware hierarchical partition-
ing, ShapBPT ensures that feature attributions align with in-
trinsic image morphology, effectively prioritizing relevant re-
gions while reducing computational overhead. This advance-
ment connects hierarchical Shapley methods with image data,
providing a more efficient and semantically meaningful ap-
proach to visual interpretability. Experimental results confirm
ShapBPT’s effectiveness, demonstrating superior alignment
with image structures and improved efficiency over existing
XCV methods, and a 20-subject user study confirming that
ShapBPT explanations are preferred by humans.

Code — https://github.com/amparore/shap_bpt
Tests — https://github.com/rashidrao-pk/shap_bpt_tests
Tech. Appendix — https://zenodo.org/records/17570695

Introduction

A fundamental challenge in Machine Learning (ML) for
Computer Vision is explaining how a black-box model clas-
sifies images, providing insights into the representations the
model has learned from data. A key approach to this prob-
lem involves attributing importance scores to individual pix-
els, identifying their contribution to the model’s decision-
making process. This task, commonly referred to as ex-
plaining model predictions, plays a crucial role in enhanc-
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ing interpretability and trust in Al-driven image classifica-
tion. One of the most widely used methods for this purpose
is SHAP (SHapley Additive exPlanations), which applies
game-theoretic principles to ML explainability. SHAP com-
bines feature removal (masking) (Lundberg and Lee 2017)
with hierarchical image partitioning (Lundberg 2020), com-
puting feature attributions over a refinable axis-aligned (AA)
grid of pixels to approximate the regions most relevant to an
image classifier. Another influential method is LIME (Local
Interpretable Model-agnostic Explanations) (Ribeiro, Singh,
and Guestrin 2016), which, despite lacking theoretical guar-
antees, remains popular for its ability to pre-identify relevant
image regions through segmentation. However, LIME and
similar approaches rely on predefined segmentation match-
ing the relevant image regions, and they cannot adaptively
refine these regions if the initial segmentation is inadequate,
limiting their effectiveness for complex image data.

Since models learn to recognize structured patterns from
image data, an image classifier is expected to base its deci-
sions on a hierarchical representation that captures distinct
morphological characteristics—such as shape, texture, and
color continuity—of the classified objects. A key challenge
lies therefore in integrating theoretically sound attribution
methods, such as Shapley coefficients, with data-aware im-
age hierarchies. Computing Shapley coefficients over adap-
tive, data-driven hierarchical partitions can enhance inter-
pretability by aligning attributions more closely with the
model’s learned representations. However, for this approach
to be effective, the partitions must remain flexible and refin-
able, rather than being imposed a priori (as done by LIME
or similar approaches).

This paper provides the following contributions:

1. A novel hierarchical model-agnostic XCV method for
images, named ShapBPT, that integrates an adaptive
multi-scale partitioning algorithm with the Owen approx-
imation of the Shapley coefficients. We repurpose the
BPT (Binary Partition Tree) algorithm (Salembier and
Garrido 2000) to effectively construct hierarchical struc-
tures for explainability. This approach overcomes the
limitations of the inflexible hierarchies of state-of-the-art
methods such as SHAP.

An empirical assessment of the proposed method on nat-
ural color images showcasing its efficacy across various



scoring targets, in comparison to established state-of-the-
art XCV methods, and a controlled human-subject study
comparing explanation interpretability across methods.

We show that the proposed approach surpasses existing
Shapley-based model-agnostic XCV methods that do not
leverage on data-awareness, and at the same time it achieves
a significantly faster convergence rate. This efficiency stems
from the fact that, on average, fewer recursive applications
of the Owen formula (i.e. expansions of the partition hier-
archy) are needed to accurately localize objects when using
a data-aware partition hierarchy, such as the proposed BPT
hierarchy, compared to other hierarchies. As far as we know,
this is the first XCV method that combines the Owen for-
mula with a data-aware partition hierarchy for image data,
and with this paper we prove the effectiveness of this com-
bined strategy for interpreting ML classifiers.

