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Abstract— In computational pathology, whole-slide im-
age (WSI) classification presents a formidable challenge
due to its gigapixel resolution and limited fine-grained an-
notations. Multiple-instance learning (MIL) offers a weakly
supervised solution, yet refining instance-level information
from bag-level labels remains complex. While most of the
conventional MIL methods use attention scores to estimate
instance importance scores (IIS) which contribute to the
prediction of the slide labels, these often lead to skewed
attention distributions and inaccuracies in identifying cru-
cial instances. To address these issues, we propose a new
approach inspired by cooperative game theory: employing
Shapley values to assess each instance’s contribution,
thereby improving IIS estimation. The computation of the
Shapley value is then accelerated using attention, mean-
while retaining the enhanced instance identification and
prioritization. We further introduce a framework for the pro-
gressive assignment of pseudo bags based on estimated
IIS, encouraging more balanced attention distributions in
MIL models. Our extensive experiments on CAMELYON-16,
BRACS, and TCGA-LUNG datasets show our method’s su-
periority over existing state-of-the-art approaches, offering
enhanced interpretability and class-wise insights. We will
release the code upon acceptance.

Index Terms— Shapley value, Progressive pseudo bag
augmentation, Multiple-instance learning, Whole-slide im-
age classification, Computational pathology.

I. INTRODUCTION

RECENT advancements in digital pathology and artificial
intelligence have significantly expanded the potential for

analyzing whole-slide images (WSIs) in diagnostic contexts,
prognostic evaluations, and various clinical tasks [1]–[14].
A key area within this domain is WSI classification [15]–
[23], a fundamental and vital process distinguished by the
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gigapixel resolution of WSIs, setting it apart from typical
natural image classification. The complex nature of the WSI
classification task necessitates the adoption of specialized
methodologies such as multi-instance learning (MIL) [24]–
[28]. The principle of MIL is that the presence of at least
one positive instance within a bag classifies the entire bag
as positive; otherwise, it is considered negative. Most of
the current research in MIL builds on the essential idea
of distilling more instance-level information from bag-level
labels [29]–[32]. In this paradigm, attention-based pooling [33]
stands out as a prominent technique, as the attention score
α it generates for each instance in the bag naturally serves
as a choice for estimating the contribution of each instance,
referred to as the instance importance score (IIS). For example,
attention scores play a crucial role in assisting MIL models
in discerning significant instances to mitigate overfitting [34]–
[37]. Moreover, some studies leverage attention scores to fine-
tune the feature encoder [38]–[40]. The attention score is so
powerful that these studies all operate under the assumption
that crucial (positive) instances can be identified by selecting
those with top-ranking attention scores.

Nevertheless, our empirical investigations, as illustrated in
Fig. 1(a)-(c), expose the challenges encountered by attention-
based MIL, namely:

1) Extreme distribution of attention. A limited number
of instances receive the majority of attention scores. For
example, the summation of the top 10 attention scores
accounts for 75% or more. This concentration can lead
to insufficient training.

2) Misidentification of positive instances via top-ranking
attention scores. Positive instances are not guaranteed
to rank at the top. Both positive and negative instances
can be filtered out using top-k attention scores. Assign-
ing these instances solely positive labels can introduce
noise during training or fine-tuning.

To address these two inherent problems within attention-
based MIL, in this study, we propose a progressive pseudo bag
augmented MIL framework, termed PMIL. This framework
takes full advantage of pseudo bag augmentation under the
guidance of the Shapley value. Specifically, we first apply
pseudo bag augmentation to MIL, aiming at encouraging
models to focus on more important instances. Furthermore,
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Fig. 1. Observation of attention distributions and top 5 instances of one example slide in the CAMELYON-16 Dataset. (a)-(d) employs ABMIL,
CLAM, DTFD, and proposed PMIL as the MIL model, respectively. In the column of ”Attention Distribution”, the patch index is normalized to a
range of 0 to 1 for all patches across all slides in the left sub-figure. Notably, the distribution of attention scores is skewed, with a few instances
accumulating a significant share. In the column of ”Top 5 Instances”, positive instances (depicted in green border) are not consistently ranked in
order of attention scores, as negative instances (depicted in blue border) may take precedence in the queue.

to improve the mislabeling issue in pseudo bag augmentation,
we introduce the Shapley value as a means of IIS estimation to
constrain the assignment strategy instead of random splitting.
Our approach divides a regular bag into a series of pseudo bags
in a reasonable manner, thereby reducing the intrinsic noise
associated with pseudo bag creation and enhancing the model’s
generalization ability. In summary, our main contributions are
as follows:

• Acknowledging the limitations of attention score-based
IIS in terms of ranking accuracy and interpretation,
we introduce an accelerated Shapley value with linear
computational complexity to measure IIS in the context
of multiple-instance learning for the first time.

