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ABSTRACT

Breast cancer is one of the most common cancers worldwide,
and early detection can significantly reduce its mortality rate.
It is crucial to take multi-scale information of tissue structure
into account in the detection of breast cancer. And thus, it
is the key to design an accurate computer-aided detection
(CAD) system to capture multi-scale contextual features in a
cancerous tissue. In this work, we present a novel graph con-
volutional neural network for histopathological image classi-
fication of breast cancer. The new method, named multi-scale
graph wavelet neural network (MS-GWNN), leverages the
localization property of spectral graph wavelet to perform
multi-scale analysis. By aggregating features at different
scales, MS-GWNN can encode the multi-scale contextual
interactions in the whole pathological slide. Experimental
results on two public datasets demonstrate the superiority
of MS-GWNN. Moreover, ablation studies show that multi-
scale analysis has a significant impact on the accuracy of
cancer diagnosis.

Index Terms— Graph wavelet neural network, breast
cancer diagnosis, histopathological image.

1. INTRODUCTION

Breast cancer is the second leading cause of cancer-related
death among women [1]. Effective treatment of breast cancer
heavily relies on the accurate diagnosis at an early stage.
In clinical practice, histopathological image analysis is the
golden standard for detecting breast cancer, which is usually
conducted manually by pathologists. However, this analy-
sis is difficult even for skilled pathologists. Moreover, this
diagnostic process is time-consuming due to its complexity.
Therefore, in order to improve accuracy and efficiency, it
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is necessary to develop computer-aided diagnosis systems
(CADs) for cancer recognition.

In the past decades, many automatic algorithms based on
digital pathology have been proposed for tumor classifica-
tion. By exploiting handcrafted features, a variety of machine
learning methods have been used, such as support vector ma-
chines (SVM) [2], multi-layer perceptron (MLP) [3] and ran-
dom forest (RF) [4]. Currently, convolutional neural networks
(CNNs) have achieved remarkable success in this field [5, 6],
benefiting from its advantage of extracting hierarchical fea-
tures automatically. Typically, the whole pathological image
is divided into small patches which are classified by a CNN,
then these patch-wise predictions are integrated to obtain the
final image-wise classification result. However, such patch-
wise feature learning lacks the ability to capture global infor-
mation.

To overcome this limitation, some researchers have at-
tempted to use graph convolutional networks (GCNs) for
pathological image classification [7, 8, 9]. Most of these
works follow this workflow: Firstly, the pathological image
is transformed into a graph representation, where detected
cancer cells serve as nodes and edges are formed in terms
of spatial distance. Secondly, they extract cell-level features
as initial node embeddings. Thirdly, the cell-graph is fed
into a GCN followed by a MLP to perform image-wise clas-
sification. In such setting, global features including spatial
relations among cells are embedded in GCN.

However, the current pipeline still faces two challenges.
Firstly, only cellular interactions is insufficient to completely
represent the pathological structure. In fact, the tissue distri-
bution is hierarchical with many substructures, such as stro-
mal, gland, tumor, etc. To learn the intrinsic characteristic
of cancerous tissue, it is necessary to aggregate multi-level
structural information. Secondly, this multi-stage workflow
is tedious and time consuming. The performance of GCN re-
lies heavily on the previous steps such as cell detection and
feature extraction.



To tackle the aforementioned problems, we propose a
novel framework named multi-scale graph wavelet neural
network (MS-GWNN) for histopathological image classifica-
tion. Graph wavelet neural network (GWNN) [10] replaces
the graph Fourier transform in spectral GCN as graph wavelet
transform. Further, GWNN has good localization property
in node domain, making it more flexible to adjust the recep-
tive fields of nodes (via the scaling parameter s). Based on
GWNN, we present multi-scale graph wavelet neural net-
work (MS-GWNN), which takes advantage of spectral graph
wavelets to make multi-scale analysis. More specifically, af-
ter converting pathological images into graph representations,
we use multiple GWNNs with different scaling parameters
in parallel to obtain the multi-scale contextual information
in graph topology. Then, all these features are aggregated to
produce the final image-level (i.e. graph-level) classification
prediction.

