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ARTICLE INFO ABSTRACT

Keywords: Recently, convolutional neural networks (CNNs) directly using whole slide images (WSIs) for tumor diagnosis
Whole slide images and analysis have attracted considerable attention, because they only utilize the slide-level label for model
Weakly supervised training without any additional annotations. However, it is still a challenging task to directly handle gigapixel

Convolutional neural network

. ) . WSIs, due to the billions of pixels and intra-variations in each WSI. To overcome this problem, in this paper,
Multi-scale representation attention

we propose a novel end-to-end interpretable deep MIL framework for WSI analysis, by using a two-branch
deep neural network and a multi-scale representation attention mechanism to directly extract features from
all patches of each WSI. Specifically, we first divide each WSI into bag-, patch- and cell-level images, and
then assign the slide-level label to its corresponding bag-level images, so that WSI classification becomes a
MIL problem. Additionally, we design a novel multi-scale representation attention mechanism, and embed it
into a two-branch deep network to simultaneously mine the bag with a correct label, the significant patches
and their cell-level information. Extensive experiments demonstrate the superior performance of the proposed
framework over recent state-of-the-art methods, in term of classification accuracy and model interpretability.
All source codes are released at: https://github.com/xhangchen/MRAN/.

1. Introduction to obtain satisfactory performance, and they cannot directly handle

the input with a large size due to the limited computer memory,

Pathological examination is viewed as the “gold standard” for clin-
ical diagnosis of tumors (Elmore, 2021). With the development of
whole slide imaging techniques, pathologists can manually examine the
tumors through whole slide images (WSIs). However, each whole slide
image (WSI) usually consists of billions of pixels, e.g., 50,000 x 50,000,
so that manual examination is laborious, time-consuming, expensive
and even error-prone. To reduce the workloads of pathologists and
boost the diagnosis accuracy, computer-aided diagnosis (CAD) systems
have developed by using computer vision and machine learning tech-
niques (Sirinukunwattana et al., 2017; Chen et al., 2019b; Keikhosravi
et al., 2020; Peng et al., 2022). Recently, convolutional neural networks
(CNNs) have been widely used in CAD systems and achieved great
success on pathological images (Litjens et al., 2017; Li et al., 2021a),
because they can automatically extract powerful features. Unfortu-
nately, they often require a large amount of high quality annotated data
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i.e., their input size is usually with hundreds multiply hundreds pixels,
e.g., 224 x 224. Thus, many patch-based deep methods (Xu et al.,
2017; Aratjo et al., 2017; Zhang et al., 2019), which crop each WSI
into hundreds or even thousands of patches and then annotate them
for model training, have been developed for WSI analysis. Obviously,
these methods also require pathologists to annotate a large number
of patches, leading to expensive annotation costs. To further reduce
pathologists’ workloads, WSIs-based deep methods (Cruz-Roa et al.,
2014; Hashimoto et al., 2020; Chikontwe et al., 2020), which adopt
CNNs to directly tackle with WSIs by only using slide-level labels for
tumor diagnosis analysis, have attracted increasing attention.

Based on whether assigning labels to patches in each WSI, existing
WSIs-based deep methods can be roughly classified into two cate-
gories: (1) patches with pseudo-labels (Hou et al., 2016; Cheng et al.,
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2020; Wang et al., 2021); (2) multiple instance learning (MIL) (Zheng
et al., 2018; Campanella et al., 2019). The methods using patches
with pseudo-labels first divide each WSI into a set of patches, and
then assign the WSI’s label to its patches so as to iteratively train
the convolutional neural network (CNN) for automatically selecting
the confident patches consistent with its slide-level label, and finally
employ a decision fusion model to fuse the prediction results of patches
to obtain the predicted category of the WSI. Unfortunately, each WSI is
often composed of a large part of trivial patches, especially for positive
WSIs that often contain only a small part of positive patches, so that
CNNs usually utilize a large number of patches with wrong labels for
model training, thereby possibly deteriorating the model performance
due to their powerful memory capability (Lu et al., 2019; Dehaene
et al., 2020). MIL only provides a general statement of the category
for multiple instances (Maron and Lozano-Pérez, 1997; Dietterich et al.,
1997), i.e., one bag contains tens or hundreds instances with only the
bag label known. Additionally, even if a bag has only one positive
instance, its category is positive. Thus, MIL is very suitable for handling
WSIs.

Existing deep MIL based methods for WSI analysis view each WSI
as a bag and crop it into a set of patches as instances, and then directly
utilize the bag label to train the model (Xu et al., 2014; Kandemir and
Hamprecht, 2015). These methods have two popular strategies. One of
them is to first employ a pre-trained model on ImageNet (Russakovsky
et al., 2015) for obtaining feature representations of patches, and
then leverage these feature representations, the slide-level label, and
a network with multiple fully connected layers to train the model (Gao
et al., 2016; Campanella et al., 2019). However, the intrinsic distri-
bution between different data types is often different, and thus this
strategy cannot obtain the optimal feature representations of patches.
Another intuitive strategy is to resize each patch into a lower resolution
one (Liu et al., 2020) or maximumly reduce the number of patches
to decrease the memory costs (Chikontwe et al., 2020), so that CNNs
can directly analyze each WSI. As a result, this strategy might lose
some significant information of each WSI, thereby restricting the model
performance. Additionally, the other popular strategy for extracting
features of WSIs is to employ unsupervised methods, e.g., contrastive
learning (Li et al., 2021b; Mo et al., 2023), domain adaptation (Ren
et al., 2019), clustering (Chen et al., 2022). However, these methods
make extracted features easily be prone to bias and noise, so that
their generalization performance is unstable on data sets with different
distributions (Dike et al., 2018). Therefore, it is very necessary and
challenging to directly handle the gigapixel WSIs.