• With Shapley value-based IIS, We propose a progressive
pseudo bag augmented multiple-instance learning frame-
work, effectively bolstering MIL performance.

• Extensive experiments on the CAMELYON-16, BRACS,
and TCGA-LUNG datasets demonstrate that our method
outperformed other state-of-the-art methods in both slide-
level and instance-level evaluation, and provided class-
wise interpretation with Shapley value-based IIS.

II. RELATED WORK

A. Multiple Instance Learning for WSI Classification

In the field of whole-slide image classification, due to the
gigapixel resolution and lack of manual annotation, multiple-
instance learning serves as a promising weakly supervised
learning approach. Lu et al. [34] introduces an additional
cluster branch (CLAM) founded on IIS estimated by attention
scores to distinguish features via projection. Wang et al. [41]
apply contrastive learning to facilitate the interaction of intra-
WSI and inter-WSI information using attention scores to filter
positive, negative, and hard negative instances. Shao et al. [42]
proposed Transformer-based MIL (TransMIL), introducing the
self-attention mechanism to express the correlated relationship
between instances. Yu et al. [39] assigns slide-level labels to
patches garnering the highest attention to fine-tune the feature
encoder through an auxiliary patch classification task. Li et
al. [40] selected instances with top-ranking attention scores
for end-to-end MIL training, addressing the information bot-
tleneck. Zhang et al. [37] introduce multiple branch attention
to capture more discriminative instances, and stochastic top-k
instance masking to suppress salient instances.
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Fig. 2. Overview of the proposed PMIL framework. (a) A collection of patches, extracted from a WSI, is partitioned into M (M gradually increases)
pseudo bags based on their estimated IIS, and then are trained in the same manner as regular bags. (b) The weights of the MIL model are frozen
to estimate IIS, facilitating pseudo bag assignment. The number M of pseudo bags progressively increases at the iteration when the MIL model
converges in round 0, and initial pseudo bags are assigned using IIS estimated by the MIL model in the previous round. Note that the pseudo bag
augmentation is only used during the training process.

B. Pseudo Bag Augmentation for MIL
Addressing the challenge of extreme attention distribution, a

notable strategy involves dividing the regular bag into several
pseudo bags [43], [44]. This approach encourages MIL models
to learn from a greater variety of bags. Existing pseudo bag-
based approaches adopted a random splitting strategy. For
instance, DTFD [45] proposed a double-tier MIL model upon
features distilled from pseudo bags to solve the mislabel-
ing issue. As depicted in Fig. 1(c), DTFD smoothed out
the attention distribution compared to other non-pseudo-bag-
augmented MIL methods, which verifies the efficacy of pseudo
bag augmentation to some extent. PseMix [46] applied a bag-
prototype-based clustering to constrain the random pseudo bag
assignment, and introduced the MixUp strategy for training.
However, these methods fail to fundamentally solve the in-
herent mislabeling issue associated with random pseudo bag
assignment.

C. Shapley Value Approximation
In the context of the misidentification of positive instances,

the Shapley value offers a solution by quantifying the contri-
bution of each instance based on its interactions with others
[47]–[49]. Javed et al. [50] applied the Shapley value as an
alternative to attention scores for MIL training and inference,

considering it as the weighting score of each feature. How-
ever, this approach falls short of addressing the substantial
computational demands of calculating Shapley values. Given
their exponential complexity, these calculations often become
prohibitively resource-intensive, posing a significant challenge
in practical applications.

III. METHOD

In this section, we will first retrospect the MIL paradigm and
pseudo bag augmentation technique, then introduce Shapley
value-based IIS to improve pseudo bag assignment, and finally
propose our framework, as shown in Fig. 2.