The main contributions are summarized as follows:
1) We propose a novel framework (MS-GWNN) for breast
cancer diagnosis in the way of mapping pathological images
into graph domain. By exploiting multi-scale graph wavelets,
MS-GWNN can obtain multi-level tissue structural informa-
tion, which is exactly what the pathology analysis needs.
2) MS-GWNN can be trained in an end-to-end manner. Com-
pared to the previous multi-stage workflow based on GCN,
MS-GWNN simplifies the diagnostic process. To the best of
our knowledge, MS-GWNN is the first end-to-end framework
to apply GCN to pathological image classification.
3) MS-GWNN is evaluated on two public breast cancer
datasets (BACH and BreakHis), and it achieves an accuracy
of 93.75% and 99.67% respectively. The results outperform
existing state-of-the-art methods, demonstrating the supe-
riority of our proposed model. Through ablation studies,
we verify that multi-scale structural features are crucial for
characterizing cancers.

2. METHOD

Graph Representation. Let G = {V,E,H} be an undi-
rected graph, where V is the set of nodes with |V | = N
and E is the set of edges. H ∈ RN×C is the node em-
bedding matrix. A is a symmetric adjacency matrix defin-
ing the graph topology. We denote the graph’s normalized
Laplacian matrix as L = IN − D−1/2AD−1/2, where IN
is the identity matrix and D is a diagonal matrix with Di,i =∑
j Ai,j . Further, we denote U as the eigenvector decomposi-

tion of the normalized Laplacian matrix L = UΛUT , where
Λ = Diag (λ1, . . . , λN ) is the diagonal matrix formed by the
eigenvalues of L.

Spectral Graph Convolution. Spectral convolution was
proposed by [11, 12], which defines the graph convolution
operation in the Fourier domain. It can be represented as:

gθ ? x = Ugθ(Λ)UTx.

x ∈ RN is the signal to be processed and gθ = Diag(θ) is the
convolutional filter parameterized by θ ∈ RN . This defini-
tion of spectral graph convolution is not spatially localized in
node domain. In other words, the feature aggregation of one
node depends on all the nodes, not only its neighbourhood
nodes. Moreover, it is computationally expensive to com-
pute the eigendecomposition of Laplacian matrix. To improve
computational efficiency, some researchers have attempted to
use a truncated expansion based on Chebyshev polynomials
to approximate the convolutional kernel [12, 13, 14].

Spectral Convolution Based on Graph Wavelets. Some
researchers have defined wavelet transform on graphs[12, 15].
In this paper, we apply the spectral graph wavelet proposed
in [12], which introduces a band-pass filter in the traditional
graph Fourier domain mentioned above. We denote ψsi as the
wavelet centered at node i at the scale of s, thereby the graph
wavelet basis is defined as:

Ψs = (ψs1, ψs2, . . . , ψsN ) = UHsU
T .

Hs = Diag(h(sλ1), . . . , h(sλN )) is a scaling matrix with
h(sλi) = eλis. Given a set of graph wavelets, the graph
wavelet transform is defined as x̂ = Ψ−1

s x and the inverse
transform is x = Ψsx̂. Ψ−1

s can be obtained by replacing
h(sλi) in Ψs with h(−sλi). Further, in such setting, the
graph convolution based on spectral wavelet bases reads as

gθ ? x = ΨsgθΨ
−1
s x.

Similarly, gθ = Diag(θ) is the convolutional filter to be
learned. As stated in the work of [10], the graph convolution
using wavelet transform has excellent localization property,
making it outperform the traditional spectral convolution in
graph-related tasks such as node classification. In addition,
the scaling parameter s controls the receptive fields of nodes
in a continuous manner, different from the previous approach
[13] using the discrete shortest path distance.