In clinical diagnosis, pathologists not only require the CAD system
to provide diagnosis results but also supply the evidence to support
and interpret the results (Zhang et al., 2019; Pirovano et al., 2020).
Hence, to better interpret and locate the diseased region in WSIs, some
interpretable deep MIL methods have been proposed by using different
attention mechanisms. These methods majorly adopt two strategies:
(1) posterior attention mechanism; (2) prior attention mechanism. The
posterior attention mechanism is that first employs a pre-trained model
or unsupervised learning model to extract the features of patches, and
then utilizes feature visualization technologies, e.g., class activation
map (CAM) (Zhou et al., 2016; Selvaraju et al., 2017), to obtain the
discriminative patches (Bae et al., 2020; Zhang et al., 2022). The prior
attention mechanism is that directly embeds the attention mechanism
into the deep neural network to mine the significant patches during
model training for WSI analysis (Li et al., 2019; Lu et al., 2021). Com-
pared to the methods using the posterior attention mechanism, which
severely relies on the pre-trained or unsupervised learning model, the
methods using the prior attention mechanism can directly mine and
interpret the significant patches in each WSI and often obtain better
interpretation results.

Motivated by aforementioned observations, in this paper, we pro-
pose a novel end-to-end interpretable weakly supervised deep frame-
work, namely multi-scale representation attention based network (MRAN),
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to directly handle gigapixel WSIs (see Fig. 1). The proposed frame-
work employs the CNN to automatically extract powerful features from
patches, leverages MIL for WSI analysis, and embeds multi-scale repre-
sentation attention into the network to boost model interpretability.
Specifically, in order to reduce the effect of noisy labels on model
performance, we first divide each WSI into a set of bags, each of
which contains tens of patches, and assign the slide-level label to its
bags, thereby decreasing the number of wrong labels. Additionally,
because the bags contain noisy labels, each bag might consist of a
large apart of trivial patches, and cell-level information in each patch
is very significant for disease diagnosis (Shi et al., 2017; Hu et al.,
2018), we propose a multi-scale representation attention mechanism
to simultaneously discover the bag with a correct label, interpret the
significance of patches, and mine the significant cell-level informa-
tion. Finally, extensive experiments on four publicly available WSI
datasets demonstrate the effectiveness of the proposed framework on
WSI classification and interpretation.
In summary, our major contributions are listed as follows:

+ We propose a novel end-to-end interpretable deep MIL frame-
work, namely MRAN, which can directly extract features from
all patches of gigapixel WSIs by only using slide-level labels
during model training. In other words, our framework can directly
handle any size of each WSI, with extracting its all patch-level
features for model training.

We propose a multi-scale representation attention mechanism to
simultaneously mine the significant bag-, patch- and cell-level
images for WSI analysis.

Extensive experimental results illustrate that the proposed frame-
work outperforms recent state-of-the-art methods on WSI classifi-
cation, with better interpretation capability.

The rest of this paper is organized as follows. Section 2 briefly
reviews some related popular weak supervision methods. Section 3
introduces the proposed framework. Section 4 shows and analyzes
experimental results. Finally, Section 5 concludes this paper and points
out the future work.

2. Related work

In this section, we briefly review some popular weakly supervised
methods for pathology image analysis, including pseudo-label patch-
based methods, MIL-based methods, and attention-based deep MIL
methods.

Pseudo-label patch-based methods: which first utilize a certain
method to generate pseudo-labels for unlabeled patches, and then
employs these patches with their pseudo-labels to train the model in
a supervised learning manner. Generally, the training process itera-
tively conducts the pseudo-label generation and model training until
convergence. Because pseudo-label generation is the key stage during
the training process, many different strategies have been proposed
to generate powerful pseudo-labels. For instances, the expectation—
maximization (EM) based strategy (Hou et al., 2016), which auto-
matically locates discriminative patches robustly by utilizing the spa-
tial relationships of patches in each WSI; the cluster-then-label strat-
egy (Peikari et al., 2018; Xu et al., 2022), which utilizes clustering
analysis to identify high-density regions in the data space for anno-
tating the unlabeled data; the consistency regularization strategy (Shi
et al., 2020a; Pulido et al., 2020; Marini et al., 2021), which adopts
the consistency regularization between augmented samples of different
epochs to generate strong pseudo-labels; the graph-based strategy (Shin
et al., 2022), which considers local and global relationships of patches
to refine the initial pseudo-labels. Although these methods generat-
ing pseudo-labels for patches can effectively leverage the patch-level
information of WSIs, deep neural networks are easily overfitting on
the wrong labels, thereby deteriorating the model performance (Zhang
et al., 2021).
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Fig. 1. The structure of the proposed MRAN. (a) WSI preprocessing: cropping each WSI into bag- and patch-level images; (b) Bag-level image classification: feeding patch-level
images of each bag into the first branch to obtain Cell-, Patch- and Bag-representations, and their losses that constitute of the loss,; (¢) WSI classification: feeding Bag-representations
of each WSI into the second branch to produce Bag-embeddings and WSI-representation, and their losses that make up the loss,,.

MIL-based methods: which view each WSI as a bag consisting of
multiple instances, where each instance is one patch cropped from the
WSIL. In MIL, when the bag (WSI) contains at least one positive instance
(patch), then the bag (WSI) is positive. Based on this characteristic, MIL
is very suitable for the WSI scenario, and thus there are many MIL-
based methods have been proposed for WSI analysis. E.g., a MIL-based
deep learning system only using the reported diagnoses as labels has
been proposed for WSIs (Campanella et al., 2019). To better leverage
the useful information in WSIs, the rectified cross-entropy loss and an
upper transition loss have been designed for WSI analysis (Chen et al.,
2019a). To jointly learn instance- and bag-level features and reduce
intra-class variations, an end-to-end MIL-based deep framework using
a center loss has been developed (Chikontwe et al., 2020). In order to
integrate the embedding extractor and aggregator together for training,
EPL (Xie et al., 2020) utilizes clustering to divide WSI into several
groups and sample each group, and employs part learning to perform
end-to-end training. Most of these methods fail to take into account
the significance of instances, thereby possibly restricting the model
classification accuracy and interpretability (Shi et al., 2020b).