A. Problem and Notation
1) MIL in WSI classification: In this task, the training set

of labeled WSIs is denoted as D = {Xi, Yi}|D|
i=1, where

Xi = {xi,j}Ni

j=1 represents the i-th bag (slide) comprising Ni

instances after feature extraction. Our objective is to learn the
mapping: X → Y , where X is the bag space, and Y is the label
space. The conventional MIL classifier maps the aggregated
bag-level representation to a prediction as:

Ŷi = f
(
g
(
{xi,j}Ni

j=1

))
, (1)

where g (·) and f (·) represent the aggregator and the fully
connected (FC) layer in the MIL classifier, respectively.
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2) Attention-based MIL Methods: In attention-based MIL
models, the attention score derived from the pooling operation
proposed in [33] is commonly used to measure IIS. Specifi-
cally, the attention score, denoted as α, is calculated for each
instance in the bag, providing a measure of its significance
in the overall classification decision. Thus, the attention-based
aggregation can be expressed as:

g
(
{xi,j}Ni

j=1

)
=

Ni∑
j=1

αi,j · xi,j , (2)

where αi,j represents the attention score assigned to the j-
th instance in the i-th bag. By incorporating these attention
scores, the model not only improves its predictive accuracy
but also offers insights into which instances most significantly
influence the classification outcome.

3) Pseudo Bag Augmentation for MIL: Consider the pseudo
bag augmented MIL, a regular bag is randomly split into
M pseudo bags, and each pseudo bag inherits the label
from its parent bag, resulting in an expanded training set
Dpse = {Xpse

i , Yi}
M×|D|
i=1 , where |D| is the number of bags.

By obtaining Ŷ pse via Eq. 1, the objective function for pseudo
bag augmented MIL is defined:

J (Dpse; θ) =

M×|D|∑
i=1

L
(
Ŷ pse
i , Yi

)
, (3)

where θ represents the parameter of the MIL classifier, and
L represents the cross-entropy loss function. Nevertheless, the
label inherited from the parent bag does not always align with
the actual label of the pseudo bag. Thus, the objective function
in Eq. 3 can be further divided into two parts:

J (Dpse; θ; ε) =

M×|D|−ε∑
i=1

L
(
Ŷ pse
i , Yi

∣∣∣Yi = Y pse
i

)
+

ε∑
i=1

L
(
Ŷ pse
i , Yi

∣∣∣Yi ̸= Y pse
i

)
,

(4)

where ε is the number of pseudo bags with incorrectly
assigned labels. Eq. 4 reveals a trade-off between bolstering
the diversity of instances and introducing extra noise. Existing
MIL methods [43]–[46] employ a strategy of randomly split-
ting bags into pseudo bags, leading to suboptimal outcomes.

B. Shapley Value-based IIS Estimation

Our observation in Fig. 1 reveals that α might not accurately
reflect the ranking of importance. Thus, we introduce the
Shapley value ϕ as an alternative method in contrast to the
attention score to estimate IIS:

ϕi,j (xi,j , Xi\ {xi,j}) ≜
∑

Si⊆Xi\{xi,j}

|Si|! (|Xi| − |Si| − 1)!

|Xi|!

× [f (g (Si ∪ {xi,j}))− f (g (Si))] ,
(5)

where xi,j is the j-th feature in the i-th bag to calculate
Shapley value ϕi,j , Xi is the full feature set of the i-th bag,
Si ⊆ Xi\ {xi,j} are all available subsets.

Upon scrutinizing Eq. 5, the computational complexity of
the original Shapley value formulation escalates exponentially
with the number of instances, which is prohibitively time-
intensive in WSI classification as each bag encompasses
thousands of instances. To hasten this process, several method-
ologies have been developed to approximate Shapley values
effectively [51]–[54]. Notably, according to the principle of
MIL, it is the positive instances that determine the bag label.
Under this premise, we leave the less significant instances in
the order of attention scores, and focus on rearranging the
importance ranking of instances with high attention scores by
their Shapley value-based IIS:

IIS (xi,j) = ϕi,j

(
xi,j , S

l
i

)
, xi,j ∈ Sh

i , (6)

where Sh
i and Sl

i = Xi − Sh
i denote the instance subset with

high and low attention scores, and Xi is the universal set of
all instances. For the sake of simplicity, the instance number
in Sh

i is set to µM , and the sampling number for Sl
i is set

to τ . Under the assumption that the reasoning time per bag
for the model approximates a constant γ, we quantify the
computational complexity of different IIS estimations:

Ω (α) =

|D|∑
i=1

γ = γ |D| , (7)

Ω (ϕ (x,X\ {x})) =
|D|∑
i=1

Ni∑
j=0

Cj
Ni

· γ = γ

|D|∑
i=1

2Ni , (8)

Ω
(
ϕ
(
x, Sl

))
=

|Sh
i |∑

i=1

τ∑
j=0

γ = γτµM, (9)

where Ω is the asymptotic lower bound of the computational
complexity, and Cj

Ni
is the combination value. Derived from

Eq. 5, the calculation of the Shapley value involves exponential
computational complexity, while that of the attention score
exhibits linear complexity. By employing our approximation
technique, we are capable of transforming the Shapley-based
IIS computation into a linear complexity as depicted in Eq. 9,
while ensuring its ranking accuracy remains intact within the
realm of multiple-instance learning.