Graph Wavelet Neural Network (GWNN). More re-
cently, Xu et al. [10] proposed graph wavelet neural network
(GWNN) to introduce the graph wavelet transform to spectral
GCN, offering high spareness and good localization for graph
convolution. However, their experiments were performed
only at one scale, which didn’t leverage the localization prop-
erty of graph wavelets to perform multi-scale analysis. In
this paper, we consider a three-layer graph wavelet neural
network (GWNN) for node classification. The structure of
the m-layer can be divided into two steps:

feature transformation: Xm′
= XmWm,

graph convolution: Xm+1 = σ
(
ΨsF

mΨ−1
s Xm′

)
[10].

Xm ∈ RN×p and Xm+1 ∈ RN×q are the input and output
tensor respectively. Wm ∈ Rp×q is the matrix of filter pa-
rameters, Fm is the diagonal convolutional kernel, and σ is
the activation function. More specifically, our forward model
can be described as:

first layer: X2 = relu
(
ΨsF

1Ψ−1
s X1W1

)
,
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Fig. 1. The architecture of MS-GWNN. Firstly, pathological images are transformed into graph-structure data. Then, node
classification is performed via GWNNs at different scales. Finally, the multi-level node embeddings are incorporated to yield
the graph-level (image-level) classification result. H

′
W

′
= N is the number of nodes. C1 is the dimension of the initial node

embeddings and C2 is the number of cancer type. Both graph-level and node-level labels are used to train the model in an
end-to-end way.

second layer: X3 = relu
(
ΨsF

2Ψ−1
s X2W2

)
,

third layer: X4 = softmax
(
ΨsF

3Ψ−1
s X3W3

)
.

2.1. Multi-Scale Graph Wavelet Neural Network (MS-
GWNN)

In this section, we present a new framework called multi-scale
graph wavelet neural network (MS-GWNN), for the task of
pathological image classification. The architecture of MS-
GWNN is shown in Fig.1, which consists of three parts: graph
construction, node classification based on GWNN and graph
classification using feature aggregation.

Graph Construction. In this work, we transform patho-
logical images into graph representations. Nodes are nonover-
lapping image patches and edges are generated in terms of
the intrinsic relationships between these patches. Firstly, we
use the modified ResNet-50 (we remove block3,4 and use
average-pooling for downsampling) to learn discriminative
features. In this way, we can obtain a series of feature maps
(H

′ × W
′ × C1), where each pixel corresponds to a r × r

( 1r is the downsampling rate) square patch in the raw image.
Therefore, the feature vector at one pixel can be regarded as
the node embedding of the corresponding patch (node).

Secondly, we make use of the similarity between node
embeddings to form edges, which is defined by

f (xi,xj) = θ (xi)
T
φ (xj) ,

where xi,xj are the node embeddings of node i and j, while
θ(x), φ(x) are two transformation functions implemented via
1 × 1 convolutions. The formula to form graph edges is as
follow:

eij =

{
1, if i = j or f (xi,xj) ≥ Qα(f)
0, otherwise

Qα(f) is theα-th percentile (0 < α ≤ 100) of {f (xi,xj) |i, j =
1, 2, . . . , N}. N is the number of nodes (i.e. H

′
W

′
here).

Node Classification via GWNN. Given the constructed
graph-structure data, we utilize multiple GWNNs with differ-
ent scaling parameters s in parallel to conduct node classifi-
cation. Each branch is supervised by the node-level label via
the cross entropy loss function. Different parameters s mean
different receptive fields, enabling the model to extract multi-
scale contextual information.

Feature Aggregation. After the process of node classifi-
cation, each branch can obtain a node prediction probability
map with the size of H

′
W

′ × C2 (C2 is the number of can-
cer type). In this work, we sum these probability maps to
aggregate multi-scale structure representations. To perform
graph-level (i.e. image-level) classification, we sum the node
class probabilities to yield the graph-level prediction proba-
bility. Then, this graph-level prediction is passed to a softmax
layer, which is supervised by the graph-level label.