Methodology

A fundamental ML objective is to discover a function f :
X — ) that effectively approximates a response y € )
corresponding to a given input z € X. For the sake of sim-
plicity, we assume ) C R and X C R". In many prac-
tical cases, only some components of z significantly influ-
ence the response y = f(z). Understanding the relative
importance, or contribution, of each component x; of x in
determining the value of y by f is a central problem in
XCV. An important approach (Covert, Lundberg, and Lee
2021) for assessing these contributions is through feature
removal (also called masking), where certain values of =
are replaced with values from a specified context-dependent
background set. Let vy, : 21Xl — Y be a masking function
for f(x), where v ,(S) represents the evaluation of the re-
sulting model when only the elements in the subset S of
are retained, while the others are masked. In the following,
we will denote vy, as v.

Shapley values. We consider the setup of a n-coalition
game (N, v), which is analogous to an importance scores
attribution task in XCV (Rozemberczki et al. 2022). The fi-
nite set V' = {1,...,n} is the set of players (features). Each
nonempty subset S C N is a coalition, and N is itself the
grand coalition. A characteristic function v : 2" — R as-
signs to each coalition S a (real) worth value v(.S), and it
is assumed that v(&) = 0 (it is always possible to ensure
v(@) = 0 by translation of the equation system). A marginal
contribution of a player i to a coalition S (assuming i & .5)
is given by

Ai(S) = v(SU{i}) —v(95) Q)]

Semivalues (Dubey, Neyman, and Weber 1981), weighted
sums of marginal contributions (1), were introduced as
a method for fairly distributing the total value v(N') of
the grand coalition A among its members. The Shap-
ley value (Shapley 1953), a well-known semivalue, demon-
strates favorable axiomatic properties and has been used ef-
fectively to explain ML models (Rozemberczki et al. 2022).

Hierarchical coalition structures (HCS). A fixed a-
priori coalition structure (Lépez and Saboya 2009; Owen
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2013, 1977) for the N players is a finite set {T},..., T}
of m partitions of A" (i.e. UP Ty, = N, and T; N T; #
& << 1 = j). Elements T; are usually called partitions,
coalitions, teams or unions.

We consider a recursive definition of a hierarchical coali-
tion structure, where each partition 7" can be either an in-
divisible partition or a sub-coalition structure itself T =
Ty U...UT,. Let T] be the (downward) recursive parti-
tioning of 7', defined as

Ti:{{Tl,..me}

1
We denote with 7 the HCS root, and assume w.l.0.g. that 7
contains all the elements of N.

A special case of HCS happens when each sub-coalition
structure is made by two partitions, i.e. the hierarchy forms a
binary tree. We refer to these structures as binary hierarchi-
cal coalition structures (BHCS). In that case the recursive
downward partitioning of 7" can be simplified as

7 - {

The Owen approximation for Binary HCS. Computing
exact Shapley values is at least #P-hard (Deng and Papadim-
itriou 1994), which is unfeasible for image data with hun-
dreds or thousands of features (pixels). An approximate ap-
proach, introduced by (Owen 1977), can be used to drasti-
cally reduce the cost by grouping features into hierarchical
coalitions. This concept has been pioneered for images by
the SHAP Partition Explainer (Lundberg 2020; Shrikumar,
Greenside, and Kundaje 2017; Lundberg and Lee 2017).

A coalition value Q; (T ) represents the worth of the player
i in a game with coalition structure 7, and is known as
the Owen coalition value (Owen 1977). Computing coalition
values over a binary HCS T as defined in (3) can be done by
recursively composing a coalition () using the formula

if T' admits sub-coalitions
if T is indivisible

2

{Ty, To} if T admits a binary sub-coalition

1 if T is indivisible )

%Qi(Q UTs, T1) + %Qi(Qy T)
i T = {11, T}

if T is indivisible

1

[T] AT(Q)

with Q;(T) = Q;(2,T). The former case of Eq. (4) deals
with coalitions 7" that admit a sub-coalition structure T'| #
L. We assume, for notational simplicity and without loss of
generality, that 4 € T7. The latter case of Eq. (4) deals with
indivisible coalitions. In that case, the formula computes a
marginal contribution (uniformly divided) of all players of
T w.r.t. the coalition () formed recursively.

