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A B S T R A C T

Multiple instance learning (MIL)-based methods have been widely adopted to process
the whole slide image (WSI) in the field of computational pathology. Due to the sparse
slide-level supervision, these methods usually lack good localization on the tumor re-
gions, leading to poor interpretability. Moreover, they lack robust uncertainty estima-
tion of prediction results, leading to poor reliability. To solve the above two limitations,
we propose an explainable and evidential multiple instance learning (E2-MIL) frame-
work for whole slide image classification. E2-MIL is mainly composed of three mod-
ules: a detail-aware attention distillation module (DAM), a structure-aware attention
refined module (SRM), and an uncertainty-aware instance classifier (UIC). Specifically,
DAM helps the global network locate more detail-aware positive instances by utilizing
the complementary sub-bags to learn detailed attention knowledge from the local net-
work. In addition, a masked self-guidance loss is also introduced to help bridge the
gap between the slide-level labels and instance-level classification tasks. SRM gener-
ates a structure-aware attention map that locates the entire tumor region structure by
effectively modeling the spatial relations between clustering instances. Moreover, UIC
provides accurate instance-level classification results and robust predictive uncertainty
estimation to improve the model reliability based on subjective logic theory. Extensive
experiments on three large multi-center subtyping datasets demonstrate both slide-level
and instance-level performance superiority of E2-MIL.

1. Introduction

Pathological examination plays a crucial role in the early di-
agnosis and treatment of cancer (Cui and Zhang, 2021). With
the rapid advancement of digital scanning devices, traditional
pathological slides can be quickly digitized into whole slide
images (WSI). As shown in the first column of Fig. 1, WSI
is typically enormous in size, consisting of 104 × 104 pix-
els at the highest magnification (0.25µm/pixel). This makes
obtaining a large number of pixel-level and even region-level
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annotations extremely time-consuming and error-prone. Con-
sequently, weakly supervised learning methods (Laleh et al.,
2022) have been widely adopted in the field of computational
pathology, relying solely on WSI-level labels. Multiple instance
learning (MIL) (Ilse et al., 2018; Lu et al., 2021; Shao et al.,
2021; Schmidt et al., 2023) is the most popular weakly super-
vised learning paradigm for WSI analysis and it has demon-
strated satisfactory performance in WSI-level prediction tasks.
In particular, the MIL approaches enable the approximate iden-
tification of regions of interest within the WSI, eliminating the
need for pixel-level annotation.

The common MIL for digital pathology follows a three-step
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Fig. 1. Motivation. The first column shows two whole slide images with tu-
mor regions outlined in red. The second and third columns display the at-
tention maps produced by two existing MIL-based methods (ABMIL (Ilse
et al., 2018) and CLAM (Lu et al., 2021)), with the instance-level classifi-
cation accuracy indicated in the top left corner of each image, respectively.
The last two columns present the attention map and uncertainty map gen-
erated by our E2-MIL framework.

pipeline: 1) splitting the WSI (i.e., bag) into a series of non-
overlapping small patches (i.e., instances) of equal size; 2) us-
ing a pre-trained encoder (e.g., ResNet50 (He et al., 2016)) to
extract features of each patch; 3) pooling all the patch-level fea-
tures into a slide-level representation for the final task. Fol-
lowing this pipeline, recent attention-based MIL methods (Ilse
et al., 2018; Lu et al., 2021; Li et al., 2021; Shao et al., 2021;
Zhao et al., 2024; Godson et al., 2024; Liu et al., 2024) learn an
attention weight for each instance in the pooling step to aggre-
gate all the instance-level representations linearly with different
weights. The attention mechanism can improve the slide-level
performance and exhibit a rudimentary level of interpretabil-
ity (i.e., higher attention values represent a higher likelihood to
be the cancerous area). Despite showing promising results in
various pathological diagnostic tasks, the application of these
methods in real-world scenarios is still limited by two follow-
ing issues:

Firstly, the attention maps generated by the current MIL-
based methods lack precise localization ability for entire can-
cerous regions, leading to poor interpretability. Accurate
instance-level classification facilitates the determination of tu-
mor area proportions, enabling precise quantitative diagnosis
and providing supporting evidence for pathologists during sec-
ondary reviews, ultimately enhancing diagnostic efficiency. As
depicted in Fig. 1, it is evident that ABMIL (Ilse et al., 2018)
and CLAM (Lu et al., 2021) exhibit limitations in their ability
to accurately identify positive instances. These approaches tend
to identify only partial positive instances and may also produce
false-positive results. Specifically, the instance-level classifica-
tion accuracy is only around 50%, far below the level required
by clinical pathologists for model interpretability. A likely ex-
planation is that these models tend to focus on the most dis-
criminative patches related to the slide category, overlooking
many other cancerous patches due to the sparse supervision of
slide-level labels.

Secondly, existing methods lack robust uncertainty estima-
tion of prediction results, leading to poor reliability. In practice,
deep learning models remain vulnerable to perturbations. Even
minor artifacts in the data, such as dust, tissue folds, and air
bubbles on the slides, can substantially degrade model perfor-

mance (Brixtel et al., 2022). Moreover, variations in data acqui-
sition procedures across clinics (e.g., staining procedures and
scanners) often induce distribution shifts between training and
deployment settings. This frequently results in unpredictable
model behavior on new data and generates unreliable predic-
tion results (Stacke et al., 2020). Therefore, for the high-risk
medical scenario, in addition to the high accuracy and inter-
pretability, the diagnostic model should also be able to notify
the pathologists when further examination is required and re-
ject problematic inputs that could lead to erroneous predictions
(Pocevičiūtė et al., 2020).

In this work, to overcome the above two limitations, we pro-
pose an explainable and evidential multiple instance learning
framework (E2-MIL) for whole slide image classification. The
primary objective of E2-MIL is to improve the model’s inter-
pretability and reliability, thereby enhancing its clinical utility.

To solve the first limitation, we propose a detail-aware atten-
tion distillation module (DAM) and a structure-aware attention
refined module (SRM). For DAM, we empirically observe that
the complementary sub-bags can help the attention-based MIL
models discover more positive instances (i.e., tumor regions)
compared with taking the whole big bag as the input. Specifi-
cally, DAM comprises a global network receiving the whole bag
as the input and a local network generating attention maps at a
finer grain by taking the local sub-bags as the input. These two
networks are constrained by an online distillation loss, which
transfers discriminative attention knowledge from the local net-
work to the global network during training. To bridge the gap
between the slide-level label and the instance-level classifica-
tion, we also propose a masked self-guidance loss. Based on the
attention map from the global network, instances with higher
attention scores are masked in the original bag to build a new
masked bag. This masked bag is then fed into the global net-
work again with supervision by the self-guidance loss.

For SRM, we utilize the clustering-based pooling method to
aggregate the instances first, significantly reducing instances
number and the computational complexity. Then, the spatial
relevance between the clustering instances is sufficiently mod-
eled by a vision Transformer (ViT) network (Dosovitskiy et al.,
2021). We generate a structure-aware attention map based on
the multi-head self-attention map in ViT, helping the framework
locate the entire tumor region and further improve the instance-
level classification performance. The two complementary at-
tention maps generated by DAM and SRM are combined as the
final attention map.

To address the second limitation, we propose an uncertainty-
aware instance classifier (UIC) based on the subjective logic
theory (Sensoy et al., 2018). UIC generates accurate instance-
level classification results and reliable uncertainty estimates to
highlight suspicious areas. Specifically, UIC is trained on the
pseudo-labels generated from the above final attention map.
However, these pseudo-labels usually contain some noise, po-
tentially affecting classifier training. The uncertainty map is
efficiently utilized to filter instances with noisy labels during
training. In this way, E2-MIL demonstrates significant potential
in enhancing model interpretability and reliability by accurately
identifying positive instances and providing reliable instance-
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level uncertainty estimates.
Extensive comparison experiments on three subtyping

datasets demonstrate that E2-MIL averagely outperforms the
current best results by 4.3% in AUC, 7.6% in ACC and 9.0%
in F1 across three datasets, respectively, in the instance-level
classification task. The reliability analysis under the settings
of domain shift and label noise further indicates that E2-MIL
can provide better-calibrated uncertainty estimation and reliable
prediction results compared with the current benchmarking un-
certainty estimation methods. In summary, the main contribu-
tions of this work are as follows:

• We propose an explainable and evidential multiple in-
stance learning (E2-MIL) framework for WSI classifica-
tion that improves model interpretability and reliability.

• We propose a detail-aware attention distillation mod-
ule (DAM) and a structure-aware attention refined mod-
ule (SRM) to improve the model’s interpretability by sig-
nificantly improving the localization ability of positive in-
stances.

• We propose an uncertainty-aware instance classifier (UIC)
to improve the model’s reliability by providing robust
instance-level predictive uncertainty estimation.

• Extensive comparisons and ablation studies on three multi-
center subtyping datasets demonstrate that E2-MIL outper-
forms other state-of-the-art methods for whole slide image
classification.

