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Abstract. With the role of accurate preoperative staging in improving the prognosis of gastric cancer
patients is clear, how to effectively improve the preoperative depth of invasion has become one of the hot and
difficult issues in the medical community. In recent years, using deep learning to classify computed
tomography (CT) medical images effectively improves the accuracy and efficiency of classification. The
traditional deep learning method processes the 3-dimension (3D) CT data into 2-dimension (2D) data, which
is able to lose the spatial information of the data itself. We propose a 3D convolutional network to classify
the depth of invasion of gastric cancer, which is effective to extract 3D volume feature of CT data. We also
use self-supervised learning to overcome the shortage of medical image data. Combined with our
contributions, we are able to achieve most 0.975 areas under the receiver operating characteristic curve
(AUC). The overall results show better AUC performance than the state-of-the-art.
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1. Introduction

Gastric cancer is one of the most common malignant tumours. Most of the patients have progressed to
the late stage when they first visited, resulting in poor prognosis. It is very important to accurately determine
the depth of invasion of gastric cancer for the choice of treatment and prognosis [1].

Gastroscopy and barium meal examination were used for the diagnosis of gastric cancer, but the depth of
tumour invasion and lymph node metastasis could not be determined [2]. Endoscopic ultrasonography has a
high value in the diagnosis of invasion depth of early gastric cancer, which helps to guide doctors to
understand the scope of resection and improve the treatment effect. However, due to the limitation of
equipment and operation, its accuracy is not very high [1]. At present, the research on gastric cancer using
deep learning mainly focuses on the classification of pathological images and endoscopic images, or the
prediction of survival and chemotherapy benefits of gastric cancer using CT signals [3] [4]. Y Jiang et al [3]
proposed a novel deep neural network to construct a CT signature for predicting disease-free survival, but
their method cannot use extra data. Sakai Y et al. [4] proposed a convolutional neural network-based
automatic detection scheme to assist the diagnosis of early gastric cancer in endoscopic images, but their
method is invasive and cannot be used to classify CT images directly. What’s more, there are few studies on
the depth of tumour invasion in CT images, which is mainly due to the lack of CT data of gastric cancer, as
is very expensive to label them.

We propose a new structure of gastric cancer invasion depth classification model, which contains 3D
convolution network to extract features and self-supervised learning to make up for the lack of medical
image data sets. The main contributions of our work are as follows:

o We propose a new method for invasive depth of gastric cancer classification, which can significantly
improves the accuracy of classification, yielding state-of-the-art results.

o We propose 3D-DPN structures [5], which is able to extract 3D volume feature of CT data
effectively. We fine tune the model structure and reduce the number of model layers, so as to meet
the memory limit of graphics processing unit (GPU) training.
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¢ In order to make up for the shortage of medical image CT data set, we embed the self-supervised
learning into Simple Siamese [6] architecture, which can effectively avoid collapsing solutions when
using small batch size.

The rest of this paper is organized as follows. In section 2, there is a brief overview of related work. In
section 3, we display our network architecture including each module and illustrate the focal loss function.
Experiments and discussions are conducted in section 4. Finally, we conclude with a summary of our main
contributions and results.

2. Related Works

In this section we will briefly review two different methods for gastric cancer research, which are
traditional detection method and deep learning method.

In traditional method, Sano et al. [7] judged the depth of invasion by observing the characteristics of
folds around depressed lesions under white light endoscopy. Maruyama et al. [8] further summarized the
experience of predicting the depth of invasion of early gastric cancer based on the gross characteristics of
lesions. Mouri et al. [9] reported that endoscopic ultrasonography is very useful to determine whether early
gastric cancer without ulcer is accompanied by submucosal invasion. However, due to the operator's
proficiency, the location, size and shape of lesions, and the bubbles and mucus in the gastric environment,
the accuracy of endoscopic ultrasonography in the diagnosis of submucosal invasion depth of early gastric
cancer is not very high. Above all, white light endoscopy and endoscopic ultrasonography (EUS) can predict
the invasion depth of early gastric cancer to a certain extent, but the accuracy needs to be improved.