Attention-based deep MIL methods: To interpret the significance
of instances and meanwhile attain desired bag classification accuracy,
attention-based deep MIL methods have been proposed to simulta-
neously utilize deep neural networks to extract the instance features
and employ the attention mechanism to interpret their significance.
Specifically, C2C (Sharma et al., 2021) clusters and samples the patches
feature obtained through feature extractor, and then fuses their features
by using an adaptive attention mechanism for end-to-end training. The
method (Ilse et al., 2018) designs two attention mechanisms and indi-
vidually embeds them to learn the instance weights. TransMIL (Shao
et al., 2021) adopts the pre-trained model to obtain the feature rep-
resentations, and employs the self-attention to calculate the relations
among patches so as to explore both morphological and spatial in-
formation of WSIs. In addition to the self-attention, a dual-stream
architecture with self-supervised contrastive learning has been pro-
posed to better extract the feature representation of patches in an
unsupervised manner (Li et al., 2021b). Instead of using the attention
mechanism to interpret the significance of patches, dynamic pool-
ing has been applied into the deep MIL framework for selecting key

patches (Yan et al., 2018). Because previous methods do not consider
the relationship of bags, graph-based MIL with the attention mechanism
has been developed to better explore the relations among bags (Tu
et al., 2019). Double-tier feature distillation multiple instance learning
(DTFD-MIL) (Zhang et al., 2022) generates bags with pseudo-labels by
Grad-CAM (Selvaraju et al., 2017), and then utilizes a double-tier MIL
framework to mine significant bags and their patches. Although these
methods can obtain promising performance on many types of WSIs,
they usually utilize the pre-trained model or the unsupervised learning
manner to learn patch-level features. Hence, they might fail to extract
optimal patch-level features for WSIs.

Different from previous pseudo-label patch-based methods, the pro-
posed framework generates the pseudo-labels for bags in each WSI
to largely reduce the number of wrong labels. Compared to previ-
ous MIL-based methods, instead of using the pre-trained model or
the unsupervised learning manner to extract patch-level features in
MIL-based and attention-based deep MIL frameworks, the proposed
framework directly feeds the patch-level images into the model so as
to better leverage the patch-level information of WSIs. Additionally,
our framework can directly extract all patch-level features from each
WSI, without using lower resolution WSIs or sampling part of patches.
Moreover, previous methods fail to consider the significance of cell-
level features, which are very crucial in pathological images, but the
proposed framework can interpret the cell-level images and meanwhile
remove the trivial ones.

3. Method
3.1. WSIs preprocessing

Given N WSIs {X,,}:,V:l, where X, € ROIXW c, H and W

denote the number of channels, image height and width, we resize
the size of WSIs to % X % in order to reduce the computational

and memory costs in model training. We first apply a default global
binary thresholding algorithm (Malathy et al., 2016) in OpenCV to
localize the tissue regions in each WSI X, and then divide the region
into a set of non-overlapping bag-level images {X,,,-}:Z’;, where X,; €
RE*HyxHy [, denotes its height and weight, and M, < M = 2%

>
Hy
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Additionally, we divide each bag-level image into multiple patch-level
M
images {X,;; }j:”l, where X,,; € RO, H s its height and weight,
2

H
and M, = H—’; Moreover, to mine the significant cell-level information,

14
we view each patch-level image consisting of a set of cell-level images
{X,,,.jk};:i‘l, where X, € ROHXHe [ s its height and weight, and
2

H
M, = H—‘; Although each WSI has a different size in practice, in the

proposed framework we empirically set fixed values for H,, H, and
H,, respectively, e.g., H, = 1024, H, = 128 and H, = 32. As a result,
each bag contains 64 patch-level images and each patch consists of 16
cell-level images.

3.2. Multi-scale representation attention based network

Let fy(-) represent a network consisting of two branches, where 6
denotes the network parameters, the first branch contains L—1 convolu-
tional layers with the parameters {6, }IL:_]1 and one fully connected layer
with the parameters #* for bag classification, and the second branch is
composed of two fully connected layers with the parameters {91 e L )
for WSI classification. In this paper, we adopt a very popular network,
ResNet18 (He et al., 2016), as the backbone. By feeding the patch-
level images of each bag into the network, it can obtain the features
of the bag-level, patch-level and cell-level images. Note that we do not
directly divide each patch-level image into multiple cell-level images,
whose features are obtained based on the feature map of its correspond-
ing patch-level image. Let Z! denote the feature representation of the
nth WSI X, Z” represent the feature representation of X,; (which is
the ith bag in X s Z" be the feature representation of X,,, ij (which
is the jth patch in X,,,) and Z7 ., mean the feature representation of

X,;jx (which represents the kth cell level image of X,,;;). Note that Z
is obtained by using the L — 1 convolutional layers to extract features
from the patch-level image X,;;. E.g., considering that the input is a
single patch with a size of 128 x 128, and its output after the L — 1
convolutional layer in the first branch is transposed to 4 x 4 x 512,
which corresponds to the representations of 16 cell-level images in the
patch.

