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Abstract. Cervical cancer is one of the primary factors that endanger
women’s health, and Thin-prep cytologic test (TCT) has been widely
applied for early screening. Automatic whole slide image (WSI) classi-
fication is highly demanded, as it can significantly reduce the workload
of pathologists. Current methods are mainly based on suspicious lesion
patch extraction and classification, which ignore the intrinsic relation-
ships between suspicious patches and neglect the other patches apart
from the suspicious patches, and therefore limit their robustness and gen-
eralizability. Here we propose a novel method to solve the problem, which
is based on graph attention network (GAT) and supervised contrastive
learning. First, for each WSI, we extract and rank a large number of rep-
resentative patches based on suspicious cell detection. Then, we select
the top-K and bottom-K suspicious patches to construct two graphs
seperately. Next, we introduce GAT to aggregate the features from each
node, and use supervised contrastive learning to obtain valuable repre-
sentations of graphs. Specifically, we design a novel contrastive loss so
that the latent distances between two graphs are enlarged for positive
WSIs and reduced for negative WSIs. Experimental results show that
the proposed GAT method outperforms conventional methods, and also
demonstrate the effectiveness of supervised contrastive learning.

Keywords: Cervical cancer -+ Whole slide image classification + Graph
attention network - Supervised contrastive learning

1 Introduction

Cervical cancer is one of the most common malignant cancers in women [14].
Many studies show that cytology screening can effectively reduce the incidence
and mortality of cervical cancer [16,19]. At present, the most advanced screening
method is Thin-prep cytologic test (TCT) [10]. During the diagnosis process, the
cytopathology doctors need to spend a lot of time traversing all the cells, diag-
nosing the suspicious lesion cells among them, and grading the whole slide [13].
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Fig. 1. The effect of supervised contrastive learning. Left: Some WSIs may be misclas-
sified, which only depends on the graph of top-K patches. Right: In positive WSIs,
the distances between graphs of top-K and bottom-K patches are expanded, while in
negative WSIs, the distances are reduced, so that the WSIs can be properly classified.

Therefore, manual screening is labor-intensive and inevitably subjective. With
the progress of digital whole-slide image-scanning instruments [18], accurate and
efficient computer-aided cervical cancer screening becomes feasible.

Traditional methods, mainly based on morphological and textural character-
istics, generally consist of cell segmentation [1,6], feature extraction [7], and cell
classification [12]. With the development of deep learning [8], many attempts
have been applied to the identification of cervical lesion cells based on convolu-
tional neural networks (CNNs). For example, Yi et al. [20] proposed an automatic
cervical cell detection method based on Dense-Cascade R-CNN. Du et al. [3] used
CNN with attention-guided semi-supervised learning for the classification of cer-
vical cell images. Zhou et al. [22] proposed a two-stage method based on CNN
for cervical screening of pathology images. Shi et al. [15] used graph convolu-
tional network (GCN) for the classification of cervical cell images. However, only
a few studies tackled the whole slide image (WSI) diagnostic problem. Zhou et
al. [21] proposed a three-stage method including cell-level detection, image-level
classification, and case-level diagnosis obtained by an SVM classifier. Cheng et
al. [2] designed a pipeline to find the most suspicious lesion cells in each slide
and feed the features extracted by CNN to a recurrent neural network (RNN)
to grade the whole slide.

The keynote of the methods mentioned above is finding the most suspicious
lesion cells and integrating them to grade the WSIs. However, most methods
ignore the intrinsic relationships between the suspicious lesion cells. Further-
more, in clinical practice, doctors not only focus on the suspicious lesion cells
but also take the other cells into consideration. It is necessary due to the poten-
tial individual sample differences such as staining color variations. But the exist-
ing methods neglected information in the other areas which are not suspicious
enough.

To solve the problems in WSI-level analysis, we propose a robust computer-
aided diagnostic system for cervical cancer screening based on graph attention
network (GAT) [17] and supervised contrastive learning. Our system focuses on
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distinguishing positive and negative classes of WSIs. Inspired by the standard
screening routine of pathologists, our screening framework is developed in a two-
stage manner. In the first stage, a large number of representative patches are
extracted by RetinaNet [9] and then ranked by a pre-trained SE-ResNeXt-50 [5].
In the second stage, to model the intrinsic relationships between the suspicious
lesion patches, we choose top-K and bottom-K suspicious lesion patches to con-
struct graphs separately and use GAT to aggregate their features. As illustrated
in Fig.1, we develop a novel supervised contrastive learning strategy that in
positive WSIs, the distances between two graphs are forced to expand, while in
negative WSIs the distances are reduced. Therefore, the model can learn from
the different distances between two graphs in negative and positive WSIs, which
further improves the accuracy and robustness of our screening system.