As for deep-learning method, Sun et al [7]introduced an objective and precise gastric ulcer
differentiation system based on deep convolutional neural network which could support the specialists by
improving the diagnostic accuracy of the endoscopic examination of gastric ulcers. Zhu et al [10] proposed a
weakly supervised model to classify and localize the gastric cancer region in the pathological image with
image-level labels. Pang et al. [11] used image rotation, translation and transformation methods to expand
and balance our training data, and then densely connected convolutional networks is used to classify
malignant tumour from images collected from, and finally adaptive boosting algorithm is used to aggregate
multiple classification results to improve classification performance. Gaurang Bansal et al.[12] proposed an
ensemble framework Deep3DSCan for lung cancer segmentation and classification. The deep 3D
segmentation network generates the 3D volume of interest from computed tomography scans of patients. The
deep features and handcrafted descriptors are extracted using a fine-tuned residual network and
morphological techniques, respectively. Finally, the fused features are used for cancer classification. Their
method achieved an accuracy of 0.927.

However, the complexity around the stomach, the poor contrast of the soft-tissue with cavity, and the
high cost of annotating each CT image, which lead to few studies on CT images classification of gastric
cancer.

3. Methodology

Our approach includes the following steps. In unsupervised learning, we apply different data
augmentation operators to each CT image to obtain two correlated views. Then we use these correlated
unlabelled CT images to pre-train network by using improved simple Siamese way. In this step, we use 3D
dual path networks (DPN) [13] structure as backbone to enhance the learning ability of the network. Then we
will use this pre-trained backbone in supervised learning. Here, we use transfer learning technique to freeze
parameters of the backbone and fine-tune the fully connected layer (FC-layer) by using labelled CT images.
The frozen backbone can prevent overfitting and the fine-tuned FC-layer adjust the network to current data
space. Fig 1 shows an overview of our proposed approach.
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Fig. 1: Our proposed scheme for invasive depth of gastric cancer classification.

3.1. 3D-DPN Structure

For CT data, advanced method should be effective to extract 3D volume feature [14]. DPN combines the
advantages of the Resnet[15] and DenseNet [16], which reduces parameters without affecting the result. We
design 3D-DPN structure [5] as our backbone to extract features, which includes 3D dual path blocks and a
U-net-like encoder-decoder structure. We use smaller parameters to adapt to small data sets without affecting
the accuracy of the model, so as to prevent over fitting of the model. The structure of 3D-DPN is shown in

the Fig 2.
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Fig. 2: The structure of 3D-DPN.

Improved simple Siamese (SimSiam) structure

We think that there is no need to use a large batch size in the process of training SimSiam, and the
performance of batch normalization will be degraded when the batch size is small, so we replace the original
regularization function with group normalization [17]. We reduce the dimension of the output layers in
encoder and predictor from 1024 to 128, so as to reduce the use of memory, speed up the training process
and improve the accuracy. The improved structure of SimSiam is shown in the Fig 3.
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Fig. 3: The improved structure of SimSiam

We use image X to obtain x; and x, respectively after data augmentation. Then, we put x; and x, into
encoder f to get f(x,) and f(x,). The two encoders f are composed of backbone and a projection multilayer
perceptron (MLP) head [9], which are the same structure and shared weight. Finally, f(x;) is input into
predictor h to get h(f(x;)) . Denoting the two outputs as p; = h(f(x,)) and z, = f(x,) respectively, our
purpose is to minimize their negative cosine similarity:

PR %
D(puz,) =i (1)
Pt o, Tl
We define a symmetrized loss as:
1 1
£:ED(pllzz)+§D(p2121) (2)

While stop-gradient operation is meaningful to SimSiam[6], so we modify (1) as:
D(p,, stopgrad (z,)) 3)

This means that z,, is treated as a constant in this term. Similarly, the form in (2) is changed as:
1 1
Linsian = ED( p,, stopgrad (Zz )) + ED( p,, stopgrad (21)) (4)

3.3. Classification loss function
We use the model parameters of the backbone obtained from the self-supervised training to fine tune the
backbone by using the labelled data.