In the rest of the paper, we will refer to the Owen approx-
imation of the Shapley values simply as the Shapley values.
Note that Eq. (4) is not found in published literature (as far as
we know), and its complete derivation is therefore provided
in the Technical Appendix.

Theorem 1. Computational cost. Consider a BHCS con-
sisting of a balanced tree of depth d. The time complexity of
Eq. (4) is in the order of O(4%) evaluations of the v function.



Proof. Derivation is in Technical Appendix. O

Theorem 1 highlights the exponential cost of Eq.(4).
However, practical implementation of Eq. (4) do not rely on
expanding a fully balanced BHCS tree to a fixed depth d.
Instead, they employ an adaptive splitting strategy that is
not limited to balanced trees. In this adaptive case, a total
budget b of evaluations of the masked model v is allocated.
The adaptive algorithm then iteratively explores the tree hi-
erarchy, at each iteration splitting the partition 7' that maxi-
mizes the sum of its Shapley values, ) ;.. 2;(2, 7). Each
partition split requires 2 model evaluations. A pseudo-code
of this adaptive algorithm is provided in the Technical Ap-
pendix. Despite adaptively ignoring certain coalitions, the
cost of exploring the hierarchy at depth d remains exponen-
tial, as stated in Theorem 1.

Hierarchical Coalition Structures for Images

Calculating Owen coalition values for image data necessi-
tates a well-defined hierarchical structure that captures both
spatial relationships and image semantics. Our approach is
aimed at addressing limitations in existing methods, by em-
phasizing the importance of these factors in coalition forma-
tion. We therefore consider and compare both data-agnostic
and data-aware approaches.

In a data-agnostic approach, partitions are created based
on simple geometric divisions, like grids or quadrants. The
Axis Aligned grid hierarchy (AA hereafter) is one such ap-
proach to building hierarchical coalition structures, adopted
by the SHAP’s Partition Explainer (Lundberg 2020) and by
h-SHAP (Teneggi, Luster, and Sulam 2022). In an AA hier-
archy, each partition 7" corresponds to a rectangular region
within the image, and T splits the rectangular region of T'
in half along the longest axis. This splitting process contin-
ues until indivisible (unitary) regions (i.e. single pixels) are
reached, or an evaluation budget b is consumed. The main
limitation of this approach is that properly localizing the rel-
evant regions within an image may require a large number
of recursive evaluation of the Owen’s formula (4), and this
evaluation follows the O(4%) time cost of Theorem 1.

In a basic data-aware approach, morphological features
within the image guide the partitioning process. This ap-
proach, pioneered by (Ribeiro, Singh, and Guestrin 2016)
with LIME, utilizes a pre-defined segmentation algorithm
to divide the image into regions (patches). Although effec-
tive, the main limitation is the lack of an effective feedback
loop within the explanation method. If the segmentation is
inaccurate, the resulting explanation is poor, and there is no
opportunity for refinement.

A notable algorithm for hierarchical segmentation,
that fits well with Eq.(4), is the Binary Partition Tree
(BPT) (Randrianasoa et al. 2018), originally developed
for multiscale image representation in MPEG-7 encod-
ing (Salembier and Garrido 2000). The intuitive principle
is that portions of an image with similar color and coher-
ent shape are highly likely to have similar Shapley values,
thereby maximizing the effectiveness of Eq. (4).

Theorem 1 shows that the Owen approximation cost in-
creases rapidly if a large number of coalitions need to be
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Figure 1: AA and BPT coalition structures for a sample im-
age classification using a ResNet50 model.

evaluated recursively. Therefore, an effective BHCS must
satisfy these requirements:

R1 As few recursive cuts as possible to reach the relevant re-
gions, as each cut increases the required evaluation bud-
get b exponentially;

R2 Partitions should not be fixed, since the relevant regions
are not known in advance.

AA hierarchies do not satisfy R1, and most a-priori segmen-
tation algorithms do not satisfy R2. The solution that we pro-
pose, which constitutes the main contribution of this paper,
is a novel hybrid method that finally satisfies the two afore-
mentioned requirements by combining a refinable a-priori
hierarchical coalition structure (the BPT) aligned with the
morphological features of the image (e.g., color uniformity,
pixel locality) together with an a-posteriori splitting strategy
based on the distribution of Shapley values (as in the Par-
tition Explainer). This combination results in significantly
fewer recursive applications of the Owen formula needed to
accurately localize objects, compared to data-agnostic coali-
tion structures. As we shall see in the experimental section,
this approach usually gets a faster convergence than other
Shapley-based methods, paired with accurate shape recog-
nition of the classified objects.