C. IIS-based Pseudo Bag Augmentation
As illustrated in Fig. 2(b), instances within each bag

are rearranged according to the ranking of IIS, denoted
as X ′

i =
{
x′
i,j

∣∣ IIS
(
x′
i,1

)
≥ IIS

(
x′
i,2

)
≥ · · · ≥ IIS

(
x′
i,Ni

)}
.

And these instances are evenly interleaved into M pseudo bags
by using the modulo function mod to constrain x′

i,j to satisfy
j ≡ k (mod M), resulting in that each pseudo bag Xpse

i,k

denotes as a sample from X ′
i . By fixing the parameter θ of

MIL models, the optimization of ε can be approximated as:

ε∗ = min
∑(

Ŷi ̸= Y pse
i

)
= max

∑(
Ŷi = Y pse

i

)
⇐⇒ min

X′
DKL

(
PXpse∼Γ(X′) [Y

pse|Xpse; θ]

∥ P [Y |X; θ]) ,

(10)

where Γ (X ′) is the instance importance distribution of X ′

with estimated IIS and DKL is Kullback-Leibler divergence
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TABLE I
BAG-LEVEL PERFORMANCE RESULTS FOR 5 REPEATABILITY EXPERIMENTS ON CAMELYON-16, BRACS, AND TCGA-LUNG TEST SET. THE

SUBSCRIPTS ARE THE STANDARD DEVIATION OF EACH METRIC. THE BEST EVALUATION RESULTS ARE IN BOLD.

Method
CAMELYON-16 BRACS TCGA-LUNG Average over Three Datasets

ACC(%) AUC(%) F1(%) ACC(%) AUC(%) F1(%) ACC(%) AUC(%) F1(%) ACC(%) AUC(%) F1(%)

MeanMIL 68.41.8 72.61.9 61.63.3 52.42.6 69.21.6 40.62.5 82.00.9 88.92.0 82.01.0 68.4 72.6 61.6
MaxMIL 76.11.8 85.72.6 74.45.1 55.92.8 75.91.6 50.34.0 88.71.0 94.41.2 88.71.0 76.1 85.7 74.4

ABMIL [33] 76.21.9 84.32.1 74.31.7 58.40.9 76.10.6 54.72.3 87.60.7 93.11.8 87.60.7 76.2 84.3 74.3
DSMIL [35] 72.21.7 77.12.1 68.92.6 53.12.2 70.83.3 46.13.7 86.21.4 93.61.0 86.21.4 72.2 77.1 68.9
CLAM [34] 74.83.2 81.62.4 73.33.5 53.83.5 73.31.7 51.53.3 88.21.4 94.21.2 88.21.4 74.8 81.6 73.3

TransMIL [42] 76.51.4 86.20.7 73.91.3 57.02.4 75.51.0 49.25.2 87.90.9 94.80.8 87.90.9 76.5 86.2 73.9
DTFD [45] 77.81.6 77.33.2 76.31.7 57.22.7 76.62.0 56.23.8 88.80.6 94.60.8 88.80.6 77.8 77.3 76.3

PMIL 87.41.1 90.11.6 86.31.1 67.13.3 82.81.8 66.43.1 91.31.4 96.50.9 91.31.4 81.3 89.8 81.3

function. Thus, the optimization of ε is translated to that of
Γ (X ′), where the IIS estimation plays a decisive role.

Furthermore, it is important to consider progressive strate-
gies concerning the quantity and initialization of pseudo bags.
Splitting a regular bag into a large number of pseudo bags
can introduce excessive noise, which may lead to training
instability, particularly when regular bags contain only a
limited number of positive instances. To address this issue,
we progressively increase the number of pseudo bags once
the MIL model converges during training:

Mt = min {Mt−1 +∆M,Mmax} ,
s.t. {gt−1, ft−1} →

{
g∗t−1, f

∗
t−1

}
,

(11)

where t signifies the convergence iteration, ∆M denotes the
increment in the number of pseudo bags, and M0 and Mmax
represent the initial and maximum numbers of pseudo bags,
respectively. In addition, the initial assignment of pseudo
bags significantly influences subsequent training, especially
when dealing with challenging datasets. To address this issue,
we gradually leverage the well-trained MIL model from the
previous round to enhance the initial pseudo bag augmentation
by calculating instance importance scores.