2. Related work

2.1. Multiple Instance Learning in WSI
Recently, many MIL-based methods (Ilse et al., 2018; Lu

et al., 2021; Li et al., 2021; Zhang et al., 2022; Shao et al.,
2021; Chen et al., 2021; Zheng et al., 2022; Shi et al., 2023a;
Xiang et al., 2023; Wang et al., 2022; Chikontwe et al., 2022;
Shi et al., 2024) have been utilized to solve different kinds of
pathological diagnostic tasks in computational pathology, such
as cancer subtyping (Lin et al., 2023; Qu et al., 2022), can-
cer staging (Shi et al., 2023b), tissue segmentation (Xie et al.,
2021; Zhang et al., 2023; Jiang et al., 2023), and survival anal-
ysis (Di et al., 2022; Shao et al., 2023). For example, Ilse
et al. (Ilse et al., 2018) proposed an attention-based aggrega-
tion function by measuring the contribution of each instance
embedding in a parameterized way through a neural network.
Subsequently, Lu et al. (Lu et al., 2021) utilized a ResNet50
model pretrained on the ImageNet to extract the patch features
and modeled the WSI classification task as a weakly-supervised
slide-level prediction task. Following this design paradigm, a
series of embedding-based MIL methods has been proposed.
For example, DSMIL (Li et al., 2021) presents a dual-stream
architecture with trainable distance measurement and a pyrami-
dal fusion mechanism for multi-scale patch features. DTMIL
(Zhang et al., 2022) proposes a double-tier MIL framework
by introducing pseudo-bags to address the challenge of small
sample cohorts. TransMIL (Shao et al., 2021) first applies the
multi-head self-attention mechanism in Transformer to model

the morphological and spatial information. Chen et al. (Chen
et al., 2021) proposed a context-aware, spatially-resolved patch-
based graph convolutional network by aggregating the instance
features in the high magnification to model the local topological
structures. Graph-Transformer (GTMIL) (Zheng et al., 2022)
integrates the graph-based representation and a vision Trans-
former to fully model the local and global tissue structures in
an end-to-end way. Later, IBMIL (Lin et al., 2023) proposes
a new scheme based on the backdoor adjustment to achieve the
interventional training. Li et al. (Li et al., 2023) proposed an ef-
ficient fine-tuning framework for WSI, leveraging on the infor-
mation bottleneck theory and supervised by slide-level labels.
Shi et al. (Shi et al., 2023b) introduced a structure-aware hier-
archical graph-based multi-instance learning framework for pT
staging. While these methods primarily aim to enhance bag-
level classification performance, they often struggle with the
more challenging instance-level classification task. In contrast,
our E2-MIL framework not only excels at delineating the en-
tire tumor regions with high precision but also significantly im-
proves the model’s overall reliability.

2.2. Predictive Uncertainty Estimation in WSI
Besides the high accuracy and good interpretability, some re-

cent work (Lakshminarayanan et al., 2017; Gal and Ghahra-
mani, 2016; Chai, 2018; Van Amersfoort et al., 2020; Schmidt
et al., 2023) has emphasized the importance of utilizing uncer-
tainty estimation methods to enhance the model’s reliability.
Current state-of-the-art (SOTA) uncertainty estimation meth-
ods are mainly based on ensemble (Lakshminarayanan et al.,
2017), dropout (Gal and Ghahramani, 2016), the Bayesian neu-
ral network (Chai, 2018), and the deterministic (Van Amers-
foort et al., 2020) approaches. In the context of computa-
tional pathology, Linmans et al. (Linmans et al., 2023) con-
ducted a rigorous empirical evaluation of the recent develop-
ments in uncertainty estimation on large-scale digital pathol-
ogy datasets. Dolezal et al. (Dolezal et al., 2022) proposed
a clinically-oriented approach to uncertainty quantification for
WSIs by estimating uncertainty using dropout and determining
thresholds on training data. Mehrtens et al. (Mehrtens et al.,
2023) first compared the most common methods for uncertainty
estimation under the setting of domain shift and label noise.
Pocevičiūtė et al. (Pocevičiūtė et al., 2022) evaluated the clin-
ical value of uncertainty estimate for deep learning predictions
in digital pathology. Although lots of work has evaluated the
effect of current benchmarking uncertainty estimation methods
in the WSI analysis, most of them rely on pixel-level annota-
tions for training. Several studies (Cui et al., 2023; Schmidt
et al., 2023) have also focused on integrating uncertainty es-
timation with the MIL-based approach for WSI analysis. For
example, Bayes-MIL (Cui et al., 2023) proposes a probabilistic
MIL framework that induces patch-level uncertainty as a new
measurement of interpretability. Schmidt et al., (Schmidt et al.,
2023) proposed a probabilistic attention mechanism based on
Gaussian processes. However, both methods rely on variational
inference to compute the posterior distribution, which is diffi-
cult to optimize during training.

Recently, evidential deep learning (Sensoy et al., 2018; Han
et al., 2022) has gained attention for uncertainty estimation.



4

Fig. 2. Overview of the proposed E2-MIL Framework. (a) The graph representation learning module projects the whole slide image into a local contextual
tissue graph first; (b) the detail-aware attention distillation module employs a simple and effective attention knowledge transfer method to help the attention
map locate more detail-aware instances; (c) the structure-aware attention refined module utilizes the min-cut pooling method (Bianchi et al., 2020) to build
the clustering bag and generates the structure-aware attention map by utilizing the long-distance modeling ability of multi-head self-attention. These two
kinds of complementary attention maps are further fused to generate the final attention map.

Sensoy et al. (Sensoy et al., 2018) utilized the subjective logic
theory to treat neural network predictions as subjective opin-
ions for estimating predictive uncertainty. Zou et al. (Zou et al.,
2022) proposed a trusted brain tumor segmentation network to
provide reliable voxel-wise uncertainty estimation. Inspired by
these works (Wang et al., 2023), we propose an uncertainty-
aware instance classifier based on the subjective logic theory
to improve MIL reliability. Our approach does not require ex-
pensive patch-level labels and excessive computational burden.
Since instance labels are not available during training, we use
the predictive uncertainty to filter noises in the generated in-
stance pseudo-labels, stabilizing the training process.

3. Methodology

3.1. Overview

In this section, we describe the proposed explainable and
evidential multiple instance learning framework (E2-MIL) for
whole slide image analysis in detail. The framework is pre-
sented in Fig. 2. First, we introduce the graph representa-
tion learning module as a backbone model to capture the lo-
cal tissue spatial relations between instances. Then, we present
the detail-aware attention distillation module and the structure-
aware attention refined module to improve instance-level classi-
fication performance. Finally, we present the uncertainty-aware

instance classifier, which aims to provide reliable instance-level
prediction uncertainty estimations.

3.2. Graph Representation Learning Module

In MIL, a WSI W is taken as a bag containing multiple in-
stances I = {I1, I2, ..., IN} ∈ RN×N0×N0×3, in which N is the in-
stance number and N0 denotes the size of each instance. Fol-
lowing the current embedding-based MIL methods (Ilse et al.,
2018; Lu et al., 2021), we utilize the non-overlapping sliding
window method to crop a series of patches as instances. Then,
a pretrained feature encoder E(·) is utilized to extract patch fea-
tures as H = {H1,H2, ...,HN} ∈ RN×d0 , where d0 denotes the
feature dimension of each patch.

To make each instance perceive the spatial relation of local
tissues, the WSI W is first modeled as a tissue graph G. Specif-
ically, the patch feature matrix H is fed into a linear layer to
reduce the dimension of the patch features from d0 to d. All
patches in H are chosen as nodes in the tissue graph. Then, the
node matrix is denoted as V ∈ RN×d. Nodes within the graph are
interconnected based on the coordinates of the patch center, fol-
lowing an 8-connectivity scheme. This means that inner patches
are linked to their eight nearest neighbors, while patches located
on the image border have fewer connections due to the missing
neighboring patches. The topology of the tissue graph is rep-
resented by a binary adjacency matrix E ∈ {0, 1}N×N . Finally,
the tissue graph is formulated as G = {V, E}. To capture the
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Fig. 3. Illustration of the detail-aware attention distillation module.

local tissue structure, the tissue graph G is passed through a
graph convolutional network (GCN) Eg(·) with T GCN layers
of dense connections. The message passing of the t-th GCN
layer is formulated as:

ht
i j = ReLU(vt

i + vt
j), j ∈ N(i), (1)

mt
i j =

∑
j∈N(i)

exp(ht
i j)∑

j′∈N(i) exp(ht
i j′ )
·ht

i j, (2)

vt+1
i = MLPt(mt

i j + vt
i), (3)

where vt
∗ ∈ Rd for t ∈ [1,T ] denotes the input node features

of the t-th GCN layer and N(i) denotes the neighboring nodes
of the i-th node. Similarly to the attention mechanism, mt

i j is
fused by considering the importance of all neighboring nodes.
vt+1

i is generated by combing the input with the fused feature
mt

i j and then passing through a multi-layer perception MLPt(·).
After passing through the GCN network, the tissue graph is up-
dated as G′ = {V ′ ∈ RN×d′ , E}, where d′ = T × d. Each node
in tissue graph G′ aggregates information from the local tissue
contextual structure.