Example 1. Figure I presents a sample image (A) with its
Shapley explanations (B), computed using Eq. (4) on AA and
BPT hierarchical coalition structures (C) up to depth d = 4.
The first four tree hierarchy levels in (C) highlight the data-
aware nature of BPT. Each coalition value is derived from a
weighted sum of eight marginals ©;(Q, T), with the highest-
value marginals shown in (D), where @ and T correspond
to the grey and black regions.

Generating BPT hierarchies. A BPT hierarchy captures
how we can progressively merge (Randrianasoa et al. 2018)
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Figure 2: (A) BPT generating by bottom-up merging coalitions from the pixels (1-6) to the root (11). (B) Details of one merging

step Ts) = {T4, T5} on some arbitrary coalition structure.

the n pixels of an image z into larger regions, forming
a quasi-balanced binary tree. Tree construction is bottom-
up, starting from an initial coalition structure 7y
{Ty={1},...,T,={n}} made by n unitary and indivisible
partitions, where the features 1,...,n represents the indi-
vidual pixels of the image. Two partitions T3, T; € T} are
adjacent if there is at least one pixel of 7; that is adjacent
to a pixel of T in the image. The BPT construction involves
merging adjacent partitions iteratively.

A coalition merge of Tj;) is a new coalition structure
Tik+1) where two adjacent partitions T3, T; € T are re-
moved and replaced by a new partition T}, y, s.t. T,y =
T; UTj and T4 i) = {13, T} }.

The two adjacent partitions 7;, T; of T to be merged
are selected by minimizing a data-aware distance function.
Prior work (Randrianasoa et al. 2018, 2021) on BPTs shows
that color range X perimeter scores correlate with perceptual
region uniformity, and area helps in keeping the tree hierar-
chy balanced. With this knowledge we define

dist(T;, Ty) = clr®(T;, Ty)-area(Ti, Tj)-+/ pr(Ti, T;) (5)

as a distance criteria, where clr? (T}, T;) is the sum of the
squared color ranges of T; U T}, for all color channels, and
area(T;,T;) and pr(T;,T}) are the area and the perimeter of
T;UT}, respectively. A sensitivity ablation analysis that sup-
ports the rationale of Eq. (5) is in the Technical Appendix.
A merging sequence Tjy) — Tgp — ... — T is a se-
quence of n — 1 coalition merges. The sequence ends with
the coalition structure 7[,; = {T%,—1}, having a single
partition with all pixels. At this point, all non-unitary par-
titions 7" at any point in the merging sequence admit a bi-
nary sub-coalition structure 7'].. Therefore, the BPT 7, sat-
isfies Eq. 3, and may become the root 7 of the BHCS. An
illustration of the algorithm generating the BPT merging se-
quence is shown in Figure 2/A, where the unitary partitions
are merged, one by one, until all pixels are merged into the
root 7. The operations needed to perform a single merging
step are illustrated in Figure 2/B, and a detailed pseudo-code
of the BPT algorithm is provided in the Technical Appendix.

25102

Experimental Assessment

We present a comparative analysis of the performance of the
proposed Shapley method using BPT partitions, alongside
other state-of-the-art image explainers.

Comparison scores. To ensure a robust and compre-
hensive quantitative evaluation, we consider two score
categories: response-based and ground-truth-based. The
response-based score that we consider are the area-under-
curve (AUC) from (Petsiuk, Das, and Saenko 2018), which
measure how well the ranked explanation coefficients align
with the black-box model’s output. These scores do not rely
on any predefined notion of “correct” explanation and in-
stead evaluate the internal consistency of the explanation
with respect to the model’s own behavior. Let Sl¢ C N
be the subset of the first ¢g-th quantile of elements from A
with the largest Shapley values. Define

1 1
AU0+=/ v(St) dg, AUC‘=/ v(N\ 517)dg (©)
0 0

With this definition AUC™ (resp. AUC™) evaluate the
model’s behavior as features are progressively included from
an empty set (resp. excluded from the full set). Since we deal
with regression models, we rescale (Hama, Mase, and Owen
2023) all v values in the [0, 1] range, s.t. all evaluated sam-
ples weight uniformly.