D. Progressive Pseudo Bag Augmented MIL
Under the guidance of IIS estimated by Shapley values in-

stead of attention scores used in the existing architectures, we
propose a progressive pseudo bag augmented MIL framework
termed PMIL. To alleviate the mislabeling issue in Eq. 4, we
incorporate the expectation-maximization (EM) algorithm [55]
to obtain optimal pseudo bag label assignment. Specifically,
the parameter θ of the MIL model can be learned via Eq.
3 as the M-step, and the minimization problem for ε is
translated into an assignment optimization for pseudo bags via
Eq. 10 as the E-step. As illustrated in Fig. 2(b), this iterative
optimization is implemented within n training rounds.

IV. EXPERIMENTS

A. Datasets and Evaluation Metrics
Our experimental setup employs three publicly available

datasets to assess the performance of our proposed method.
CAMELYON-16 focuses on detecting lymph node metas-

tasis in early-stage breast cancer. It comprises 399 WSIs,

with 270 allocated for training and 129 for testing. The
official training set follows a 5-fold cross-validation protocol
to generate training and validation sets. Furthermore, a total of
337,124 negative instances and 60,077 positive instances are
assigned instance labels based on the annotations in the test
set for subsequent evaluation.

BRACS [56] is curated for breast cancer subtyping and
contains 547 WSIs. The classification task involves benign
tumors, atypical tumors (AT), and malignant tumors (MT).
We adhere to the official dataset split, with 395 for training,
65 for validating, and 87 for testing. We conduct five separate
experiments with different random seeds.

TCGA-LUNG comprises 1034 WSIs, encompassing 528
lung adenocarcinoma (LUAD) and 506 lung squamous cell
carcinoma (LUSC) cases. We adopt a 5-fold cross-validation
protocol for both training and testing.

For bag-level evaluation, we present multi-class evaluation
metrics: slide-level accuracy (ACC), one-versus-rest area un-
der the curve (AUC), and macro F1 score.

For instance-level evaluation, we present binary evaluation
metrics: ACC, AUC, F1 score, precision, and recall.

B. Implementation Details

In the preprocessing stage, we utilize OTSU’s thresholding
method to detect and localize tissue regions for patch gener-
ation. We create non-overlapping patches measuring 256×256
pixels at magnifications of 20× for CAMELYON-16 and
TCGA-LUNG, and 5× for BRACS. This process results in
an average of approximately 7156, 11951, and 714 patches
per bag for these datasets, respectively.

All experiments were performed on a workstation equipped
with NVIDIA RTX 3090 GPUs. We employed ResNet50 [57]
as the encoder and ABMIL [33] as the primary MIL model.
The Adam optimizer, with a weight decay of 1e-5, was se-
lected. We also implemented an early stopping strategy, setting
the patience parameter to 20 epochs. The initial learning rate
was established at 3e-4 and subsequently reduced to 1e-4
for fine-tuning purposes. For the CAMELYON-16 dataset,
we limited the maximum number of pseudo bags to 8; for
BRACS, the limit was 10; and for TCGA-LUNG, it was 14.
The increment in the number of pseudo bags is set to 4. In
terms of Shapley value computation acceleration, we set the
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TABLE II
INSTANCE-LEVEL PERFORMANCE RESULTS FOR 5 REPEATABILITY EXPERIMENTS ON CAMELYON-16 TEST SET. THE SUBSCRIPTS ARE THE

STANDARD DEVIATION OF EACH METRIC. THE BEST EVALUATION RESULTS ARE IN BOLD.

Method
Instance-level Evaluation Metrics

Average(%)
ACC(%) AUC(%) F1(%) Precision(%) Recall(%)

MeanMIL 83.655.29 89.831.37 61.877.34 49.689.42 84.182.40 73.84
MaxMIL 89.630.62 95.490.30 47.784.89 99.780.07 31.554.11 72.85

ABMIL [33] 56.231.70 73.641.58 39.690.78 25.080.66 95.130.64 57.96
DSMIL [35] 87.640.49 93.770.43 30.844.73 99.910.04 18.333.25 66.10
CLAM [35] 64.5415.68 78.4111.43 44.2614.47 32.1214.95 80.628.10 59.99

TransMIL [42] 40.473.58 68.752.17 32.571.16 19.670.87 94.830.60 51.26
DTFD [45] 63.3721.41 83.147.17 47.4218.10 37.5522.07 83.355.52 62.97