3.3. Detail-aware Attention Distillation Module

The node matrix of the updated tissue graph G′ is read out
as X ∈ RN×d′ . The attention-based MIL (ABMIL) (Ilse et al.,
2018) and its variants (Li et al., 2021; Lu et al., 2021) utilize
the attention-based trainable aggregation function to obtain the
bag-level representation, which is formulated as follows:

X′i =WaXi, (4)

Ai =
exp{W⊤

b (tanh(VX′
⊤

i ))}∑N
j=1 exp{W⊤

b (tanh(VX′⊤j ))}
, (5)

Xbag =Wc

N∑
i=1

AiX′i , (6)

where Wa, Wc, V are all trainable weight matrices with the
same dimension of d′ × d′; Wb is also a trainable weight matrix
with the dimension of d′ × 1; tanh(·) is the activation functions;
and A ∈ RN×1 is the attention map that scores the weight of

each instance in the bag-level representation. Due to the large
number of instances in the bag X and the sparse weak slide-
level labels, the attention map A usually can only locate a few
most critical positive instances, resulting in poor instance-level
classification performance.

Our detail-aware attention distillation module (DAM) lever-
ages complementary sub-bags randomly split from the whole
bag to distill detailed attention knowledge from the local net-
work to the global network, as shown in Fig. 3. Specifi-
cally, DAM consists of a global Eg(·) and a local El(·) ABMIL
network, both of which are attention-based aggregation func-
tions with the same structure but different initialization. For
the whole bag X, we randomly split it into disjoint K sub-bags
Xsub = {Xs,1, Xs,2, ..., Xs,K} with an equal number of instances in
each sub-bag. The global ABMIL network takes the entire bag
X as input and produces a bag-level representation Xglobal and
an attention map Aglobal. For each sub-bag Xs,i, the local AB-
MIL network takes it as the input and produces a sub-bag-level
representation Xlocal,i and corresponding attention map Alocal,i.
The bag-level representation Xglobal and each sub-bag-level rep-
resentation Xlocal,i are separately fed to two classifiers fg(·) and
fl(·) to obtain predictions of each bag Y ′global and Y ′local,i, respec-
tively. Then, the bag-level classification losses for two networks
are defined as:

Lglobal = CE(Y ′global,Y), (7)

Llocal =
1
K

K∑
i=1

CE(Y ′local,i,Y), (8)

where CE(·, ·) denotes the cross-entropy loss and Y is the slide
label. To transfer the detailed attention knowledge from the
local network to the global network, we define an attention dis-
tillation loss as follows:

LAD = |∪
K
i=1Alocal,i − Aglobal|. (9)

Specifically, the local attention maps Alocal,i for sub-bags are as-
sembled to generate Alocal. The attention distillation loss is for-
mulated by measuring the difference between Aglobal and Alocal.
In this way, the global attention map Aglobal can locate more pos-
itive instances by accumulating the rich instance detail knowl-
edge in an online way.

Moreover, to bridge the gap between the slide-level label and
the instance-level classification task, we propose a masked self-
guidance loss, which leverages the global attention map Aglobal

to provide more auxiliary supervisory information. Specifically,
the masked bag Xmask is generated by preserving the instances
in bag X, whose attention values in Aglobal are no greater than a
threshold m,

Xmask = {Xi : i ∈ INDEX(Aglobal≤m)}, (10)

where INDEX(·) is an operator returning indexes of attention
values smaller than or equal to m in Aglobal. Then, the represen-
tations (cf. Eq. (6)) of masked bag Xmask are fed into the global
network Eg(·) again to produce the bag-level representation Xm.
The masked self-guidance loss is formulated as follows:

Lmask = Sigmoid( fg(Xm))[Y], (11)
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where Sigmoid(·) is the activation function. We mask out the
most prominent cancer patches (i.e., positive instances with the
highest attention scores) to force the global network to attend to
more cancer patches, thereby increasing the coverage of cancer
patches in the final attention map. The gap between the sparse
slide-level labels and the instance-level classification tasks can
be effectively mitigated. Finally, the total loss for DAM is for-
mulated as follows:

LDAM = Lglobal + Llocal + LAD + Lmask. (12)

3.4. Structure-aware Attention Refined Module
After training with the DAM, the attention map Aglobal can

locate more positive instances. However, the model lacks per-
ception of the whole tumor region structure. We propose a
structure-aware attention refined module (SRM) that utilizes the
tissue contextual information to refine the attention map further.
Specifically, for the tissue graph G′ = {V ′ ∈ RN×d′ , E}, we first
utilize the min-cut pooling method (Bianchi et al., 2020) to sig-
nificantly reduce the node number,

S = ReLU(V ′Wpool), (13)

Vpool = S⊤V ′, (14)

where Wpool ∈ Rd′×Np is a trainable weight matrix; S ∈ RN×Np is
the assignment matrix for soft node clustering; Vpool ∈ RNp×d′

is the aggregated bag after clustering (Np ≪ N); and Np is the
number of clusters after min-cut pooling (since all instances in a
cluster are aggregated into one, each cluster is then treated as a
new “instance” in the aggregated bag). To enhance the quality
of instance clustering and ensure that the clustered instances
accurately represent various tissue components, we incorporate
the unsupervised min-cut pooling loss (Bianchi et al., 2020) for
further regularization:

Lmincut = −
Tr(S⊤ÃS)

Tr(S⊤D̃S)
+

∥∥∥∥∥∥ S⊤S
∥S⊤S∥F

−
Ip
√

p

∥∥∥∥∥∥
F
, (15)

where ∥·∥F indicates the Frobenis norm. The first item encour-
ages nodes that are strongly connected to be clustered together
and the second item encourages the clusters to have a similar
size.

Following the setting of ViT (Dosovitskiy et al., 2021), we
concatenate a learnable class token Xcls ∈ R1×d′ to Vpool. Then,
the input of the Transformer encoder Et(·) is denoted as Vcls =

[Xcls||Vpool] ∈ R(Np+1)×d′ . Because each instance in Vpool is al-
ready local structure-aware, it is not necessary to add the po-
sition embedding. The Transformer encoder Et(·) is composed
of L Transformer blocks. Each Transformer block includes a
multi-head self-attention (MHSA) layer and a multi-layer per-
ceptron (MLP) with two fully connected layers. The output of
the l-th Transformer block is calculated as:

V ′l = MHSA(LN(V(l−1))) + V(l−1), (16)

Vl = MLP(LN(V ′l )) + V ′l , (17)

where LN(·) denotes the layer normalization. After passing
through the L Transformer blocks, the input feature matrix Vcls

Fig. 4. Illustration of the uncertainty-aware instance classifier.

is updated as VL
cls ∈ R

(Np+1)×d′ . The updated cls token XL
cls is ex-

tracted from VL
cls, which represents the whole cluster. Then, the

bag-level classification result is obtained by Ybag = MLP(XL
cls).

The bag-level classification loss is formulated as follows:

Lcls = CE(Ybag,Y). (18)

Note that the prediction Ybag is regarded as the bag-level predic-
tion for the WSI W. Finally, the total loss for SRM is defined
as follows:

LS RM = Lcls + Lmincut. (19)

Then, we generate the structure-aware attention map As to
locate more positive instances by capturing the entire tumor
structure. Specifically, suppose the l-th Transformer block
has M heads, Q and K are d′/M-dimensional query vectors
and key vectors of all tokens. Then, the self-attention weight
Al ∈ R(Np+1)×(Np+1) for each head can be calculated by:

Al = softmax(
QKT

√
d′/M

). (20)

Based on Al, for the m-th head, we extract the attention matrix
Am

cls ∈ R1×Np between the cls token and all other patch tokens.
Then, the l-th structure-aware attention map Al

s can be gener-
ated by averaging the Am

cls of each head as Al
s =
∑M

m=1 Am
cls/M.

Finally, the structure-aware attention map As is calculated by
As =

∏T
i=1 Al

s. The assignment matrix S is further utilized to
scale the dimension of As to match Aglobal:

A′s = S⊤ · As. (21)

The final attention map A ∈ RN×1 is generated by fusing the
global attention map Ag (i.e., Aglobal) and the scaled structure-
aware attention map A′s, which is formulated as follows:

A f =
Ag −min(Ag)

max(Ag) −min(Ag)
+

A′s −min(A′s)
max(A′s) −min(A′s)

, (22)

where max(·) and min(·) denote the maximum and minimum
value, respectively.

3.5. Uncertainty-aware Instance Classifier

To provide reliable instance-level prediction results, we fur-
ther propose an uncertainty-aware instance classifier (UIC)
based on the subjective logic theory (Sensoy et al., 2018), as
shown in Fig. 4. Specifically, for the C-category classification
task with C+1 mass maps, including C belief mass maps and an
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Table 1. Dataset Statistics.
Cancer Type Kidney Cancer Lung Cancer
Data Source TFAH-RCC TCGA-RCC TCGA-Lung
Number of WSIs 480 332 658
Number of Samples in Each Slide Category 186 / 176 / 118 147 / 128 / 57 350 / 308

Dataset Split
Training 288 200 394
Validation 96 66 132
Test 96 66 132

Number of Instances 1,670,362 1,286,212 1,903,894
Number of Positive / Negative Instances 993,984 / 676,378 657,482 / 628,730 826,156 / 1,077,738

uncertainty mass map, which are all non-negative. For each in-
stance, the sum of all the belief mass maps and the uncertainty
mass map is 1.