The ground-truth-based score we consider is the Inter-
section over Union (IoU) score, which compares the pre-
dicted important features with a known ground truth sub-
set G C N. Ideally G is a set for which v(G) = v(N).
This setup is relevant in the context of the Visual Recogni-
tion Challenge (VRC) (Russakovsky et al. 2015), where an-
notations provide an external reference for which image re-
gions are expected to contribute to classification. An expla-
nation is a perfect match if there is a threshold ¢ for which
Sld = @. Consider the standard Intersection-over-Union

score J(A B) = Taupr and define

1
AU-IoU:/ J(S, @) dgq
0 (7)

maz-IoU = max J(S14, @)
q€[0,1]
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Figure 3: Shapley values for AA and BPT coalition struc-
tures, for different values of the budget b.

The score AU-IoU (Gangopadhyay et al. 2023) is the
area under the IoU curve, defined by the IoU values in
the range ¢ € [0,1], and max-IoU is the curve maxi-
mum. The AU-IoU is maximal when the explanation per-
fectly matches the ground truth mask, and in such case
max-IoU = 1.

Example 2. Figure 3 shows the Shapley values computed us-
ing Eq. (4) on the AA and BPT coalition structures, by refin-
ing the most significant coalition using a budget b of model
evaluations (A), with b equal to 10, 100, 500 and 1000 sam-
ples, respectively. The area identified by the threshold q ob-
taining the maximal loU is depicted in (C). The plots (B)
depict the response curves for the AUC scores (6) and (7),
for the case b=1000. In the example, BPT demonstrates its
improved object region recognition w.r.t. AA.

Compared methods. We run a comparative analysis us-
ing several state-of-the-art XCV methods, categorized into
two groups. The first group comprises Shapley-based meth-
ods, chosen for their compatibility with our proposed ap-
proach. They include: BPT-b: our proposed Shapley expla-
nation method with BPT partitions, with sample budgets b of
100, 500, and 1000 samples; AA-b: the SHAP Partition Ex-
plainer (Lundberg 2020), utilizing Axis-Aligned partitions
with b of 100, 500, and 1000 samples; LIME-b: LIME! ex-
planation (Ribeiro, Singh, and Guestrin 2016) with budget b
and with b/5 segments, with b being 100, 500, and 1000.

! Although LIME does not generate Shapley values, it has theo-
retical and practical similarities to them (Lundberg and Lee 2017).
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Dataset Size Model Short description
El | ImageNet-S50 | 574 | ResNet50 | Common ImageNet setup
E2 | ImageNet-S5o | 574 Ideal Linear ideal model
E3 | ImageNet-S;o | 621 SwinViT Vision Transformer
E4 MS-COCO 274 Yolol1s Object detection
E5 CelebA 400 CNN Facial attrib. localization
E6 MVTec 280 | VAE-GAN Anomaly Detection
E7 | ImageNet-S50 | 593 | ViT-Basel6 Vision Transformer
E8 User preference study using E1 saliency maps.

Table 1: Summary of the experiments.

The second group consists of gradient-based methods,
included in our analysis due to their widespread usage.
They include: GradExpl: the Gradient Explainer from the
SHAP package (Lundberg and Lee 2017), using the default
of 20 samples; GradCAM: the Gradient-weighted Class
Activation Mapping introduced by (Gildenblat and contrib-
utors 2021); IDG: the Integrated Decision Gradient method
of (Walker et al. 2024); LRP: Layer-wise Relevance Prop-
agation of (Bach et al. 2015; Ancona et al. 2018) from
Captum; GradShap: gradient Shap (Sundararajan, Taly, and
Yan 2017). For GradExpl and IDG, we utilize the absolute
values of the produced explanations, resulting in superior
scores compared to the signed values.