2 Method

The proposed framework is shown in Fig. 2 which consists of two major stages.
The first stage aims to generate a large number of suspicious lesion patches.
These representative patches are further ranked by a pre-trained model. In the
second stage, two different groups of patches are selected: one group contains
top-K suspicious lesion patches in the WSI and the other one contains bottom-
K suspicious lesion patches, which can be seen as the false positive patches
generated in the detection process. The two groups of patches are aggregated
into two graphs separately. The representations of graphs are computed by GAT
and max-pooling layers, then in latent space, their feature vectors are optimized
based on our designed contrastive loss. In the end, the screening system utilizes
the graph representation of top-K patches to make the final prediction of the
WSILL

Stage 1 Stage 2

g —
P -
d 58 — || — |l — f—m=m
Ej / . Prediction Label
Graph of Top-K Patches
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v
m Ranking and
Feature Extractor

WSIs  Representative Patches Graph of Bottom-K Patches Feature Vector
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Fig. 2. The overview of our proposed framework. Stage 1 is to detect and extract
all representative patches with their suspicious ranking information. Stage 2 is the
proposed Graph Attention Network based on supervised contrastive learning for WSI-
level classification.
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2.1 Representative Patches Extraction and Ranking

Stage 1 aims to extract the representative patches based on the suspicious lesion
cells detected in the WSI. Note that as it is impractical to directly implement detec-
tion on the WSI due to its enormous image size, we firstly crop every WSI into
image tiles which are 1024 x 1024 in pixel. Usually, there are around 600 image tiles
in one WSI. Then we adopt RetinaNet [9] as the detection model, which has demon-
strated its effectiveness in this field. We train a RetinaNet which can automatically
locate the suspicious lesion cervical cells by providing their bounding boxes, with
the confidence scores as their initial suspicious ranking. For each bounding box of
the detected cell, we extract a corresponding patch by starting from the center of
the bounding box and expanding outward until reaching the patch size of 224 x
224 in pixel. We choose the top 200 patches as the representative patches accord-
ing to confidence scores. The confidence scores output by the RetinaNet may not
be accurate, so we need another classification model to regrade the representative
patches. A large number of patches are collected in advance and manually divided
by experienced pathologists into positive and negative classes, then we use SE-
ResNext-50 [5] as the backbone and train the classification model. In this way, the
suspicious ranking of the selected patches is updated by applying the classification
model to them, experiments show that the results are more reliable than the initial
ranking from the detection model.

2.2 WSI-Level Classification with GAT

The pipeline of the Graph Attention Network with supervised contrastive learn-
ing is shown in Stage 2 in Fig.2. The inputs of the network are two graphs
constructed by two groups of patches and the output is the prediction of the
WSIL

Graph Construction. Let S = {(X;,Y;)},i =1,2,..., N denote the dataset
of WSIs. Here X; represents the WSI, and Y; represents the label of the WSI.
After ranking the patches in Stage 1, we choose the top-K and bottom-K patches
for further classification (K = 20). For negative WSIs, both groups of patches are
negative and should share similar representations in latent space. For positive
WSIs, the distances between two groups of patches in latent space should be
large, because the confidence scores of the bottom-K patches are much smaller
than 0.5 and can be seen as negative patches.

Through the pre-trained SE-ResNext-50, we can obtain the representations
of the patches, which are all 2048-dim feature vectors. We construct two fully
connected graphs based on two groups of patches for each WSI. Every node
represents a patch and connects to the other nodes in the graph. The node
features are the feature vectors of the corresponding patches. Here we define the
graph of top-K patches in X; as Gj = (Vf,Ej), and the graph of bottom-
K patches as G; = (V;7, E; ) respectively. V; includes a set of node features,
h; = {hzl, h?,..., hZK} ,hY € R where hf is the output feature vector of the
k-th patch in X;, and F is the number of features in each node, which is 2048.


zaizai
在文本上注释
不切实际的

zaizai
在文本上注释
图像块

zaizai
在文本上注释
证明

zaizai
在文本上注释
定位

zaizai
在文本上注释
边界框

zaizai
在文本上注释
重新分级

zaizai
在文本上注释
主干网络

zaizai
在文本上注释
2048维


206 X. Zhang et al.

FE; represents the weights of edges. Each adjacency matrix of graphs is 20 x 20
where every number is initialized to 1.

Graph Attention Network. We propose a Graph Attention Network, which
mainly includes two graph attention layers to solve the WSI analysis problem.
For each X, the input to the network is G;-" and G . Both graphs are computed
by the same graph attention layers.