The input of UIC is the updated bag V ′, which is first passed
through an instance classifier fuic(·) and an Softplus(·) activation
function to obtain the evidence E = Softplus( fuic(V ′)). Then,
the evidence E ∈ RN×C is parameterized to the Dirichlet distri-
bution as αi = Ei + 1. Next, the belief masses and the corre-
sponding uncertainty map can be calculated separately as Bi =

Ei/S = (αi − 1)/S , and Ui = C/S , where S =
∑C

c=1 (Ec
i + 1)

is the Dirichlet intensities. For the c-th category, the predic-
tion probability will be higher when more evidence is observed
for this category. Otherwise, if the total obtained evidence is
less, the uncertainty will be higher. Based on the Dirichlet dis-
tribution, the probability for the i-th instance is computed as
Pi = αi/S .

To optimize the UIC, based on attention map A f , we first
generate the pseudo-label Ypse ∈ RN×1 for all the instances. If
the attention map value in A f is larger than t f , then the corre-
sponding pseudo-label Ypse is 1; otherwise, Ypse is 0. Then, the
instance-level classification loss is defined as:

LUIC =
1
N

N∑
i=1

CE(Pi,Ypse,i). (23)

Based on (Sensoy et al., 2018), Eq. (23) can be rewritten as
follows:

LUIC =
1
N

C∑
c=1

N∑
i=1

Yc
pse,i(ψ(S i) − ψ(αc

i )), (24)

where ψ(·) denotes the digamma function. Since the noise in
the generated pseudo-labels may affect the training process, we
further utilize the generated uncertainty map Ui to filter out the
noise in the pseudo-label Ypse, which makes the training pro-
cess more stable. Then, the instance-level classification loss is
updated as:

LUIC =
1
N

C∑
c=1

N∑
i=1

Mi · Yc
pse,i(ψ(S i) − ψ(αc

i )),

where Mi =

{
1 i f Ui < tu,
0 otherwise,

(25)

where tu is the threshold to determine whether the pseudo-label
is noisy based on the uncertainty map Ui. Finally, our frame-
work E2-MIL is trained end-to-end by minimizing the following
loss:

L = LDAM + LS RM + LUIC . (26)

4. Experiments

We first briefly describe the collected datasets in Section
4.1. The implementation details and evaluation metrics are de-
scribed in Section 4.2 and Section 4.3, respectively. Then, Sec-
tion 4.4 describes the comparison baselines in detail and reports
the experiment results. Subsequently, interpretability analysis
and reliability analysis are described in Section 4.5 and Section
4.6, respectively. Finally, a series of ablation studies is con-
ducted in Section 4.7 to evaluate the effectiveness of E2-MIL.

4.1. Datasets

To validate our E2-MIL framework on the subtyping task,
we created three multi-center and multi-cancer datasets, namely
TFAH-RCC, TCGA-RCC, and TCGA-Lung. The dataset
statistics are reported in Table 1. The specific descriptions of
each dataset are as follows:
TFAH-RCC: This dataset consists of kidney cancer slides col-
lected by our research team from The First Affiliated Hospital of
Xi’an Jiaotong University (TFAH). The slides were stained with
hematoxylin and eosin (H&E) and scanned by the KF-PRO-005
digital slice scanner at 20×magnification with 0.5 µm/pixel res-
olution. There are 480 slides with slide-level subtyping labels.
This study has been approved by the institutional ethics review
committee of TFAH.
TCGA-RCC: To verify E2-MIL on the multi-center data, we
collected 332 kidney cancer slides from TCGA.1 All the slides
were also annotated with slide-level subtyping labels and pixel-
level tumor region annotations by three professional patholo-
gists. The data in TFAH-RCC and TCGA-RCC are divided
into three categories: clear cell (CCRCC), papillary (PRCC),
and chromophobe renal cell carcinoma (CRCC).
TCGA-Lung: To verify the generalizability of E2-MIL
across multiple cancer types, we collected 658 lung cancer
slides (TCGA-Lung) from TCGA. The slides were annotated
with slide-level subtyping labels and pixel-level tumor region
annotations. TCGA-Lung includes two subtypes: lung adeno-
carcinoma (LUAD) and lung squamous cell carcinoma (LUSC).
Note that for each dataset, the pixel-level tumor region annota-
tions were meticulously annotated by three professional pathol-
ogists.

1A public cancer data consortium that contains diagnostic WSIs and patho-
logical reports. The download link is http://www.cancer.gov/tcga.
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Table 2. Bag-level Classification Results (Presented in %) on TFAH-RCC, TCGA-RCC, And TCGA-Lung Subtyping Datasets. The Best Results Are
Marked in Bold, And The Comparable Results Are Denoted by Superscript * Based on The Paired t-test (p-value>0.05).

Dataset TFAH-RCC TCGA-RCC TCGA-Lung
Metric AUC ACC F1 AUC ACC F1 AUC ACC F1
ABMIL 87.2 ± 2.8 74.6 ± 4.6 72.6 ± 5.0 94.8 ± 1.6 81.8 ± 3.3 78.2 ± 5.8 87.0 ± 3.3 81.0 ± 3.3 81.3 ± 3.1
CLAM 93.5 ± 0.6 82.1 ± 2.9 82.5 ± 2.9 98.4 ± 1.1∗ 89.3 ± 5.5 87.4 ± 8.8 91.3 ± 1.6 83.3 ± 1.9 83.1 ± 2.0
DSMIL 90.7 ± 2.0 78.3 ± 2.4 77.2 ± 2.9 95.8 ± 1.1 82.1 ± 4.4 75.6 ± 11.5 84.2 ± 2.9 77.8 ± 2.7 77.7 ± 2.7
GraphMIL 93.6 ± 1.4 79.6 ± 5.0 79.4 ± 4.9 98.2 ± 1.6 91.5 ± 4.1 90.4 ± 4.2 92.5 ± 2.0∗ 84.8 ± 2.7 84.7 ± 2.7
TransMIL 91.6 ± 1.7 79.6 ± 3.5 78.9 ± 3.3 98.7 ± 1.2∗ 90.3 ± 2.5 89.1 ± 2.6 91.7 ± 1.8 84.8 ± 2.0 84.7 ± 2.1
DTMIL 92.0 ± 2.5 81.3 ± 4.8 80.7 ± 4.7 98.1 ± 1.4 89.7 ± 5.2 89.2 ± 4.8 91.0 ± 1.2 84.2 ± 3.0 84.2 ± 2.5
GTMIL 92.5 ± 2.0 81.0 ± 5.3 80.6 ± 5.1 97.9 ± 1.2 89.1 ± 1.1 88.9 ± 1.5 92.6 ± 1.4∗ 84.5 ± 2.8 84.3 ± 2.9
Bayes-MIL 90.7 ± 2.3 81.5 ± 2.8 81.8 ± 2.8 97.5 ± 1.8 88.1 ± 6.9 88.0 ± 5.2 91.7 ± 0.7 85.2 ± 1.2∗ 85.1 ± 1.3∗

MHIM-MIL 93.8 ± 1.8 83.5 ± 4.3 82.9 ± 1.5 97.7 ± 3.4 89.5 ± 4.7 90.5 ± 5.5 92.5 ± 1.2∗ 84.9 ± 2.8∗ 85.0 ± 3.6∗

E2-MIL 95.2 ± 1.2 85.2 ± 3.7 84.8 ± 3.7 98.8 ± 1.3 92.7 ± 5.1 91.8 ± 5.3 92.9 ± 1.5 85.9 ± 3.2 85.8 ± 3.1

Table 3. Instance-level Classification Results (Presented in %) on TFAH-RCC, TCGA-RCC, And TCGA-Lung Subtyping Datasets. The Best Results Are
Marked in Bold, And The Comparable Results Are Denoted by Superscript * Based on The Paired t-test (p-value>0.05).

Dataset TFAH-RCC TCGA-RCC TCGA-Lung
Metric AUC ACC F1 AUC ACC F1 AUC ACC F1
ABMIL 59.5 ± 2.3 46.5 ± 2.5 38.3 ± 2.8 68.4 ± 1.6 54.9 ± 1.9 47.3 ± 2.5 53.3 ± 1.9 52.9 ± 2.3 38.2 ± 1.4
CLAM 58.1 ± 1.0 57.8 ± 8.3 51.2 ± 8.7 72.3 ± 2.1 59.5 ± 5.0 52.0 ± 6.3 57.0 ± 2.7 56.7 ± 3.2 39.6 ± 1.8
DSMIL 46.3 ± 1.5 40.8 ± 0.9 20.2 ± 0.9 46.2 ± 1.8 37.6 ± 3.1 18.6 ± 0.5 51.8 ± 2.6 48.3 ± 2.9 37.7 ± 1.6
GraphMIL 74.0 ± 3.5 59.4 ± 10.4 50.9 ± 12.1 67.8 ± 2.0 66.8 ± 5.3 61.4 ± 6.0 70.6 ± 3.2 65.6 ± 2.1 54.7 ± 3.7
TransMIL 49.0 ± 5.9 40.6 ± 2.0 29.6 ± 3.1 54.2 ± 3.1 45.0 ± 2.3 34.7 ± 0.7 60.2 ± 4.6 54.6 ± 3.4 35.1 ± 1.4
DTMIL 72.3 ± 3.9 57.9 ± 5.4 50.9 ± 8.7 66.7 ± 2.9 59.4 ± 3.4 60.9 ± 3.7 62.3 ± 4.9 55.6 ± 4.4 52.3 ± 2.4
GTMIL 64.5 ± 8.7 58.4 ± 9.7 50.8 ± 10.5 72.7 ± 2.2 64.0 ± 3.5 57.4 ± 4.0 59.2 ± 4.9 56.1 ± 5.6 41.4 ± 3.8
Bayes-MIL 71.5 ± 1.8 57.4 ± 1.1 49.3 ± 6.5 71.0 ± 1.2 57.8 ± 1.5 55.0 ± 1.0 68.5 ± 3.0 61.9 ± 2.8 48.2 ± 1.2
MHIM-MIL 72.3 ± 5.6 54.7 ± 5.9 51.0 ± 7.8 72.2 ± 2.9 65.8 ± 3.9 60.2 ± 2.4 69.3 ± 3.9 64.7 ± 3.5 53.9 ± 2.4
E2-MIL 78.9 ± 2.6 76.4 ± 1.9 69.4 ± 2.0 79.6 ± 1.2 71.1 ± 1.8 66.3 ± 2.2 71.8 ± 3.5 67.2 ± 1.3 58.6 ± 3.2