PMIL 93.750.34 92.820.97 74.852.53 95.393.69 61.985.38 83.76

Ground Truth Pseudo Bag Distribution

Pseudo Bag 1 Pseudo Bag 2 Pseudo Bag 3

Pseudo Bag Assignment

…
…

Attention Ranking

<< 0.1×10-6

<< 0.1×10-6

<< 0.1×10-6

<< 0.1×10-6

0.999

0.999

0.998

6.5×10-6

0.979

0.009

0.012

5.9×10-6

0.8×10-6

1.1×10-6

0.8×10-6

1.1×10-6

Regular Bag

Fig. 3. Visualization of pseudo bag assignment using PMIL. The red annotations represent cancer regions. Our method can locate only three
positive instances even in the micro metastasis case based on the ranking of Shapley values, and split them into pseudo bags evenly. The attention
ranking reveals that more positive instances are noticed during training by accurate pseudo bag augmentation.

parameter µ to 10 and τ to 3. The total EM training round n
is set to 10.

C. Evaluation and Comparison

We present the experimental results of our proposed
PMIL framework built on the ABMIL [33] backbone for
CAMELYON-16, BRACS, and TCGA-LUNG datasets, com-
paring them with the following methods: (1) Conventional
instance-level MIL, including the Mean-Pooling MIL and
Max-Pooling MIL. (2) The vanilla attention-based MIL, AB-
MIL [33]. (3) Two variants of ABMIL, including non-local at-
tention pooling DSMIL [35], single-attention-branch CLAM-
SB [34]. (4) transformer-based MIL, TransMIL [42]. (5)
Pseudo bag augmented MIL, DTFD [45].

In the bag-level evaluation, as shown in Table I, our
proposed PMIL framework demonstrates remarkable perfor-

mance, achieving AUC scores of 90.1% for CAMELYON-
16, 82.8% for BRACS, and 96.5% for TCGA-LUNG. These
scores consistently exceed those of all other methods included
in the comparison. Notably, on the complex BRACS dataset,
our approach exhibits significant superiority. The generation
of progressively refined pseudo bags contributes to enhanced
training diversity and a reduction in the number of instances
per bag. This strategy effectively improves the proficiency of
the model in learning from positive instances.

In the instance-level evaluation, as illustrated in Table II,
certain methods, such as MaxMIL and DSMIL, exhibited high
precision scores but low recall scores, indicating a cautious
tendency towards predicting positive instances. Conversely,
methods like MeanMIL, ABMIL, CLAM, TransMIL, and
DTFD displayed the opposite trend, often predicting a larger
number of instances with positive labels, albeit less precisely.
In contrast, our method provided significantly more precise
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PMIL (Attention)

PMIL (Class-MT Shapley)

ABMIL (Attention)

PMIL (Attention)

PMIL (Class-Tumor Shapley)

PMIL (Class-AT Shapley)

(a)

(b)

(c)

Ground Truth

Ground Truth

Fig. 4. Heatmaps of 4 slide sub-fields using different models and IIS estimations. (a) and (b) are macro and micro metastasis cases from
CAMELYON-16, where red annotations are cancer regions and green annotations are noncancer regions in the column of ’Ground Truth’. (c) is
the malignant tumor case from BRACS, where blue annotations are the malignant tumor (MT) regions and red annotations are atypical tumor (AT)
regions in the column of ’Ground Truth’. In other columns, brighter red colors indicate higher probabilities.

TABLE III
PERFORMANCE RESULTS OF PSEUDO BAG AUGMENTATION USING DIFFERENT IIS MEASURE METRICS ON CAMELYON-16, BRACS, AND

TCGA-LUNG TEST SETS. THE SUBSCRIPTS ARE THE STANDARD DEVIATION. THE BEST EVALUATION RESULTS ARE IN BOLD.

Metrics
CAMELYON-16 BRACS TCGA-LUNG

ACC AUC F1 ACC AUC F1 ACC AUC F1

Random 87.130.9 86.192.5 85.491.2 61.782.4 80.390.5 58.465.9 89.651.9 95.771.0 89.641.9
Attention Score 87.442.8 89.760.7 86.282.7 68.281.7 83.980.3 66.472.4 90.331.3 95.570.8 90.311.3
Shapley Value 87.441.1 90.101.6 86.301.1 67.133.3 82.821.8 66.423.1 91.291.2 96.450.8 91.291.2

predictions for positive instances and outperformed other
methods in terms of both ACC and F1 score.