Each WSI might be composed of certain bags with wrong labels,
each bag might contain some trivial patches and each patch might
consist of cell-level noise information. Thus, we propose a multi-scale
representation attention based deep framework to simultaneously mine
the bag-level images with correct labels, significant patch-level images
and cell-level information. The proposed multi-scale representation
attention consists of cell-level attention, patch-level attention and bag-
level attention. They are on the basis of the #,,-norm based atten-
tion (Shi et al., 2020c), we describe their respective processes in this
subsection.

3.2.1. Cell—l}g{vel attention

Zf”.j kS, Cl obtained from the L — 1 convolutional layers denote the

cell-level feature representations in the patch-level image X,,;;. They are

nij*
the input of the cell-level attention, which is:

Pfu/k h(ijk) (la)

Z 1 (Pm r)
Mnijk = —jks (1b)

M,
E Zr—l( mjtr)
max(f;jx — ML,O)

Miijk = 37 s (19
c 5
X max(ty ;; — M, 0)

m/ Z ”Im]; m/t’ (ld)
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where Pl and 7, denote the class vector and the attention weight
of the cell-level image X, respectively, HL represents the parameters
of the fully connected layer, £ € [0,1] and = - is a threshold to remove
trivial cell-level images in each patch- level 1mage 7’ ; 1s the feature
representation of the patch-level image X,,;;, and R is the number of

classes.

nij>

3.2.2. Patch-level attention
Based on the cell-level attention, it can obtain the patch-level fea-

M
ture representations {Zf“.j}_ pl, which are fed into the patch-level
j=

attention. It is:

P’ =nZ’.), (2a)

nij nij

VL @)

by = —— (2b)
R
VI @)
max(8,;; - Mip,())
By = Zor; , (20)
o max(8,, — Ajp,o)
MP
b _
ni — Z ﬁm'fzﬁit’ (Zd)
t=1
b
P = nzb), (2e)

where P’ and §
nij

of the patch-level image X

,i; denote the class vector and the attention weight

qij» respectively, Mi is a threshold to re-
move trivial patch-level images in each bag, and ZZI. is the feature
representation of the bag-level image X,,,.

3.2.3. Bag-level attention

Based on the patch-level attention, it can obtain the bag-level fea-

ture representations {Zﬁ }le , which are fed into the bag-level attention

in the second branch. The process of bag-level attention is:

P2 = n(Zh), (3a)
Z (ler
Yoi = —, (3b)
M
Zx:b Z =1 (Pntr)
¢
max(v, = 5-,0)
Tni = i — (30
Zt lmax(ym - Vb’o)
M,
2= y.2h, (3d)
t=1
© = h(ZY), (3e)

where Pb and y,; denote the class vector and the attention weight of
the bag- level image X,,; in the second branch, respectively, A(-) denotes
the two fully connected layer with the parameters {0,}1L=+L2+1, Mib is a
threshold to remove trivial bags in each WSI, and Z!’ is the feature
representation of the WSI X,,.

For clarity, we present an example of the multi-scale representation
attention used with the backbone network ResNet18 and the two fully

connected layers constituted of the second branch in Fig. 2.
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Fig. 2. An example of one WSI with its outputs during the preprocessing stage and the two branches of the proposed framework. During the right two subfigures, the top one
shows the output of one bag in the first branch, and the bottom one displays the output of one WSI in the second branch.

3.3. Loss function

Given a batch of single-label WSIs X, .5 and their corresponding
one-hot label vectors y,cs, where X, € ROHW 1y = { y,,,}R, Vpr €
{0,1} and R is the number of classes, let P¥, P’ and Pf”.jk denote

Vllj
the class vector of X,,, X,,;; and X,,;;, P',Z,‘ and Pm? represent the class
vector of X,; in the first and second branches, respectively. Because
the framework consists of two branches, the proposed loss function
also contains two loss functions, which are based on the popular

cross-entropy loss as follows:

R
1055(y,; P¥) = = )", log(s(P)[r]),

r=1

4

where P € RR and s(-) denotes the softmax function. Additionally,
because X, is a single-label image and y, € {0,1}%, we can obtain
Zf: | Yar = 1. Suppose that X, belongs to the rth class, Eq. (4) equals

loss(y,; P,’) = —log((s(P; )[t]). (5)

Since previous literature (Shi et al., 2020b,c) has demonstrated that
connecting the attention mechanism and loss function can boost the
model classification performance and interpretability, we also connect
the bag-level attention with the loss function for WSI classification.
Hence, the loss function for the second branch is

. pw
lossw(y"GB’PneB’ nEB)

- |B|Z

Xuen

<log(S(Pw)[f]) + wy(7) 2 Yn,log(S(P,,, )[I])) (6)
where |B| denotes the number of WSIs, the first term is used for WSI
classification and the second term is utilized for bag classification,
w,(r) is an unsupervised weight function to balance the WSI and
bag classification, 7 is the number of current training epochs, and y,;
obtained by the bag-level attention is the weight of the ith bag in the
nth WSL

Additionally, each class usually has different numbers of WSIs in
practice, thereby leading to the popular unbalanced problem, which
might significantly degrade the model performance. To alleviate this
problem, we add a class weight for each WSI, and thus Eq. (6) becomes

1055, (Vuessi P P2 )

=T Bl > B <log(s(P“>[t])+co2(r)2y,,,log<s(P,,$)[z])> %)

Xuen i=1

N

where g, = % represents the weight of the rth class, N = Zil N

is the total nlr;rlngér of WSIs, and N, is the number of WSIs belonging
to the rth class.