4.2. Implementation Details
The whole tissue in the original WSI is segmented out from

the white background by Otsu’s binarization algorithm. The z-
score normalization is performed for the stain of all the patches
extracted from the slides. All patches are cropped at 10× mag-
nification, and the size of each patch is 256×256 pixels (N0 =

256). In total, 4.9 million patches are extracted from 1470 WSIs
for the experiments. The feature encoder E(·) is implemented
as a truncated ResNet50 model (He et al., 2016) pre-trained on
ImageNet with an output dimension of 1024 (i.e., d0 = 1024).
The reduced feature dimension d is 128. The GCN network
Eg(·) has T = 3 layers. In DAM, the number of sub-bags K is
5. The threshold m for building the masked bag is 0.5. In SRM,
the instance number Np after min-cut pooling is 64. The Trans-
former encoder Et(·) includes L = 3 Transformer blocks. The
head number M in each Transformer block is 8. In UIC, the cat-
egory number C is 2, which represents the cancer and normal
instances, respectively. The instance classifier fuic(·) consists of
two fully connected layers. The threshold of t f and tu are 0.7
and 0.8, respectively. Note that all hyper-parameters are heuris-
tically tuned on the TFAH-RCC dataset and applied to the other
datasets. We adopt the Adam optimizer (Kingma and Ba, 2015)
with a learning rate of 1 × 10-4 and weight decay of 1 × 10-5.
The minimum training epoch number is 50, and the early stop-
ping strategy is adopted if the accuracy does not continuously
increase for 20 epochs. The batch size is 1. Our framework
E2-MIL and all the baselines are implemented with PyTorch
and the PyG (Fey and Lenssen, 2019) library on a workstation

equipped with eight NVIDIA 2080-Ti GPUs.

4.3. Evaluation Metrics
We report the area under the curve (AUC), accuracy (ACC),

and F1 score (F1) to measure the classification performance at
the bag and instance level. To evaluate the model’s reliability,
the expected calibration error (ECE) (Guo et al., 2017) is also
adopted by measuring the uncertainty calibration. The predic-
tion confidence (i.e., one minus the uncertainty) for each in-
stance should, on average, match the correctness of the predic-
tion:

ECE =
M∑

i=1

|Bm|

n

∣∣∣∣conf(Bm) − acc(Bm)
∣∣∣∣, (27)

where |Bm| denotes the number of instances in the m-th bin; n
is the total number of instances; conf(·) and acc(·) denote the
average confidence and accuracy, respectively, in the m-th bin;
and M is the predetermined number of bins (M = 20 in the ex-
periment). Five-fold cross-validation is adopted to evaluate the
model’s performance, and each metric’s mean and standard de-
viation are calculated based on the five-fold results. The paired
t-test is also adopted to determine the statistical comparability
of two paired results. Whenever the p-value is > 0.05, the two
results are comparable.

4.4. Comparisons with State-of-the-Art
We compare our framework E2-MIL with several baseline

WSI classification methods, including:
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Fig. 5. Instance-level classification results (yellow for cancer and purple for normal region) of a sample from the TFAH-RCC and TCGA-RCC datasets.

ABMIL (Ilse et al., 2018): It proposes an attention-based ag-
gregation function to generate the bag-level representation by
measuring the importance of each instance;
CLAM (Lu et al., 2021): It proposes a global pooling operator
trained for weakly-supervised slide-level prediction tasks;
DSMIL (Li et al., 2021): It utilizes the concatenated multi-
scale patches as the input and proposes a non-local operation to
aggregate all the instances;
GraphMIL (Chen et al., 2021): It proposes a context-aware
patch-based convolutional network that aggregates instance fea-
tures to model the topological structures (Note that this method
is denoted as Patch-GCN in (Chen et al., 2021));
TransMIL (Shao et al., 2021): It utilizes the Transformer
model to explore the spatial relations between instances;
DTMIL (Zhang et al., 2022): It proposes a double-tier MIL
framework by introducing the concept of pseudo-bags;
GTMIL (Zheng et al., 2022): It utilizes a graph-based repre-
sentation of a WSI and a vision Transformer to aggregate all
instances.
Bayes-MIL (Cui et al., 2023): It proposes a multiple instance
framework from a probabilistic perspective and utilizes the in-
duced patch-level uncertainty as the measure of MIL inter-
pretability.
MHIM-MIL (Tang et al., 2023): This framework utilizes a
Siamese structure with a consistency constraint to effectively
mine hard instances.

For each method, we conduct experiments five times. During
each run, we randomly split the datasets into training, valida-
tion, and test sets following a prescribed proportion of 4:3:3.
We then calculate the mean and standard deviation values from
the results of these five iterations. Besides, all the methods uti-
lize the same patch feature extraction method and training hy-
perparameters. Table 2 and Table 3 report the bag-level and
instance-level classification results of all methods on three sub-

typing datasets, respectively.

4.4.1. Bag-level Classification Task
As shown in Table 2, compared with the state-of-the-art

WSI classification methods in computational pathology, E2-
MIL achieves superior performance on all three datasets in all
metrics. Specifically, compared with current best methods, E2-
MIL achieves an improvement of 1.4% 1.7% and 1.9% on the
metrics of AUC, ACC, and F1, respectively, across all three
datasets. This indicates its effectiveness in handling various
cancer subtyping tasks. The integration of the graph representa-
tion learning module and the structure-aware attention refined
module enables the effective capture of both local contextual
information among small patches and global tissue-level spa-
tial relations among aggregated clusters. Moreover, the detail-
aware attention distillation module enhances the model’s dis-
criminatory power at the bag level by leveraging knowledge
transfer from randomly split sub-bags under the guidance of
online distillation loss.

4.4.2. Instance-level Classification Task
In addition to the high slide-level classification performance

on the subtyping task, E2-MIL also significantly improves the
instance-level classification performance compared with all the
current best methods. Specifically, as shown in Table 3, E2-
MIL averagely outperforms the second-best methods by 4.3%
in AUC, 7.6% in ACC and 9.0% in F1 across three datasets.
This indicates E2-MIL’s superior ability to identify comprehen-
sive positive tumor regions accurately. The fused attention map,
generated by the detail-aware attention distillation module and
the structure-aware attention refined module, effectively cap-
tures detailed instances and the global tissue spatial structures.
Additionally, the uncertainty-aware classifier precisely filters
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Table 4. Results (Presented in %) of Multi-center Cross-evaluation Between TFAH-RCC and TCGA-RCC Datasets.
Setting TFAH-RCC→ TCGA-RCC TCGA-RCC→ TFAH-RCC
Task Bag-level Instance-level Bag-level Instance-level
Metric ACC F1 ACC F1 ACC F1 ACC F1
CLAM 79.4 ± 3.9 74.3 ± 3.8 55.4 ± 2.2 50.3 ± 3.1 75.6 ± 4.7 73.7 ± 4.1 47.2 ± 6.5 36.4 ± 5.4
GraphMIL 76.2 ± 1.6 71.9 ± 1.7 63.3 ± 6.8 56.2 ± 9.1 71.5 ± 3.3 68.9 ± 4.8 52.9 ± 8.7 46.3 ± 7.5
TransMIL 78.2 ± 3.7 75.9 ± 3.2 44.9 ± 1.2 32.5 ± 2.7 72.4 ± 4.5 71.9 ± 3.5 35.3 ± 3.7 25.9 ± 4.3
GTMIL 77.1 ± 7.0 74.8 ± 3.8 57.2 ± 4.2 50.7 ± 5.9 72.9 ± 5.2 69.2 ± 3.4 45.8 ± 7.9 38.7 ± 6.4
Bayes-MIL 80.6 ± 6.3 78.5 ± 5.9 55.6 ± 3.2 42.5 ± 3.6 77.9 ± 6.3 74.5 ± 6.2 44.3 ± 5.4 39.6 ± 7.4
E2-MIL 83.8 ± 5.6 80.5 ± 5.3 68.7 ± 3.0 63.4 ± 2.5 79.3 ± 4.9 77.8 ± 5.1 62.5 ± 4.2 55.3 ± 3.5

Table 5. Classification Results (Presented in %) on the Camelyon16
Dataset. The Best Results Are Marked in Bold, And The Comparable
Results Are Denoted by Superscript * Based on The Paired t-test (p-
value>0.05).