In this framework, the final loss is formed by a weighted
sum of the node-level loss and graph-level loss:

Lfinal = λ · Lnode + Lgraph, (1)

where λ is the weight. Note that both Lnode and Lgraph are
implemented with the classic cross entropy loss function, and
Lnode is the sum of the node-level losses from three branches.
By minimizing the final loss, the error can be easily back-
propagated through the whole MS-GWNN system in an end-
to-end way.

3. EXPERIMENTS AND RESULTS

Datasets. We validate the proposed MS-GWNN on two pub-
lic datasets: ICIAR 2018 breast cancer histology (BACH)
grand challenge dataset [16] and BreakHis dataset [17]. The



Table 1. Comparisons with state-of-the-art methods on
BACH dataset.

Model Accuracy
Golatkar[20] 85.00%
Mahbod[21] 88.50%

Roy[5] 90.00%
Meng[22] 91.00%
Yao[23] 92.00%

Wang[24] 92.00%
Sitaula[25] 92.20%

Kassani [26] 92.50%
Proposed MS-GWNN 93.75%

BACH dataset consists of 400 histopathological images with
size of 2048× 1536× 3, which aims to predict breast cancer
type as 1) normal, 2) benign, 3) in situ carcinoma, and 4) inva-
sive carcinoma. We randomly select 320 samples for training
and the rest 80 images for testing. In BreakHis dataset, there
are 7909 samples classified as either benign or malignant.
The 700×460 images are collected at different magnification
factors (40×, 100×, 200×, 400×). Experiments are con-
ducted on the samples obtained at 40× magnification (1995
images in total). In line with the previous works [18], the en-
tire dataset is randomly divided into a training set with 70%
samples and a testing set with 30% data. In this work, all
images on BACH (BreakHis) dataset are resized to 512×384
(350 × 230) to reduce the memory workload of GPU. For
image preprocessing, we use the classic H&E color nor-
malization approach described in [19]. To avoid overfitting,
extensive data augmentation is performed including flip, ro-
tation, translation, shear and linear contrast normalization.
Moreover, the performance of model is evaluated according
to the average accuracy at the image level. More implemen-
tation details are in the supplementary material.

Results and Comparisons. As for breast cancer classifi-
cation, the new MS-GWNN obtains an accuracy of 93.75%
and 99.67% on BACH (as listed in Table 1) and BreakHis
dataset (as listed in Table 1 of the supplementary material)
respectively. The normalized confusion matrices are shown
in Fig.1 of the supplementary material. On BACH dataset,
both normal and invasive categories yield a high accuracy
of 100%, while the accuracy of predicting in situ type is
relatively low. This could be due to the similar structures
appeared in inter-class images. In addition, we compare
the results with existing state-of-the-art models. Obviously,
MS-GWNN outperforms the other methods on both datasets,
especially on BreakHis dataset where the error rate is only
0.33%. The results demonstrate the strong capacity of the
proposed MS-GWNN model to tackle pathological image
classification. More ablation studies are in the supplementary
material.

4. CONCLUSION

In this work, we propose multi-scale graph wavelet neural
network (MS-GWNN) for histopathological image classifi-
cation. The MS-GWNN leverages the localization property
of graph wavelets to perform multi-scale analysis with dif-
ferent scaling parameters s. For the task of breast cancer
diagnosis, MS-GWNN outperforms the state-of-the-art ap-
proaches, mainly resulting from its powerful ability to inte-
grate multi-scale contextual interactions. Through ablation
studies, we verify the importance of exploiting multi-scale
features. More broadly, the MS-GWNN model provides a
novel solution to extract multi-scale structural information us-
ing graph wavelets, which can also be applied to other tasks.
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