Similarly, for the first branch, we connect the patch-level attention
and cell-level attention with the loss function, which is simultaneously
employed for bag-level, patch-level and cell-level images classification.
It is
lossy(Yuies: PmeS’ Pﬁres’ »cw‘es)

] 5| > B |tos(s®@irD)

Xies

M,
+ o1(0) ) 6, <lag(s(P{jU)[z]) +w,(7) Z Mijicl0g (5P, k)[t])) 8)

j=1 k=1

where S is a set containing the indices of bags in different WSIs, |S|
denotes the number of bags, w,(z) is used to balance the bag-level and
patch-level classification, and is used to balance the patch-level and
cell-level classification at the same time, 6,;; is the weight of the jth
patch in the ith bag of the nth WS], i.e,, X,;;, and #,;;, is the weight of
the kth cell-level image in the jth patch of the ith bag in the nth WSI,
ie, Xk

Based on the bag-level attention in the second branch, we can
reduce the effect of bags with wrong labels by using the attention
weights {ym}f\i’]’ in the nth WSI, and then Eq. (8) becomes

nij

> v | 1og(s®IHIe))

1
P c —
lossy(Ynies; PmeS’ PmeS’ m‘es) - IS
Xyies

M, M,
+ 01(2) Y 6, (log<s(P’;,]>[z1)+w1(r>Zn,,,-,-kzogu(l’f,,.,k)[t])) O

j=1 k=1
Finally, based on Egs. (7) and (9), we can obtain the proposed loss

function as follows

:ries’)'
(10)

loss = vloss,, (Vs P B) + (1 = v)lossy(Yyes: P A o

w
neB’ nies’ mES’

where v € {0,1} is to control which branch is employed to train the
model during the training process. For clarity, we present the detailed
training process of the proposed framework in Algorithm 1.
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Algorithm 1: MRAN

Input: Training WSIs {Xn}"l": \» label vectors {y,,} ,’1\’: |» weight
function w, (r), ,(7), network with parameters 0: fy(-),
augmentation function g(-).

Output: Parameters 6.

1 Preprocess X, to obtain {X,,,-}IZ’; for VI <n < N;
2 Initialize y,; =1 for V1 <n < N and V1 <i < M,;
3 for r € [1,T] do

4 v« 0;

5 for ecah minibatch S do

6 Divide X, to attain {X,,; }/A:”l for Vni € S;

7 Zf”.jk « fo(g(X,;;)) for V1 < j < M, and Vni € S;

// Cell-level attention, where ar(-)
denotes Eq. (1) .
M, M, .
8 2 g} o, att({Zf“,jk}k:l ,0L) for V1 <j < M,
and Vni € S;

// Patch-level attention, where art(-)
denotes Eq. (2).

b M, P M, L . .

0 2 (3o = an {2, }j=1 ,0L) for Vni € S;

10 loss < Eq.(10);

11 Back-propagate loss to update model parameters 6’ for
1<I1<L;

12 end

13 v« 1

14 for each minibatch B do

// Bag-level attention.
L2

s ||zl () (032 for v e B,

16 loss « Eq.(3);

17 Back-propagate /oss to update model parameters 6’ for
L+1<I<L+2;

18 end

19 end

4. Experiments

In this section, we conduct experiments on four popular WSI
datasets from The Cancer Genome Atlas (TCGA) and CAMELYON16 to
evaluate the proposed framework.

4.1. Experimental setting

4.1.1. Datasets

Lung Squamous Cell Carcinoma (LUSC): This dataset consists of 1100
slides from 495 patients, with 753 positive slides and 347 negative
ones, whose average size is around 35,374 x 25,178 pixels. After
preprocessing WSIs based on Section 3.1, the average number of bags
in each slide is 271. We randomly adopt 40%, 20% and 40% patients
for model training, validation and testing, respectively.

Breast Invasive Carcinoma (BRCA): This dataset is composed of 1962
slides from 1088 patients, including 1565 positive slides and 397
negative ones, whose average size is about 89,405 x 29,784 pixels.
After preprocessing WSIs, each slide has an average of 701 bags. We
randomly employ 60%, 20% and 20% patients for model training,
validation and testing, respectively.

Stomach Adenocarcinoma (STAD): This dataset contains 749 slides
from 428 subjects, with 626 positive slides and 123 negative ones,
whose average size is around 60,198 x 35,254 pixels. After preprocess-
ing WSIs, the average number of bags contained in each slide is 605.
We randomly utilize 60%, 20% and 20% subjects for model training,
validation and testing, respectively.
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CAMELYON16: This dataset contains 398 slides, with 159 positive
slides and 239 negative ones, whose average size is around
110,084 x 168,762 pixels. After preprocessing WSIs, the average num-
ber of bags contained in each slide is 4241. We randomly utilize
80%, 10% and 10% subjects for model training, validation and testing,
respectively.

4.1.2. Comparison methods

To better illustrate the strength of the proposed framework, we
compare it with the following popular methods:
MSKCC-MIL (Campanella et al., 2019): which is a two stage method
that first trains the model with MIL at patch-level images and selects
confident patch-level images by using the predicted scores in each
WSI during model training, and then employs random forest for WSI
classification.
MSKCC-RNN (Campanella et al.,, 2019): which utilizes the trained
MSKCC-MIL model to extract the feature representations of patch-level
images, and then adopts the RNN method to classify WSIs.
DSMIL (Li et al., 2021b): which adopts the self-supervised contrastive
learning to extract the feature representations of patch-level images,
and then employs MIL for WSI classification with using the self-
attention to take into account the instance mutual information.
ABMIL (Ilse et al., 2018): which employs the pre-trained model of
ResNet18 on ImageNet (Russakovsky et al., 2015) to extract features
of patch-level images, and then adopts the gated attention to interpret
the significance of patches for WSI classification.
CLAM-SB (Lu et al., 2021): which adopts the pre-trained model of
ResNet18 on ImageNet (Russakovsky et al., 2015) as the feature ex-
tractor of patch-level images, and utilizes the SVM-based loss and
single-branch attention for WSI classification.
CLAM-MB (Lu et al., 2021): which also utilizes the same pre-trained
model as CLAM-SB for feature extraction, but employs the SVM-based
loss and multi-branch attention to aggregate patch-level features for
WSI classification.
TransMIL (Shao et al.,, 2021): which adopts the pre-trained model
of ResNet18 on ImageNet (Russakovsky et al. 2015) as the feature
extractor of patch-level images, and then utilizes the Transformer-based
attention MIL method to classify WSIs.
DTFD-MIL (Zhang et al., 2022): which also adopts the pre-trained
model of ResNetl8 on ImageNet to extract features of patch-level
images, and then combine gradient-based probability calculation and
Attention-based MIL to classify WSIs.