Experiments. ShapBPT has been tested extensively over
multiple computer vision tasks, models and datasets. Table 1
reports a summary of the experiments. Figure 4 depicts ex-
amples of the generated saliency maps for the first seven ex-
periments, which helps to get a first intuition of the char-
acteristics of the BPT method. Each row reports the image,
the ground truth G, and the saliency maps. We show all the
fourteen tested method only for E1. The boundaries of G
are drawn overlapped to the saliency maps. To illustrate the
evaluation process, for the first image, we also report the
optimal IoU w.r.t. G. While all the tested methods seem to
somewhat agree on the recognition area, the practical be-
havior of BPT seems in line with its theoretical assumption
that splitting the image partitions following the morphologi-
cal image boundaries leads to better object recognition, and
better separation from the background.

Experiments are briefly detailed in the following. Further
details, examples and results are in the Technical Appendix.

Experiment E1 uses the /K-V2 pretrained (Vryniotis 2021)
ResNet50 (He et al. 2016) model (from PyTorch, accuracy
80.858%) over the ImageNet-S5o dataset (Gao et al. 2022)
with ground truth masks (574 images in total). Replacement
value is uniform gray. In general BPT explanations (columns
3-5) show a better tendency of identifying the partition bor-
ders, cutting the recognized object from the background. In
that sense, they share similarities with the explanations of
LIME, but without the typical LIME noise, and without re-
lying on a fixed, inflexible segmentation. Moreover BPT ex-
planations look a lot more in accordance to those of Grad-
CAM, but without the blurriness that the latter adds.

Experiment E2 evaluates an ideal linear model which per-

fectly follows the ground truth. Let v, (S) = |S‘2|G| be an

ideal linear predictor that outputs the proportion of pixels of
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Figure 4: Selected saliency maps from experiments E1-E7 (summarized in Table 1) for various computer vision ML tasks.

S that belong to the ground truth G. Since vy, is not a neural
network, CAM methods cannot be used and are excluded.

Experiment E3 uses the pretrained Vision Transformer
model SwinViT (Liu et al. 2021) from pytorch (acc. 81.4%).
It is interesting to see that all methods except BPT produce
significantly more confused saliency maps, attributing a lot
of importance to background features and with little focus to
the actual classified objects. On the contrary, saliency maps
obtained by the BPT method are clear and focused.

Experiment E4 uses the Ultralytics Yolol1s model (Jocher
and Qiu 2024) pre-trained for the MS-COCO dataset (Lin
et al. 2014) which has diverse image sizes and a wider range
of details than ImageNet. The XCV task involves highlight-
ing detected objects.

Experiment ES uses a pre-trained CNN model (Batra 2020)
to predict the presence or absence and the localization of fa-
cial features like brown hair and eyeglasses on the CelebA-
HQ dataset (Karras et al. 2018). The XCV task focuses on
localizing regions positively (red) or negatively (blue) in-
fluencing predictions. For this kind of tasks, Shapley values
correctly distinguish positive and negative contributions, un-
like CAM methods.
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Experiment E6 focuses on explaining an Anomaly Detection
(AD) system. It builds on the (Ravi et al. 2021) methodol-
ogy, and uses a convolutional VAE-GAN model for anomaly
localization. The MVTec dataset (Bergmann et al. 2019)
(hazelnut category) is used, with 280 high-quality images of
defective (with ground truth masks) and non-defective ob-
jects. The anomaly map captures reconstruction errors, re-
flecting both anomalies and noise, and the XCV tasks con-
sists in separating true anomalies from noise.

Experiment E7 Similar to El using the ViT-Base 16
model (Dosovitskiy et al. 2020).

Numerical results. Figure 5 summarizes the results from
all experiments, with a separate table for each of the four
scores, plus one for the wall-clock evaluation time?. To
ensure fairness across experiments, scores have been stan-
dardized accordingly. A red line indicates the overall mean
across all experiments. Methods are ordered based on their
mean scores from top (better) to bottom (worse). To assess
statistical significance, we conducted one-way ANOVA tests
for each score, testing the null hypothesis (Hp) of equal
means across all sample populations, with p-value signifi-

2Using: Intel Core 19 CPU, Nvidia 4070 GPU, 16GB RAM.
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Figure 5: Results for all scores across the E1-E7 experiments, with methods (on Y axis) ranked by performance (top to bottom).

cance threshold of 0.05. In all cases, the null hypothesis was
rejected, indicating that the results are statistically signifi-
cant. Results are reported in the Technical Appendix.