Given G; = (V;, E;), the first graph attention layer produces a new set of
node features, h; = {h},hf, . ,hZK} ,hF € RT as its output (F’ = 512). We
firstly perform self-attention mechanism on the nodes to compute the attention
coefficients e;;;, , which represents the importance of node j’s features to k’s in
Gil

eijr = LeakyReLU(a” [Wh! || Wh)), (1)

where W € RF'*F ig a learnable linear transformation, a € R2" is a single-layer
feed-forward neural network, and || represents concatenation operation. To make
coefficients comparable across different nodes, we normalize them across all of
the nodes using the softmax function:

explen) ,
K (2)
> k—1xP(€ijk)

The normalized attention coefficients are used to compute a linear combina-

tion of the features corresponding to them, to serve as the output features for
every node:

ijr = softmax(e;jx) =

- K
hi = o(d aisWh), (3)
k=1
where o denotes the logistic sigmoid operation.

We perform/multi-head attention on both layers with 8 heads. The aggregated
features from each head are concatenated in the first layer and averaged in the
last layer. Through graph attention layers, each node in graphs aggregates the
information of the other nodes, and the weights of edges and node features are
updated. Then we obtain the graph representations, H; € R ' by a simple
max-pooling layer.

Let H ZJF denote the representation of Gj, and H; denote the representation
of G . The inference of our GAT model is based on H} , so we connect a fully-
connected layer after H; and obtain the classification results of the network,
f(H), where f represents the transform function. Finally, we use/cross-entropy
loss to minimize the predicted errors for the GAT model, and the classification
loss is therefore written as:

N
Las = Y CB(Y:, f(HT)), (@)
i=1

where C'E denotes cross-entropy loss.
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Supervised Contrastive Learning. H :r is the representation of the most
suspicious lesion cells in X; and H; is the representation of the least suspicious
lesion cells in X;. Here we define the cosine similarity of H j‘ and H; as:

H} - H;

sim(HY ,H;) = (Hf \H; ) = T H (5)

K2

where sim(H;, H;) € [~1,1] computes the cosine of the angle between H

(2

and H; . Let D; denotes the distance between H j’ and H; , and we obtain
D; =1—sim(H , H}). (6)

If X; is negative (Y; = 0), both G} and G are constructed by negative
patches, which indicates their latent distance D; should be small. If X is positive
(Y; = 1), D; should be large. So we propose a novel training strategy based
on contrastive learning, which takes advantage of the prior knowledge that the
distances between top-K and bottom-K patches are different in positive and
negative WSIs. In this way, here we design a novel contrastive loss function L;
to decrease D; in the negative WSI and increase D; in the positive WSI:

aD;, Y; =0
L’:{ﬂ@—Di), Y= 1 @)

where a and (8 denote the different weights of loss. The final contrastive loss is:
XN
Leon = 4 Zl Li. (8)

Total Loss. The total loss for our framework is written as follows:

Ltotal = Lcls + Lcon- (9)

3 Experimental Results

Dataset. For the suspicious cervical cell detection, our training dataset includes
9000 images with the size of 1024 x 1024 pixels from WSIs. All abnormal cervical
cells are manually annotated in the form of bounding boxes. Then we extract
the suspicious lesion patches from both positive and negative WSIs using the
detection model, and collect 5000 positive cell patches and 5000 negative cell
patches. The patches are used to train the SE-ResNext-50 for updating the
ranking information and feature extracting, as previously mentioned in Sect. 2.1.
For the WSlI-level classification model, we collect 3485 negative WSIs and 3462
positive WSIs. Note that there is no data overlap when training these models.
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Implementation Details. The backbone of the suspicious cell detection net-
work is RetinaNet [9] with ResNet-50 [4]. The backbone of the pre-trained patch
classification network is SE-ResNeXt-50 [5]. All parameters are optimized by
Adam with the initial learning rate of 4e-5. The network is trained for 100 epochs.
The batch size is 128. The model is implemented by PyTorch on 2 Nvidia Tesla
P100 GPUs.