4.1.3. Implementation details

We conduct experiments on a server with 8 NVIDIA GeForce 3090
(24 GB memory each), and implement the proposed framework by
using the PyTorch framework. We employ the Adam (Kingma and Ba,
2014) optimizer to update model parameters. For the first branch, we
utilize the OneCycleLR (Smith and Topin, 2019) scheduler to adjust
the learning rate, with setting the initial learning rate as 0.0001; For
the second branch, we only update the parameters of the two fully
connected layers by setting the learning rate as 0.0001 during the first
5 epochs, and then adjust the learning rate as 0.00005. Totally, we run
the model 20 epochs, with alternatively training the first branch and
the second one. Additionally, we set the batch size as 2 for the first
branch, and adopt the batch size as 1 for the second branch. In Eq. (3c),
same as Shi et al. (2020c), we set & as 0.1 for the cell-level, patch-level
and bag-level attention. For the unsupervised weighting function w(z),
we adopt w;(7) = A,-ef‘l*%'z,i € {1,2}, and empirically set A = 5, where
% linearly increases from O to 1 during the training process and 7T is
total number of training epochs. For data augmentation, we augment
each patch-level image by only using the random flip.

For fairness, we employ the same patch size and downsampling
rate as the proposed framework for the comparison methods, but we
adopt their default augmentation to obtain the best performance of
themselves.
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Table 1
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Classification results on the four datasets, LUSC, BRCA, STAD and CAMELYON16, We bold the best result and underline the second-best result

of each setting.