We adapt the balanced cross entropy loss as classification loss [18], which is a common method to solve
the imbalance of the category. p € [0,1] is the estimated probability of the class with y = 1. For convenience,

we define p; as:

p if y=1

P = : (5)
1-p otherwise

The loss introduces the weighting factor a € [0,1] for the class 1 and the weighting factor 1 — o for the
class -1. Similarly, we define a; analogously to how we defined p;. Finally, write the a-balanced cross
entropy (CE) loss as:

’Ccls =0 IOg ( P, ) (6)
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4. Experiment

In the following, we first introduce the dataset and evaluation metrics of the experiment. Regarding the
experimental results, we compare our method with ResNet-50 [15], which is widely used in natural image
classification and has achieved good results. In addition, we show the effects of SimSiam architecture with
basic network and other different self-supervised methods [19][20][21].

4.1. Dataset

The CT image data set is provided by a cooperative scientific research project of a tertiary hospital in
Shanghai, which contains gastric cancer diagnosis data from 2009 to 2019. We first eliminate sensitive
patient information and screen the data. We sorted out 568 cases of CT data for self-supervised learning and
another 87 cases with label information for supervised learning. Each case has two 3D CT images from the
vein and the arterial phase, thus there are 1136 CT images for self-supervised learning and 174 CT images
for supervised learning. The invasion depth information of gastric cancer can be obtained from the
pathological diagnosis information. We can get two kinds of labels from the pathological information:
invasive serosa and invasive muscle.

4.2. Evaluation Metrics

Our primary metrics for the classification task is AUC and CASE_ACC. Receiver operating
characteristic (ROC) curve is also called receiver operating characteristic curve. AUC is the area under the
curve. When comparing different classification models, the ROC curve of each model can be drawn, and the
area under the curve can be used as an indicator of the advantages and disadvantages of the model.
CASE_ACC represents the accuracy rate based on the case.

4.3. Results and Analysis

We first compare with several self-monitoring methods, which are SIimCLR[19], BYOL[20] and
SWAV[21].SimCLR uses negative samples in the current batch, and it need a large batch size to work.
SWAV performs online clustering under a balanced partition constraint for each batch. BYOL adds
momentum encoder and stop gradient to avoid training degradation. The result of Table 1 indicate that
SimSiam is more effective than other self-supervised learning methods, because it can effectively avoid
collapsing solutions when using small batch size. Here” 3D-DPN-SimSiam (-100)” denotes 3D-DPN +
SimSiam (+epoch), and we use the same abbreviation in the following sections.

Table 1: The performance of 3D-DPN with different self-supervised methods.

Methods AUC

3D-DPN-SimCLR [19] 0.9250
3D-DPN-BYOL [20] 0.9500
3D-DPN-SwAV [21] 0.9000
3D-DPN-SimSiam 0.9750

We perform ablation experiments to verify the effectiveness of our method. From the results in Table 2,
compared with 2D network, 3D network greatly improves the effect of classification. AUC is increasing
from 0.7389 to 0.95 and CASE_ACC is increasing from 0.7275 to 0.9286, which shows that 3D network is
more effective for extracting spatial information of 3D data. After joining the self-supervised learning, the
effect of 2D network and 3D network has improved greatly. It means that the use of unlabelled data sets for
self-supervised learning is helpful to improve the effect of the model.

Table 2: Performance on test set

Methods CASE ACC (%) AUC

ResNet-50 69.23 0.7398
3D-DPN 85.71 0.9500
ResNet-50-SimSiam 72.75 0.8525
3D-DPN-SimSiam 92.86 0.9750
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Finally, we record the results of training in different epochs by using the self-supervised model. Table 3
shows that the change of AUC in different epoch in self-supervised training process. The AUC has reached
the highest value when the epoch reached 600, but the AUC in subsequent training has decreased, which may
be the lack of training data that cause the model overfitting.

Table 3: AUC in different epochs in self-supervised training process

Methods AUC

3D-DPN - SimSiam- 0.8750
200

3D-DPN - SimSiam- 0.9000
400

3D-DPN - SimSiam- 0.9750
600

3D-DPN - SimSiam- 0.9250
800

5. Conclusion

In this paper, we propose a 3D model to classify the depth of invasion of gastric cancer, which is
effective to extract 3D volume feature of CT data. We also use self-supervised learning to overcome the
problem of insufficient CT data set. The experimental results show that the model has an improvement in the
classification of invasive depth of gastric cancer. However, with the training over 600 epochs, due to the lack
of training data, the model exists the problem of overfitting in self-supervised training, and we will carry out
research on how to do data augmentation to solving the problem of overfitting in the future.
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