Task Bag-level Instance-level
Metric AUC ACC F1 ACC F1
ABMIL 76.0±7.5 76.3±4.6 73.0±6.8 62.1±5.1 40.2±1.7
CLAM 79.8±3.0 78.5±3.2 77.8±4.2 64.3±5.0 42.4±2.5
GraphMIL 76.9±7.2 75.5±6.1 72.5±8.0 75.8±1.3 67.7±3.4
TransMIL 76.5±6.3 71.3±2.6 69.6±2.5 68.8±0.9 59.7±1.2
Bayes-MIL 82.7±4.5 80.8±2.6 78.0±3.4 74.9±1.4 67.2±1.5
E2-MIL 84.4±3.7 82.3±1.2 80.6±1.7 78.2±0.7 72.1±1.3

out noisy instance pseudo-labels with high uncertainty values,
significantly boosting instance-level performance.

4.4.3. Multi-center Cross-evaluation Experiments
To evaluate the domain adaption ability of our E2-MIL

framework, we conduct multi-center cross-evaluation experi-
ments between the TFAH-RCC and TCGA-RCC datasets. The
“TFAH-RCC→ TCGA-RCC” denotes that the model is trained
in the TFAH-RCC dataset and tested in the TCGA-RCC dataset.
The “TCGA-RCC → TFAH-RCC” denotes that the model is
trained in the TCGA-RCC dataset and tested in the TFAH-RCC
dataset. The experiment results are reported in Table 4. Specif-
ically, the performances of all methods have been affected by
variations in data distribution. However, compared to the cur-
rent best baselines, our E2-MIL achieves superior ACC and F1
performances under both domain adaption settings. This un-
derscores the superior domain adaption ability of our E2-MIL,
demonstrating its robustness to variations in data distribution
across multiple centers.

4.4.4. More Experiment Results on Camelyon16 Dataset
To further evaluate the performance of our E2-MIL frame-

work, we also conduct experiments on the more challenging
Camelyon16 dataset. The split ratio for training, validation,
and test datasets is 6:2:2. Besides, the data preprocessing steps
and training settings are the same as the other datasets. The
specific experiments are reported in Table 5. Compared to sev-
eral state-of-the-art baselines, our E2-MIL framework outper-
forms them significantly in both bag-level and instance-level
classification tasks. Specifically, for the bag-level classifica-
tion task, the improvements are 1.7%, 1.5%, and 2.6% in the
metrics of AUC, ACC, and F1, respectively. For the instance-
level classification task, the improvements are 2.4% and 4.4%
in the metrics of ACC and F1, respectively. Despite the slides

Table 6. Classification Results (Presented in %) on the TFAH-RCC Sub-
typing Dataset with 50% Training Data. The Best Results Are Marked in
Bold, And The Comparable Results Are Denoted by Superscript * Based
on The Paired t-test (p-value>0.05).

Task Bag-level Instance-level
Metric AUC ACC F1 ACC F1
ABMIL 86.0±2.0 69.8±5.0 59.5±11.1 46.6±3.7 37.7±4.4
CLAM 90.3±1.7 78.8±2.7 78.1±2.7 52.9±9.0 45.2±10.5
DSMIL 87.8±2.9 73.3±3.4 71.0±4.6 28.0±1.5 15.7±0.7
GraphMIL 91.3±2.1∗ 79.0±6.5 78.5±6.5 56.7±8.9 48.0±10.3
TransMIL 89.4±2.5 76.9±4.0 75.6±4.6 40.5±1.3 29.5±3.0
DTMIL 90.2±2.2 77.9±3.0 76.6±4.5 51.5±6.3 41.7±7.0
GTMIL 90.3±1.7 77.1±2.9 76.7±2.7 53.4±6.8 45.6±8.7
E2-MIL 91.8±2.2 81.3±4.2 80.9±4.0 69.0±5.1 61.1±5.1

Table 7. Comparison of the computational costs of state-of-the-art MIL-
based classification methods measured in the test set of the TFAH-RCC
dataset, which includes average inference time, FLOPs, and trainable
model parameters.

Methods Average Inference Time (s) FLOPs (G) Paramters (M)
CLAM 0.035 2.746 0.789
GraphMIL 0.097 3.333 0.955
TransMIL 0.043 11.688 3.200
GTMIL 0.102 1.809 5.165
Bayes-MIL 0.036 1.830 0.525
E2-MIL 0.121 2.728 5.429

of metastatic cancer posing challenges in locating the entire tu-
mor regions, our E2-MIL framework still effectively mines the
hard-to-classified instances during the training with the help of
the proposed DAM and SRM. Moreover, as illustrated in Fig.
6, the generated attention map accurately locates entire tumor
regions. Additionally, the uncertainty maps highlight the sus-
picious area for further examination by pathologists, thereby
enhancing the clinical utility of our framework.

4.4.5. Data Efficiency Analysis
In clinical scenarios, challenges like patient privacy concerns

and the rarity of certain diseases make collecting large datasets
difficult. To thoroughly evaluate model performance under
such constraints, we adopt the same TFAH-RCC data split used
in prior experiments. Then, we randomly select 50% of the
TFAH-RCC training set to train all models. As reported in Ta-
ble 6, the performance of all models has decreased due to the re-
duced number of bag-level training samples. However, E2-MIL
consistently significantly outperforms all comparative methods
in both bag-level and instance-level classification tasks by effec-
tively leveraging the weak bag-level labels. This demonstrates
E2-MIL’s robustness in data-limited environments.
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Fig. 6. Qualitative attention results of two samples from the Camelyon16 dataset. The first and second columns display the original WSI and corresponding
pixel-level annotations. The third and fourth columns present attention maps of two baselines. The last two columns on the right show the attention map
and uncertainty map of our E2-MIL framework.

4.4.6. Computational Cost Analysis
To evaluate the computational cost of our E2-MIL frame-

work, we conduct a computational cost analysis on the test set
of the TFAH-RCC dataset. Three metrics are measured, includ-
ing average inference time per slide (measured in seconds, s),
FLOPs (measured in billions, G), and the model’s trainable pa-
rameters (measured in millions, M). The specific experiment
results are reported in Table 7. Compared with several selected
baselines, the computation cost of our E2-MIL framework is
comparable in all metrics. Despite the inclusion of DAM, SRM,
and UIC in our E2-MIL framework, which slightly increases
the number of learnable parameters, the significant performance
enhancements observed in both the bag-level and instance-level
classification tasks justify the associated computational costs as
acceptable.

4.5. Interpretability Analysis

To show the interpretability of E2-MIL, we visualize the
instance-level prediction results. As shown in Fig. 5, we se-
lected one case from all three datasets. The instance-level pre-
dictive results of three baseline models are also visualized. The
results show that current MIL-based methods usually can only
locate a small number of critical positive instances and may also
produce some false-positive instances that affect the diagnostic
process. Compared with ground truth (GT), E2-MIL exhibits
a high degree of interpretability, as it is capable of accurately
identifying and locating nearly all positive instances. (Note
that some white blocks in the prediction results of E2-MIL are
regions of blood vessels with white backgrounds.) This illus-

trates that E2-MIL can achieve more fine-grained interpretabil-
ity and precise boundaries of tumor regions. As shown in Fig.
7, we also visualize the attention maps generated by each mod-
ule. The global attention map Aglobal locates detailed positive
instances, and the structure-aware attention map A′s learns the
whole structure of the tumor region well. The fused attention
map A f , generated by fusing these two complementary atten-
tion maps, obtains a better localization ability for tumor regions.
Moreover, the uncertainty map U showcases all the potentially
suspicious regions, with a majority of them being the bound-
aries of tumor regions, requiring further review by pathologists.

4.6. Reliability Analysis

To evaluate the reliability of our proposed uncertainty-aware
instance classifier (UIC), we compare UIC with the current
benchmarking uncertainty estimation methods (Gal and
Ghahramani, 2016; Lakshminarayanan et al., 2017; Guo et al.,
2017; Linmans et al., 2023) under the scenarios of domain
shift and label noise. To ensure the comparison fairness, all
the methods utilize the same baseline classifier with two fully
connected layers. The details of selected uncertainty estimation
methods are described as follows:
MC Dropout (Gal and Ghahramani, 2016): The dropout
operation can be regarded as a regularization method to
stabilize model training. Multiple forward passes of the same
input with activated dropout layers are utilized. Based on the
baseline classifier, a dropout layer with a drop rate of 0.5 is
added between two fully connected layers to implement the
MC Dropout method.
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Fig. 7. Attention maps. GT denotes the ground truth mask of cancer (yel-
low) and non-cancer (purple) region; Aglobal is the global attention map
from DAM; A′s is the structure-aware attention map from SRM; A f is the
combined attention map; and U denotes the uncertainty map.