Model LUSC
ACC AUC SE Sp F,
MSKCC-MIL 0.8579 + 0.0383 0.9427 + 0.0167 0.9428 + 0.0933 0.6781 + 0.1792 0.9001 + 0.0300
MSKCC-RNN 0.8962 + 0.0293 0.9436 + 0.0244 0.9672 + 0.0161 0.7437 + 0.1157 0.9278 + 0.0184
DSMIL 0.9409 + 0.0117 0.9846 + 0.0054 0.9578 + 0.0127 0.9050 + 0.0125 0.9564 + 0.0092
CLAM-SB 0.8366 + 0.0084 0.9003 + 0.0069 0.8955 + 0.0242 0.7149 + 0.0589 0.8805 + 0.0061
CLAM-MB 0.8464 + 0.0149 0.9249 + 0.0070 0.8623 + 0.0321 0.8137 + 0.0337 0.8828 + 0.0142
ABMIL 0.8139 + 0.0455 0.8959 + 0.0111 0.9124 + 0.0558 0.5942 + 0.2658 0.8717 + 0.0196
TransMIL 0.8695 + 0.0144 0.9156 + 0.0126 0.9235 + 0.0099 0.7517 + 0.0239 0.9065 + 0.0110
DTFD-MIL 0.8808 + 0.0161 0.9223 + 0.0273 0.9054 + 0.0098 0.8268 + 0.0555 0.9125 + 0.0106
MRAN 0.9719 + 0.0078 0.9954 + 0.0021 0.9825 + 0.0066 0.9483 + 0.0216 0.9796 + 0.0054
Model BRCA
ACC AUC SE Sp F,
MSKCC-MIL 0.9027 + 0.0424 0.9855 + 0.0126 0.9981 + 0.0017 0.5202 + 0.1921 0.9430 + 0.0237
MSKCC-RNN 0.9584 + 0.0259 0.9735 + 0.0213 0.9905 + 0.0039 0.8317 + 0.1209 0.9746 + 0.0155
DSMIL 0.9062 + 0.0693 0.9728 + 0.0096 0.9162 + 0.1044 0.8712 + 0.1046 0.9366 + 0.0527
CLAM-SB 0.9252 + 0.0101 0.9754 + 0.0039 0.9310 + 0.0189 0.9055 + 0.0277 0.9509 + 0.0068
CLAM-MB 0.8765 + 0.0149 0.9487 + 0.0034 0.8894 + 0.0383 0.8347 + 0.0658 0.9179 + 0.0111
ABMIL 0.9432 + 0.0127 0.9765 + 0.0127 0.9652 + 0.0077 0.8525 + 0.0447 0.9646 + 0.0076
TransMIL 0.9714 + 0.0158 0.9887 + 0.0058 0.9874 + 0.0088 0.9084 + 0.0588 0.9822 + 0.0099
DTFD-MIL 0.9768 + 0.0092 0.9904 + 0.0115 0.9792 + 0.0067 0.9728 + 0.0260 0.9850 + 0.0059
MRAN 0.9775 + 0.0169 0.9923 + 0.0078 0.9818 + 0.0275 0.9594 + 0.0444 0.9857 + 0.0112
Model STAD
ACC AUC SE SP F,
MSKCC-MIL 0.8382 + 0.0137 0.8028 + 0.0520 0.9708 + 0.0300 0.2025 + 0.1224 0.9086 + 0.0080
MSKCC-RNN 0.7214 + 0.0323 0.7385 + 0.0472 0.7623 + 0.0342 0.5190 + 0.1171 0.8189 + 0.0257
DSMIL 0.8024 + 0.0191 0.7514 + 0.0154 0.8889 + 0.0349 0.3836 + 0.1120 0.8812 + 0.0145
CLAM-SB 0.8322 + 0.0204 0.8401 + 0.0435 0.9710 + 0.0217 0.2340 + 0.1489 0.9037 + 0.0117
CLAM-MB 0.8647 + 0.0315 0.8599 =+ 0.0505 0.9286 + 0.0367 0.5834 + 0.2112 0.9176 + 0.0193
ABMIL 0.6777 + 0.0354 0.7303 + 0.0869 0.6852 + 0.0455 0.6375 + 0.1746 0.7786 + 0.0267
TransMIL 0.8431 + 0.0039 0.7534 + 0.0165 0.9939 + 0.0101 0.1099 + 0.0558 0.9131 + 0.0028
DTFD-MIL 0.7948 + 0.0722 0.8553 + 0.0338 0.7898 + 0.1009 0.8221 + 0.0936 0.8621 + 0.0544
MRAN 0.9520 + 0.0321 0.9849 + 0.0160 0.9679 + 0.0108 0.8720 + 0.2208 0.9715 + 0.0181
Model CAMELYON16
ACC AUC SE Sp F,
MSKCC-MIL 0.5875 + 0.0479 0.5607 + 0.0773 0.5833 + 0.1836 0.5900 + 0.1322 0.5064 + 0.0838
MSKCC-RNN 0.4949 + 0.0731 0.4856 + 0.0654 0.4925 + 0.1965 0.4958 + 0.2288 0.5548 + 0.1523
DSMIL 0.6190 + 0.1154 0.6936 + 0.0805 0.6131 + 0.0595 0.7294 + 0.1289 0.5440 + 0.2602
CLAM-SB 0.5600 + 0.1306 0.5745 + 0.1238 0.5125 + 0.3406 0.5917 + 0.3935 0.4266 + 0.2453
CLAM-MB 0.5750 + 0.1275 0.5026 + 0.1430 0.3625 + 0.2666 0.7167 + 0.1985 0.3748 + 0.2495
ABMIL 0.5150 + 0.1040 0.4805 + 0.1114 0.4933 + 0.2385 0.5280 + 0.1507 0.4162 + 0.1715
TransMIL 0.6150 + 0.0454 0.6251 + 0.0308 0.3733 + 0.0760 0.7600 + 0.1131 0.4185 + 0.0335
DTFD-MIL 0.6250 + 0.1075 0.5685 + 0.1509 0.4800 + 0.2883 0.7120 + 0.2390 0.4559 + 0.1908
MRAN 0.7300 + 0.0694 0.7939 + 0.0872 0.5733 + 0.2140 0.8240 + 0.1345 0.5943 + 0.1619
Table 2 dataset STAD, on which the gain of the proposed framework is 8.47%,
Ablation study on the BRCA dataset. 7.58% and 4.94% over the best competitor in terms of ACC, AUC, and
Model ACC AUC i F, score, respectively. This might because (1) the proposed framework
Baseline 0.8737 + 0.0539 0.9578 + 0.0262 0.9133 + 0.0412 trains the model in an end-to-end manner, which can directly utilize
B, 0.9066 + 0.0765 0.9971 + 0.0029 0.9467 + 0.0477 convolutional neural networks to extract features of all patch-level im-
B, +P, 0.9225 + 0.0311 0.9865 + 0.0075 0.9491 + 0.0212 for WSI classifi ion: (2) th df Kk with i 1
B.+P+C, 0.9803 1 0.0226 0.9976 + 0.0020 0.9880  0.0134 ages for classification; (2) the proposed framework with multi-scale

To evaluate the proposed framework and the comparison methods,
we adopt five popular metrics, including accuracy (ACC), Area Under
Curve (AUC), Sensitivity (SE), Specificity (SP) and F, score. Addition-
ally, we repeat experiments five times for all methods on each dataset,
and then report their average results.

4.2. Results and analysis

4.2.1. Classification experiments

Table 1 shows the classification results of the proposed framework
and eight comparison methods on the four datasets. As we can see, the
proposed framework achieves the best results among all the methods
on the four datasets, in terms of the three metrics, especially for the

representation attention can mine the significant multi-scale features,
i.e., bag-level, patch-level and cell-level features.

4.2.2. Interpretation experiments

In addition to the classification experiments, we also conduct in-
terpretation experiments to evaluate the model interpretability of the
proposed framework.

Because the proposed framework consists of bag-level, patch-level
and cell-level attention mechanisms, we first scale the attention map
of each level and then superimpose it into the corresponding posi-
tion of the original image. Next, to demonstrate their effectiveness
on interpreting the significance of bag-level, patch-level and cell-level
images, respectively, we present their heatmaps in Fig. 3, in which the
position with darker color means that has a larger attention weight.
Specifically, Fig. 3(a) shows the heatmaps obtained by the bag-level
attention on WSIs to mine the significant bags, Fig. 3(b) displays the
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Fig. 3. Heat maps generated at three levels of attention. (a) Heat maps generated with Bag-level attention on WSIs. (b) Heat maps generated with Patch-level attention on Bag
images. (c) Heat maps generated with Cell-level attention on Patch images. The left and right half of each row are from negative WSIs and positive WSIs, respectively.
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Fig. 4. The classification accuracy of four methods at different numbers of selected patches on the LUSC and STAD datasets. Both P and Py are the total number of selected
patches. However, in (a), our proposed MRAN selects the top 60 bags for each WSI, with the variable top selected number of patches in each bag; in (b), MRAN selects the top

20 patches for each bag, with the variable top selected number of bags in each WSI.

heatmaps attained by the patch-level attention on bag-level images
to mine the significant patches, and Fig. 3(c) presents the heatmaps
achieved by the cell-level attention on patch-level images to mine the
significant cell-level images. As we can see, Fig. 3 suggests that multi-
scale representation attention can interpret the significance of different
levels of images in WSIs.