D. Visualization and Interpretation

To assess the effectiveness of our progressive pseudo bag
augmentation in shifting the network’s focus toward more
positive instances, we analyzed the attention distribution of our
method. Fig. 1(d) shows that PMIL achieves a more evenly
spread attention distribution compared to ABMIL, CLAM,
and DTFD. Additionally, the total of the top 10 attention
scores is reduced to 0.36 in normal cases and to 0.53 in
tumor cases. A specific instance of pseudo bag assignment
in PMIL is depicted in Fig. 3. In the case of micro-metastasis,
PMIL successfully identifies three crucial patches. The random
partitioning approach only has a chance with a rate of 2/9
to accurately allocate positive instances across three different
pseudo bags, which could otherwise contribute noise to the
training. In contrast, our method confidently places these
patches into different pseudo bags, significantly increasing the
diversity of positive instances.

To emphasize the limitations of the attention score-based
IIS, we conducted a comparative analysis, as illustrated in
Fig. 4(a) and (b). In cases of macro metastasis, both ABMIL
and our model show effective performance. However, in micro
metastasis scenarios, the attention score-based IIS suggests
that both ABMIL and our model erroneously focus on some
noncancerous areas, which eludes logical interpretation. Con-
versely, using Shapley value-based IIS, our model precisely
excludes noncancerous regions and accurately pinpoints can-
cerous areas.

Distinct from attention scores, the computation of Shapley
values encompasses the entire MIL classifier, incorporating
diverse category information, thereby enabling interpretations
on a class-wise basis. As shown in Fig. 4(c), the IIS estimated
by attention scores and class-MT Shapley values predom-
inantly focus on malignant tumor regions. Meanwhile, the
heatmaps generated using class-AT Shapley values predom-
inantly emphasize atypical tumor regions, aligning with the
slide-level labels. Although the heatmaps might not be entirely
accurate for the BRACS dataset, this finding highlights the
robust interpretability of Shapley value-based IIS in multiple
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Fig. 5. AUC results of different maximum pseudo bag numbers Mmax

on CAMELYON-16, BRACS, and TCGA-LUNG datasets.

classification tasks.
In summary, the visualization results indicate that while

attention score-based IIS often produces a noisy ranking of
instance importance and is limited to a single target category,
Shapley value-based IIS ensures a more accurate ranking of
instance importance and enables class-wise interpretations,
leveraging the full capacity of the MIL classifier.

E. Ablation study
1) IIS Measure Estimation Metrics: In this ablation study,

we evaluated both the attention score and the Shapley value
as methods for estimating IIS for subsequent training, using
random splitting as the baseline for pseudo bag augmentation.
According to the results presented in Table III, Shapley value-
based IIS estimation demonstrates superior performance on
the CAMELYON-16 and TCGA-LUNG datasets. Conversely,
on the BRACS dataset, the attention score-based estimation
yielded better results. This variation in effectiveness is likely
due to the direct acquisition of attention scores via pooling
operations. In contrast, calculating the Shapley value requires
an additional fully connected layer, which may be less robust
when the overall performance of the MIL classifier is not
particularly high. Therefore, the Shapley value estimation is
more advantageous with datasets that pose fewer learning
challenges.

2) Sensitivity to Hyper-parameters: The optimal number of
pseudo bags, Mmax, varies across datasets due to differences
in magnification levels of the patches and the sizes of tumor
regions. As depicted in Fig. 5, on the CAMELYON-16 dataset,
our model exhibits peak performance with an Mmax of
approximately 9, experiencing a sharp decline in effectiveness

TABLE IV
AUC RESULTS OF THE PROPOSED METHOD USING DIFFERENT

HYPER-PARAMETERS ON CAMELYON-16, AND BRACS TEST SETS.

AUC
Dataset

Camelyon16 BRACS
µ τ Avg Std Avg Std
5

3

90.51 0.57 82.38 1.84
10 90.10 1.61 82.82 1.84
15 90.00 0.93 82.61 1.50
20 90.40 1.16 82.96 1.02

10

1 90.33 1.26 82.29 1.24
2 90.94 0.97 82.64 0.76
3 90.10 1.61 82.82 1.84
4 89.52 0.61 82.65 1.77
5 91.04 1.55 82.89 1.13

when Mmax exceeds this value. Similarly, the ideal Mmax

or the BRACS and TCGA-LUNG datasets is found to be 10
and 14, respectively. The smaller Mmax on CAMELYON-
16 can be attributed to the prevalence of micro metastasis
slides containing few positive instances, even at a 20× mag-
nification. In such scenarios, pseudo bag augmentation must
balance between introducing additional noise to the training
set and enhancing training diversity. Conversely, the larger
cancer (subtype) regions in the BRACS and TCGA-LUNG
datasets allow for division into more pseudo bags without
compromising stability.