Deep Ensemble (Lakshminarayanan et al., 2017): This method
consists of multiple models with the same structure but differ-
ent random initializations. The mean of the predictions of all
models is taken as the final output. Three baseline classifiers
are ensembled to implement the Deep Ensemble method.
Multi-head Ensemble (Linmans et al., 2023): It is an im-
proved version of the Deep Ensemble method. Based on the
baseline classifier, the first connected layer is shared between
different models, and only the last fully connected layer is
ensembled. The head number is set to three in our experiments.
Temperature Scaling (Guo et al., 2017): It introduces a
temperature scaling factor (set to 1.5 in our experiments) on
the model’s output that improves the model calibration.

4.6.1. Domain Shift
To evaluate the classifier’s generalization ability across mul-

tiple centers, we use the TFAH-RCC dataset to train all classi-
fiers and directly test on the TCGA-RCC dataset. (Note that the
instance-level labels are utilized to train all classifiers to avoid
the effect of label noise on the results.) As shown in Table 8,
compared with the other uncertainty estimation methods, our
proposed UIC achieves the best results under all three metrics.
Specifically, the best improvement is 0.60%, 0.63%, and 0.81%
in metrics of ACC, F1, and ECE, respectively, compared with
the best baselines, which indicates that UIC has better general-
ization ability across domains.

4.6.2. Label Noise
To simulate label noise, we utilize the instance pseudo label

Ypse generated from the attention map A f to train all the clas-
sifiers on the TFAH-RCC dataset. As shown in Table 9, UIC
achieves significant improvements of 1.01% and 2.64% in the
metrics of F1 and ECE, respectively. In the ACC metric, UIC is
comparable with the best method (i.e., Deep Ensemble). These
experimental results indicate that UIC is more robust and reli-
able, which can effectively mitigate the impact of label noise
and stabilize the training process. Given the large amount of

Table 8. Experiment Results (Presented in %) of Different Uncertainty Es-
timation Methods Under Domain Shift. The Best Results Are Marked in
Bold, And The Comparable Results Are Denoted by Superscript * Based
on The Paired t-test (p-value>0.05).

Setting TFAH→ TCGA
Metric ACC ↑ F1 ↑ ECE ↓
MC Dropout 80.65 ± 1.29 76.88 ± 1.47 5.49 ± 1.41
Deep Ensemble 80.71 ± 1.22 76.94 ± 1.43 5.31 ± 1.28
Multi-head Ensemble 80.67 ± 1.20 76.89 ± 1.38 6.08 ± 1.48
Temperature Scaling 80.63 ± 1.26 76.85 ± 1.46 5.10 ± 1.18
UIC 81.31 ± 1.22 77.57 ± 1.40 4.29 ± 0.28

Table 9. Experiment Results (Presented in %) of Different Uncertainty Es-
timation Methods Under Label Noise. The Best Results Are Marked in
Bold, And The Comparable Results Are Denoted by Superscript * Based
on The Paired t-test (p-value>0.05).

Dataset TFAH-RCC
Metric ACC ↑ F1 ↑ ECE ↓
MC Dropout 74.27 ± 3.48 66.20 ± 5.99 21.19 ± 3.64
Deep Ensemble 76.96 ± 3.33 68.41 ± 5.22 19.33 ± 5.36
Multi-head Ensemble 76.57 ± 3.19∗ 67.65 ± 6.09 20.05 ± 5.59
Temperature Scaling 73.97 ± 8.50 66.79 ± 9.52 19.69 ± 6.77
UIC 76.41 ± 1.92∗ 69.42 ± 1.97 16.69 ± 3.41

noise in the generated pseudo-label, the training of all classi-
fiers has been significantly affected. In UIC, we introduce an
uncertainty mass map leveraging the subjective logic theory. By
transforming the input bag into obtained evidence and param-
eterizing it into the Dirichlet distribution, the calculated uncer-
tainty map effectively filters out the noise in the pseudo-label
and improves the model’s performance.

4.7. Ablation Studies

4.7.1. Effect of Each Module in E2-MIL
To evaluate the impact of each module in E2-MIL, we per-

form an ablation study on the TFAH-RCC and TCGA-RCC
datasets, as shown in Table 10. The specific module ablation
settings are described as follows:

• w/o LAD: The attention distillation loss is removed from
the objective function LDAM for the DAM to evaluate the
impact of attention distillation loss on locating more posi-
tive instances.

• w/o Lmask: The mask self-guidance loss is removed from
the objective function LDAM for the DAM to evaluate the
impact of auxiliary supervisory information.

• w/o LS RM: The structure-aware attention refined mod-
ule (SRM) is removed. The bag-level prediction is re-
placed by the output Y ′global of the global ABMIL network
in DAM. Additionally, the structure-aware attention map
A′s is also removed in the final attention map A f .

• w/o LUIC: The UIC classifier is removed and the pseudo-
label Ypse is taken as the instance-level prediction result.

As reported in Table 10, after removing the graph rep-
resentation learning module (i.e., w/o GCN), both bag-level
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Fig. 8. Ablation results of attention map. Three cases are selected from the TFAH-RCC dataset to evaluate the effect of proposed loss functions on the
attention maps. The first two columns are the input WSI and ground truth, respectively. The third column denotes the attention map A′s when removing
the attention distillation loss LAD. The fourth column denotes the global attention map Aglobal when removing the LS RM loss. The fused attention map A f
and uncertainty map U are also visualized.

Table 10. Ablation Experiment (Presented in %) on The TFAH-RCC and TCGA-RCC Datasets.
Dataset TFAH-RCC TCGA-RCC
Task Bag-level Instance-level Bag-level Instance-level
Metric AUC ACC F1 ACC F1 AUC ACC F1 ACC F1
w/o GCN 94.8±1.4 83.5±3.7 83.1±3.2 73.5±5.2 67.1±6.2 98.3±1.5 91.4±3.4 90.7±3.9 68.7±4.6 63.5±5.7
w/o LAD 94.6±1.8 80.6±2.8 80.2±2.5 57.8±13.3 47.4±15.6 98.4±1.8 91.5±3.1 90.8±3.7 59.8±5.3 50.0±9.9
w/o Lmask 94.7±1.6 83.8±4.2 83.4±4.1 74.6±5.1 67.9±5.1 98.3±1.2 90.3±3.3 90.0±3.4 68.1±4.4 62.6±5.8
w/o LS RM 94.4±1.4 81.6±3.5 81.2±3.5 58.4±8.6 50.3±10.0 98.3±1.2 91.5±4.8 90.8±5.1 58.3±3.0 48.4±4.2
w/o LUIC 94.3±1.6 83.1±3.6 82.7±3.6 73.4±3.7 65.8±3.8 98.3±1.7 91.5±3.9 90.6±4.3 68.6±4.5 63.0±5.2
E2-MIL 95.2±1.2 85.2±3.7 84.8±3.7 76.4±1.9 69.4±2.0 98.9±1.3 92.7±5.1 91.8±5.3 71.1±1.8 66.3±2.2

Table 11. Experiment Results (Presented in %) of Different Magnifications
on The TFAH-RCC Subtyping Dataset. The Best Results Are Marked in
Bold, And The Comparable Results Are Denoted by Superscript * Based
on The Paired t-test (p-value>0.05).

Task Bag-level Instance-level
Metric AUC (10×) AUC (20×) F1 (10×) F1 (20×)
CLAM 93.5 ± 0.6 93.7 ± 1.2 51.2 ± 8.7 50.9 ± 7.4
GraphMIL 93.6 ± 1.4 94.0 ± 1.9 50.9 ± 12.1 49.8 ± 9.8
TransMIL 91.6 ± 1.7 91.5 ± 2.0 29.6 ± 3.1 31.1 ± 4.6
Bayes-MIL 90.7 ± 2.3 91.0 ± 3.1 49.3 ± 6.5 49.0 ± 5.6
E2-MIL 95.2 ± 1.2 95.4 ± 2.2 69.4 ± 2.0 68.9 ± 1.9

and instance-level classification performance have slightly de-
creased. This underscores the effectiveness of the graph rep-
resentation learning module as the backbone in capturing local
patch contextual information. After removing the attention dis-
tillation loss LAD in DAM, the instance-level performances drop
significantly in all metrics, which indicates that the comple-
mentary local sub-bags can help the global network learn more
detailed attention knowledge. After removing the masked self-
guidance loss Lmask, all the metrics decrease slightly. This illus-
trates that masking the instances with high attention can help
bridge the gap between sparse slide-level labels and instance-

Table 12. Result (Presented in %) of The ABMIL and graphMIL Methods
on The TFAH-RCC Dataset After Incorporating The Attention Distillation
Loss.

Task Bag-level Instance-level
Metric AUC ACC F1 ACC F1
ABMIL 87.2±2.8 74.6±4.6 72.6±5.0 46.5±2.5 38.3±2.8
ABMIL+LAD 91.4±1.6 77.7±3.1 76.1±3.6 65.3±3.8 59.5±3.6
△ 4.2 ↑ 3.1 ↑ 3.5 ↑ 18.8 ↑ 21.2 ↑
GraphMIL 91.6±1.7 79.6±3.5 79.4±4.9 59.4±10.4 50.9±12.1
GraphMIL+LAD 95.5±1.2 84.0±2.5 83.5±2.3 64.1±3.6 56.6±3.5
△ 3.9 ↑ 4.4 ↑ 4.1 ↑ 4.7 ↑ 5.7 ↑

level classification tasks, further improving the model perfor-
mance.