From Figure 5, we observe that BPT consistently outper-
forms AA and other compared methods across various mod-
els, scoring methods, and datasets. This supports the intu-
ition that tailoring partitions to the characteristics of the data
is beneficial. Moreover, BPT maintains its advantage even
under resource constraints, as BPT-100 already surpasses
most competing methods. This highlights its adaptability to
different experimental setups and its robust generalization
ability across datasets and models. In particular, ShapBPT
seems to work well also with Vision Transformers (E3 and
E7), which are known for their robustness to partial object
occlusion (Englebert et al. 2023).

ES8 - User preference study. In addition to the automated
metrics, we measured perceived usefulness with a small con-
trolled user study with 20 participants. Each subject viewed
four randomly selected images from E1 and ranked the
four explanation maps (BPT-1000, GradCAM, LIME-1000,
AA-1000) from most to least helpful for understanding the
model’s prediction, yielding 80 rank-lists per method. A
Friedman test determined the significance (X%kzg):19.56,
p-value=0.0002, H, rejected). BPT emerged as the win-
ner, ranked first in 51% of the cases with an average rank
of 1.79, trailed by GradCAM (33% first-place, mean 2.41)
and LIME (10%, mean 2.56), while AA was seldom pre-
ferred (6%, mean 3.24). Human preference seems therefore
to partially confirm the quantitative metrics of the E1-E7
experiments. Full details are in the Technical Appendix.

Discussion and Other Related Works

Our evaluation combines both ground-truth-based metrics
(IoU) and response-based metrics (AUC) to provide a com-
prehensive and reliable assessment of the methods. IoU
scores are included because they are the standard evalu-
ation metric in object detection benchmarks (Rezatofighi
et al. 2019). While deep learning models may show mis-
alignments between the ground truth G and the model’s
learned representation, this should not introduce bias in the
AU-IoU and maz-IoU scores, as all methods are evaluated
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under the same conditions. Moreover, experiment E2 is fully
unbiased, since the ideal model v, is a linear model.

A convergence analysis comparing BPT and AA across
varying evaluation budgets is in the Technical Appendix.

For LIME, we generated fixed a priori partitions using
the quickshift algorithm and also tested the more recent Seg-
mentAnything (SAM) method, which improves upon quick-
shift but is significantly slower. However, neither of these
methods can build the hierarchy of Shapley values adap-
tively. The limitation of relying on rigid, pre-defined par-
titions persists, an issue that is addressed by the proposed
BPT approach (as outlined in requirement R2). It would
be interesting to integrate SAM directly into ShapBPT and
compare it against BPT. However SAM does not generate
a regular HCS (Knab, Marton, and Bartelt 2025), which is a
key requirement of the Owen formula. Constructing a SAM-
compatible HCS therefore demands new algorithmic ma-
chinery, beyond the scope of the present study, and merits
a dedicated investigation as future work. We outline the key
details in the Technical Appendix. A discussion on h-Shap
limits is in Technical Appendix.

We considered the relevance mass and rank accuracy
scores (Arras, Osman, and Samek 2022) but eventually ex-
cluded them, as their reliance on non-negative values does
not work well with Shapley values.

User preference results echo the objective ones: a 20-
participant study confirmed that the data-aware BPT hier-
archy yields explanations humans actually find most useful.

Conclusions

This paper introduces ShapBPT, a model-agnostic explain-
ability method for Al classifiers in computer vision. It com-
putes saliency maps by calculating Shapley values using
the Owen formula over a data-aware Binary Partition Tree
(BPT) of the image being explained. That captures the im-
portance of image features in a way that is both efficient and
consistent with Shapley’s axiomatic properties.
Comprehensive cross-dataset benchmarks and a 20-
subject preference study consistently place ShapBPT’s data-
aware hierarchical partitions ahead of existing XCV explain-
ers, confirming it as a novel, robust method that delivers ac-
curate, budget-efficient, and human-preferred explanations.
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