We also present the repeatability results of various hyper-
parameters µ and τ utilized in Shapley value acceleration, as
depicted in Table IV. It indicates that the performance of our
proposed approach is not significantly affected by changes in µ
and τ , as the performance fluctuations fall within an acceptable
range.

3) Progressive Pseudo Bag Augmentation: To ascertain the
efficacy of progressively increasing the pseudo bag count and
refining the initial pseudo bag assignment, we carried out
a series of experiments. For this, we set the pseudo bag
increment ∆M to 4, with the training rounds, n as 5 for the
CAMELYON-16 and TCGA-LUNG datasets, and extended
to 10 for the more intricate BRACS dataset. The results, as
indicated in Table V, show that models incorporating both pro-
gressive tactics achieve the highest levels of performance. The
CAMELYON-16 dataset is particularly sensitive to the number
of pseudo bags, necessitating precise calibration to prevent
the introduction of undue noise. Conversely, the BRACS
dataset’s sensitivity lies in the initial setup of pseudo bags,
owing to the challenge of distinguishing between subtypes. A
more sophisticated initial setup significantly aids the model in
accurately recognizing positive instances, leading to enhanced
performance.

From these ablation studies, we summarize several key
insights as follows:

Selection of IIS Estimation Metrics. The selection of
IIS estimation methods depends on the characteristics of the
dataset. While attention score-based IIS is commonly em-
ployed, its ranking accuracy can sometimes be compromised.
In contrast, Shapley value-based IIS tends to show improved
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TABLE V
EVALUATION OF PSEUDO BAG AUGMENTATION USING DIFFERENT PROGRESSIVE STRATEGIES ON CAMELYON-16, BRACS, AND TCGA-LUNG

TEST SETS. THE SUBSCRIPTS ARE THE STANDARD DEVIATION. THE BEST EVALUATION RESULTS ARE IN BOLD.

Pseudo Bag Strategy CAMELYON-16 BRACS TCGA-LUNG

Number Initialization ACC AUC F1 ACC AUC F1 ACC AUC F1

Constant Constant 80.821.0 77.511.7 76.931.6 62.651.3 82.780.9 60.891.8 90.571.4 95.920.3 90.551.4

Progressive Constant 84.892.8 85.481.6 82.413.8 64.662.1 82.250.8 62.122.6 89.742.3 95.551.6 89.722.3

Constant Progressive 85.084.2 86.414.1 83.335.4 70.690.6 84.490.7 68.710.8 90.570.3 96.060.6 90.560.3

Progressive Progressive 88.181.2 88.101.0 86.991.5 71.261.2 84.880.2 69.861.4 91.301.7 96.091.3 91.281.8

performance in less complex datasets as its effectiveness
largely relies on precise classification outcomes.

Sensitivity to Hyper-parameters. The optimal maximum
pseudo bag number Mmax varies across datasets and heavily
relies on the number of positive instances present. For datasets
containing larger tumor regions within bags, a higher Mmax
is recommended. Conversely, datasets with fewer positive
instances per bag benefit from a smaller Mmax to avoid unnec-
essary complexity. Our model exhibits insensitivity to hyper-
parameters used in Shapley value approximation. Nevertheless,
it is advisable not to set µ and τ too small.

Progressive Strategies. A progressive increase in the num-
ber of pseudo bags is effective for challenging datasets or those
with only a limited number of positive instances in each bag.
While this approach is less appealing for datasets with sub-
stantial tumor regions. Conversely, progressive initialization
represents a significant improvement across various datasets,
especially on more challenging ones.

V. CONCLUSION

In this study, we tackle attention-related challenges within
multiple-instance learning for whole-slide image classifica-
tion, particularly the extreme distribution of attention and
misidentification of positive instances. To overcome these
challenges, we introduce accelerated Shapley value, which
quantifies the contribution of each instance, to estimate IIS
for the first time. This novel approach facilitates a more
logical allocation of pseudo bags. Furthermore, we present a
progressive pseudo bag augmented multiple-instance learning
framework that incorporates Shapley value-based IIS and uti-
lizes the expectation-maximization algorithm. This approach
systematically improves pseudo bag augmentation, thus sig-
nificantly enhancing the efficacy of MIL. Extensive experi-
ments on three publicly available datasets demonstrate that
our methodology surpasses existing state-of-the-art techniques.
Additionally, the Shapley value-based IIS offers valuable class-
wise interpretability for pathological whole-slide images. In
future research, we plan to investigate alternative metrics for
the precise and efficient estimation of instance importance
scores, aiming to further refine the robustness and versatility
of our proposed framework.
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