After removing the structure-aware attention refined module
LS RM , the instance-level metrics are decreased by 12.8% and
17.9% in metrics of ACC and F1, respectively, in the TCGA-
RCC dataset, which indicates that A′s can help locate more
structure-aware positive instances and the attention maps Ag

and A′s are complementary to each other. After removing the
uncertainty-aware instance classifier LUIC , both the bag-level
and instance-level performances decrease, indicating that UIC
can enhance the accuracy and reliability of the model.

We also evaluate the effect of the proposed module on the
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generated attention maps. As depicted in Fig. 8, after removing
the attention distillation loss in ADM, many details are ignored
in the attention map. This further illustrates that the proposed
attention distillation loss LAD can help the global network cap-
ture more detail-aware attention knowledge. After removing the
structure-aware attention refined loss LS RM , the attention map
can learn enough details by the LAD, but the whole tumor struc-
tures are not modeled well. Overall, the fused attention map A f

demonstrates that almost all the critical positive instances are
captured well, and the uncertainty map U highlights all the sus-
picious regions, further increasing the framework’s reliability.

4.7.2. Effect of Different Magnifications
To evaluate the effect of magnification on both bag-level and

instance-level classification tasks, we conduct experiments us-
ing a 20× magnification. The specific experiment results are
reported in Table 11. For our E2-MIL framework and all se-
lected baselines, the performance of all models exhibits negligi-
ble variance under different resolution conditions (i.e., 10× and
20×). Specifically, E2-MIL shows only slight performance vari-
ations, with 0.2% in bag-level and 0.5% in instance-level clas-
sification tasks. Notably, with the introduction of DAM, SRM,
and UIC within E2-MIL, our framework consistently outper-
forms the current best existing methods at both magnifications.

4.7.3. Effect of Attention Distillation Loss
To evaluate the proposed attention distillation loss LAD,

which can help improve both bag-level and instance-level per-
formances, we introduce it into other MIL-based methods (i.e.,
ABMIL (Ilse et al., 2018) and GraphMIL (Chen et al., 2021)).
The number of randomly split sub-bags in each method is set
to five. As reported in Table 12, after introducing our proposed
attention distillation loss, the bag-level and instance-level per-
formances have increased across all three metrics. Specifically,
for ABMIL, the instance-level performances increase by 18.8%
and 21.2% on the metric of ACC and F1, respectively. This fur-
ther illustrates the effectiveness of our proposed attention distil-
lation loss, which simply utilizes the local complementary sub-
bags to help the global network learn more fine-grained atten-
tion knowledge.

4.7.4. Effect of the Instance-level Label
Acquiring a substantial number of pixel-level instance la-

bels is very time-consuming and labor-intensive. Therefore,
we explore the effectiveness of the uncertainty map in guid-
ing the annotation process by comparing two sampling meth-
ods (i.e., random sampling and uncertainty-based sampling) on
the TFAH-RCC and TCGA-RCC datasets. For the random sam-
pling method, we randomly select different ratios of slides2 and
introduce their patch labels in the training process. For the
uncertainty-based sampling method, we calculate each slide’s
uncertainty value by averaging its uncertainty map U. Then,
the different ratios of slides with the highest slide uncertainty

2Note that it is rational to introduce all the patch labels in a slide together
because pathologists usually annotate all tumor regions in a slide when they
annotate that slide.

Fig. 9. Effect of the patch-level label. The top figure shows the instance-
level classification performance by randomly selecting different ratios of
patch-level labels; The bottom figure shows the instance-level classification
performance by introducing the patch labels with high uncertainty values
based on the uncertainty map U.

values are selected to introduce their patch label in the training
process. As shown in Fig. 9, after introducing different percent-
ages of instance labels, the instance-level performance has been
increased to varying degrees. The uncertainty-based sampling
method is more effective in selecting the slides that need to be
annotated and significantly reduces the workload of annotation.
Specifically, with only one-tenth of instance labels, the model’s
instance-level classification performance is comparable to the
fully annotated scenario in the TFAH-RCC dataset.

4.7.5. Effect of Reject Rate
To evaluate the effect of the reject rate on the model’s perfor-

mance, we discard different ratios of slides based on the uncer-
tainty map U and calculate the accuracy of the remaining data.
Specifically, the uncertainty value of each slide is calculated by
averaging the uncertainty map U of all instances. Then, based
on the slide uncertainty value, different ratios of slides with high
uncertainty are rejected. As shown in Fig. 10, with the increase
of reject rate, the performances of most uncertainty estimation
methods at the bag level and instance level are improved. Our
proposed UIC achieves the best performance under all reject
rates, indicating its superiority in enhancing the reliability of
the model by discarding the most unreliable slides.

4.7.6. Effect of Hyper-parameters
To evaluate the effect of hyper-parameters on the instance-

level classification performance, we conduct a series of abla-
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Fig. 10. Accuracy after rejecting slides with the unreliable prediction (i.e.,
high estimated uncertainty). The top and bottom figures are the bag-level
and instance-level performance in the TFAH-RCC dataset, respectively.
The x-axis is the proportion of rejected slides over the dataset. The y-axis
is the corresponding accuracy on the remaining slides.

tion experiments on the TFAH-RCC dataset. The results are
summarized in Fig. 11. Specifically, the best value for the
number of sub-bags K is five. When the number of sub-bags
is too small, the global network cannot learn enough detailed
attention knowledge. For the masked bag threshold m, the best
threshold is 0.5. When the threshold is too low, some normal
instances are also masked, causing the model to locate some
false-positive instances. When the threshold is too high, only
part of the positive instances are masked, affecting the localiza-
tion ability on critical instances. For the threshold t f to gen-
erate the pseudo-label Ypse, the best threshold is 0.7. Higher
or lower thresholds may introduce more noise in the generated
patch pseudo-labels. For the threshold tu to filter the noise in the
pseudo-label Ypse, the best threshold is 0.8. Lower thresholds
cannot effectively filter out the noises, while higher thresholds
may remove some instances with high-quality patch labels.

5. Discussion

Although E2-MIL can obtain accurate prediction results and
robust instance-level uncertainty estimation, it still has several
limitations. Firstly, in this work, we assume each slide con-
tains only one type of cancer. Under this assumption, we can
assign the slide-level classification results to the patches. There-
fore, it is sufficient to perform binary patch classification (i.e.,
cancer vs. non-cancer). However, if a slide contains multiple
cancer subtypes (e.g., a WSI of stomach cancer may contain
multiple subtypes, such as papillary, tubular, and mucinous),
the slide-level classification task should be reformulated as a

Fig. 11. Impact of four important hyper-parameters: the sub-bag numbers
K, the threshold for building the masked bag m, the threshold t f for gener-
ating the pseudo-label Ypse, and the threshold tu to determine whether the
pseudo-label Ypse is noisy.

multi-label classification problem (instead of a multi-class clas-
sification problem). And then, the binary instance label can-
not differentiate multiple subtypes. To adapt our framework to
complex multi-label scenarios, we plan to incorporate multiple
class tokens into the structure-aware attention refined module.
Each class token will generate a class-aware attention map cor-
responding to a specific subtype. Moreover, we will expand
the uncertainty-aware classifier to handle multi-class classifica-
tion tasks by adjusting the number of classes in the classifier
head. Secondly, although E2-MIL has significantly improved
the instance-level classification performance compared with ex-
isting methods, there is still much room for improvement in
instance-level performance compared with the bag-level perfor-
mance. We hope that our proposed large multi-center multi-
cancer subtyping datasets, which include fine-grained pixel-
level annotation, will serve as a catalyst for further research in
this area. In the future, we will explore the potential of leverag-
ing popular large language models (LLMs) and vision-language
models (VLMs) to further enhance our model’s capabilities in
locating the positive instances, which will be achieved by in-
tegrating additional external clinical knowledge to provide ef-
fective guidance. Thirdly, the detail-aware attention distillation
module just needs to be utilized in the training process. Given
the partitioning of bags in DAM is random during each forward
pass, the local network can continuously identify and focus on
the hard-to-classified instances, thereby enhancing the localiza-
tion ability of the attention map. This attention map is then uti-
lized to generate instance pseudo-labels, providing strong guid-
ance for supervising the training of the uncertainty-aware clas-
sifier.

6. Conclusion

In this work, we proposed an explainable and evidential mul-
tiple instance learning (E2-MIL) framework for whole slide im-
age analysis. The E2-MIL improves the clinical usability of
the model from the aspects of interpretability and reliability.
Specifically, the detail-aware attention distillation module gen-
erates a fine-grained attention map by utilizing the complemen-
tary sub-bags to help the global model learn more attention
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knowledge from the local network. The structure-aware atten-
tion refined module generates a structure-aware attention map
by utilizing the clustering bags to capture the whole structure
of tumor region. These two attention maps are fused and sig-
nificantly improve the model’s interpretability by locating all
the positive instances well. Moreover, the uncertainty-aware
instance classifier improves the model’s reliability by providing
robust instance-level predictive uncertainty estimation based on
the subjective logic theory. Extensive comparative and abla-
tion experiments on three large multi-center subtyping datasets
showed that E2-MIL achieved state-of-the-art results for whole
slide image analysis. In the future, we will extend our frame-
work to more cancer types and diagnostic tasks.
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