Evaluation of the Proposed Method. Our framework includes two stages.
The first stage aims to extract suspicious lesion patches and classify them, which
is a common method for WSI-level classification [2,23]. The second stage is to
aggregate the patches extracted before and make the final prediction of WSIs. In
this paper, we focus on the second stage and propose to use GAT for aggregation.
So we choose some common classification methods including SVM, (MLP and
RNN to compare with GAT. For the SVM method, we use the confidence scores
of top-K patches output by the first stage as features and train an SVM classifier.
For the MLLP method, we aggregate the output features of top- K patches by max-
pooling and feed the features to a fully connected layer to train the model. For
the RNN method, the features of top-K patches are integrated and trained by
the RNN model according to [2]. For the GAT method, we perform an ablation
study to further evaluate the contributions of contrastive learning by adjusting «
and (. « is the weight of contrastive loss for negative WSIs and [ is for positive
WSIs. If they are both set to 0, the graphs of bottom-K patches will not be
involved during training. If & = 0 and 8 = 1, the contrastive loss will only have
effects on positive WSIs and vice versa.

We conduct a 5-fold (cross-validation and testing experiment to evaluate the
performance of the proposed method. All of the WSIs are equally and randomly
divided into 5 groups. The ratio of training, validation and testing WSIs is 3:1:1.
In each fold, one group is selected as the testing group and the other four are
training and validation groups.

Table 1. The comparison of different methods and the ablation study for contrastive
learning, « and (3 are the weights of contrastive loss for negative and positive WSIs,
respectively. (%)

Method ACC AUC REC PREC F1

SVM 76.82+0.75 |84.32+1.07 |73.49+0.99 |78.62+1.20 |75.96+0.84

MLP 78.70+1.94 |85.60+0.63 60.78+4.11 |84.52+1.08 |73.90+ 3.11

RNN 80.89£1.29 |87.17+v1.42 |73.71£2.52 |84.08+2.77 |79.82+£ 0.96

GAT |a=0,4=0{8231£1.62 |90.77£0.94 |75.93£5.75 |87.21£2.79 |80.95=£2.50
a=0,0=18493+£1.51 |92.244+1.08 |82.09 £1.68 |87.03+2.42 '84.46+1.36
a=1,=085.124+0.99 | 92.57+0.92 | 79.67+£1.37 |89.35+1.51|84.22+0.94
a=1,=185.79+1.21| 92.52+0.91 |82.63+2.04 88.15+ 1.39 |85.28+1.27
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Table 1 shows the experimental results of other methods and the proposed
method. It is observed that the basic GAT model without contrastive learn-
ing (a« = 0,8 = 0) already outperforms other classifiers, which reaches 82.31%
accuracy. Only performing contrastive learning on positive WSIs (¢ = 0,8 = 1)
leads to higher sensitivity of the model, which raises the recall from 75.93% to
82.09%. Respectively, if we perform contrastive learning on negative WSIs, the
precision increases from 87.21% to 89.35%, indicating the specificity of the model
is enhanced. The GAT model with contrastive learning (o« = 1,3 = 1) reaches
the highest accuracy 85.79% with more balanced recall and precision.

We visualize the feature distribution of graphs in testing groups of WSIs by
t-SNE [11]. The dimensional-reduced features are shown in Fig.3. The graphs
of bottom-K patches represent negative information of WSIs, so their features
are aligned in Fig.3(a), and the graphs of top-K patches in negative WSIs are
separated from those in positive WSIs. It is noted that in Fig. 3(b), the distances
between graphs of top-K and bottom-K patches in positive WSIs are expanded.
And in Fig. 3(c), the distances between graphs of top-K and bottom-K patches
in negative WSIs are reduced. Figure 3(d) achieves the goal that graphs of top-K
patches of positive WSIs and negative WSIs are well separated, which demon-
strates the effectiveness of contrastive learning.

Lo
@a=0,=0 bya=0p=1 ©a=1,p=0 Da=1=1

@ Graph of Top-K Patches in Positive WSIs O Graph of Bottom-K Patches in Positive WSIs

@ Graph of Top-K Patches in Negative WSIs @ Graph of Bottom-K Patches in Negative WSIs

Fig. 3. The t-SNE visualizations of graphs in testing groups. (a) shows the feature
distribution without contrastive learning. (b) shows the feature distribution with only
applying contrastive learning in positive WSIs. (c) shows the feature distribution with
only applying contrastive learning in negative WSIs. (d) shows the feature distribution
with contrastive learning.

4 Conclusion

In this paper, a novel WSI classification method for cervical cancer with GAT
and supervised contrastive learning is developed. Our method constructs graphs
of the top-K and bottom-K suspicious lesion patches and aggregates node fea-
tures into graph representations for WSI classification. Besides, the distances
in latent space between top-K and bottom-K patches in positive and negative
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WSIs are used for contrastive learning, which effectively improves the perfor-
mance of GAT. Our work has great value in clinical applications, and can also
be further applied to other WSI classification tasks in the computer-aided diag-
nosis of pathology images. Our source code and example data are available at
https://github.com/ZhangXin1997/MICCAI-2022.
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