To further evaluate the interpretation performance of the proposed
framework, because most of previous WSI-based methods focus on
interpreting the significance of patch-level images, whose annotation
is very time consuming and expensive, similar to previous feature
section methods (Ding and Peng, 2005; Nie et al., 2010), we employ
classification accuracy as the metric to assess the selected patch-level
images of the proposed framework, without using any additional prior
knowledge. We compare the proposed framework with five compara-
tive interpretation methods: DSMIL, ABMIL, CLAM-SB, TransMIL and
DTFD-MIL. Specifically, we first adopt the selected significant patch-
level images in the original testing set of the four methods as a new
testing set, and then evaluate their classification performance on the
new testing set. Note that for fairness, all methods select the same
number of patch-level images in each WSI. Fig. 4 presents the classi-
fication accuracy on different numbers of selected patch-level images.
It suggests that the proposed framework can achieve the best classifica-
tion accuracy when selecting the same number of patch-level images.

Additionally, the larger number of selected patches usually mean the
better model performance. This infers that more patches are beneficial
to the model generalizability. However, the proposed framework can
obtain the best or sub-best results of itself by using fewer patches
compared to the other comparison methods. This illustrates its powerful
selection performance on patch-level images.

To more accurately explore the effect of bag-level attention and
patch-level attention on model performance, we also conduct experi-
ments to observe that (1) different numbers of selected patches with a
fixed number of selected bags (Fig. 6(a)); (2) a fixed number of selected
patches with different numbers of selected bags (Fig. 6(b)). As we can
see, Fig. 6(a) displays that when each bag has the number of selected
patches during [10,30], the proposed framework achieves the best or
sub-best classification accuracy. This suggests that each bag consists
of many trivial or even noise patches, and the proposed patch-level
attention can mine the significant patches and remove the trivial ones.
Additionally, Fig. 6(b) shows that the proposed framework can obtain
the sub-best performance with using only 20 bags, which is less than
10% of the total number of bag-level images. This infers that each
WSI might contain a set of trivial bag-level images, and the proposed
bag-level attention can mine the significant ones.
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4.2.3. Ablation study

To evaluate the influence of bag-, patch- and cell-level attention on
model performance, we conduct experiments by replacing the attention
at each level with the mean-pooling operator, and then gradually add
bag-, patch- and cell-level attention mechanisms. Specifically, Baseline
denotes that the attention at each level is replaced with mean-pooling,
i.e., the images at each level have the equivalent weight. B, denotes
replacing the bag-level mean-pooling with the bag-level attention in
Baseline, B, + P, represents replacing the patch-level mean-pooling
with the patch-level attention in B,, and B, + P, + C, is to replace
the cell-level mean-pooling with the cell-level attention in B, + P,.
Table 2 shows the classification results of the proposed framework
with different levels of attention mechanisms. It suggests that all the
bag-, patch- and cell-level attentions are conducive to boosting model
performance. Similar observations can be found on the other three
datasets.

4.3. Parameters analysis

We explore the effect of the hyperparameter 4; in w,(7), i € {1,2},
on the performance of the proposed MRAN. Specifically, we conduct
experiments with different values of 4; during [0, 20] respectively, and
show the results in terms of accuracy and F; score on LUSC in Fig. 5. As
we can see, MRAN can obtain the best or sub-best model performance
within a large range of [0.1, 10]. This indicates that the proposed MRAN
is not very sensitive to A;. Similar observations can be found on the
other three datasets.

4.4. Discussion

Classification experiments on four WSIs datasets demonstrate that
the proposed MRAN can obtain better classification performance. One
major possible reason is that the comparison methods adopt two stages
for WSI classification, e.g., MSKCC-MIL and MSKCC-RNN, unsupervised
learning or pre-trained models to extract features of patch-level images,
e.g., DSMIL, ABMIL, CLAB-SB, CLAM-MB, TransMIL and DTFD-MIL,
while the proposed framework directly utilizes convolutional neural
network to extract the feature representation of patch-level images
for WSI classification. Additionally, interpretation experiments illus-
trate that the proposed framework has better model interpretability.
Moreover, ablation study infers that mining the significant bag-level,
patch-level and cell-level images is very beneficial to boosting model
performance. Hence, they might suggest that multi-scale representation
attention is another major cause of the proposed framework with better
classification performance.

5. Conclusion and future work

In this paper, we propose a novel end-to-end interpretable deep MIL
framework, namely MRAN, consisting of convolutional layers, multi-
scale representation attention and fully connected layers. Additionally,
the proposed multi-scale representation attention is composed of bag-,
patch- and cell-level attention to mine the significant bags, patches and
cell-level images, respectively. Extensive experiments on four popular
and publicly available WSIs datasets illustrate that the proposed frame-
work outperforms the recent state-of-the-art methods on model clas-
sification performance and interpretability, and also demonstrate the
effectiveness and strength of the proposed multi-scale representation
attention.

Although the proposed framework has obtained promising perfor-
mance, it still has some limitations as follows: (1) failing to consider the
relationship among instances; (2) originally designed for binary classi-
fication tasks; (3) only taking into account unimodal data, i.e. WSIs.
Therefore, in the future, we will boost the proposed framework by
considering the relations among instances via self-attention or graph
methods, and extend it to multi-class tasks and multimodal data.
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