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Abstract: Epidermal growth factor receptor (EGFR) and Kirsten rat sarcoma (KRAS) are the most
common driver genes in non-small cell lung cancer patients. However, frequent gene mutation
testing raises a potential risk of cancer metastasis. In our paper, a Mut-SeResNet model based on
the ResNet network that incorporated a residual block and attention mechanism was proposed to
solve the performance degradation problem caused by a deepening of the network. We introduced
a residual structure and extracted small differences between different levels to enhance the feature
learning ability. The squeeze and excitation attention mechanism was adapted to fully extract the
dependence between different channels of the feature image, and it calibrated the channel feature
information. We used the dataset of 363 patients that were collected from collaborating hospitals to
train our Mut-SeResNet model. The prediction accuracy for EGFR and KRAS mutations was 89.7%
and 88.3%, respectively, with a loss accuracy of 6.4% and 9.2%, respectively. The results showed that
the model provided a non-invasive and easy-to-use method to improve the accuracy and stability of
clinical diagnosis.

Keywords: deep learning; Mut-SeResNet; squeeze and excitation attention mechanism; gene mutation

1. Introduction

According to 2022 National Cancer Center data, China ranked first with 4.064 million
new cancer cases and 828,000 [1] lung cancer cases. The mortality rate of lung cancer in
China has increased by 465% [2] in the past 30 years, making it one of the most significant
in numbers of lung cancer countries. Non-small cell lung cancer (NSCLC) accounts for 80%
to 85% of lung cancers [3,4]; lung adenocarcinoma and lung squamous cell carcinoma are
common non-small cell lung cancers [5,6].

Medical images contain a large amount of potential pathophysiological information.
Computer-aided [7-10] diagnosis using CT images can improve the accuracy and stability
of clinical diagnosis, reduce the time needed for clinical diagnosis, and decrease clinical
misdiagnosis risks and judgment omissions caused by various subjective factors [11].

In recent years, studies have been proposed to predict gene mutations based on CT
images. Most of these are based on imaging-omics approaches, and a few are based on
machine learning or statistical approaches to predict gene mutations. Although imaging-
omics, statistics, and machine learning methods have achieved some results in the research
using CT images to predict gene mutations, these methods often require complex processes
and the guidance of an experienced imaging physician throughout the process. In this
paper, we proposed a multi-task deep learning model (Mut-SeResNet) for extracting deep
features from CT images to predict both EGFR and KRAS mutations.

2. Related Work

Deep learning is a process that simulates the cognition of human things and learns
them. Deep learning techniques take data through nonlinear transformations [12,13] to
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perform high-dimensional abstractions. They extract and combine various types of shallow
features to transform them into more representative higher-level features, which describe
the intrinsic properties of things.

In recent years, deep learning [14-17] has been widely used in the medical field. The
convolutional neural network (CNN) solves the tedious engineering of traditional manual
feature extraction by mimicking the mechanism of biological visual perception to achieve
automatic feature extraction from data [18].

Shen et al. [19] designed a MCNN (multi-scale convolutional neural network). The
input images were processed from three scales. They were passed as inputs to three
convolutional networks with shared weights to overcome the classification challenges
brought on by the variable size of lung nodules. Hussein et al. [20] proposed to train 3D
CNN architecture for non-specialized pathology images. The images were extended to
a specialized pathology image dataset using transfer learning to overcome the difficulty
of accessing a CT pathology lung nodules image dataset; Zhu et al. [21] proposed deep
learning architecture that used the combination of the dual path network (DPN) [22] and the
gradient boosting machine (GBM). In 2017, Nibali [23] et al. proposed using a deep residual
network to solve the problem of benign and malignant classification of CT images. Previous
studies focused on the benign and malignant classification of lung nodules, while our paper
focuses on predicting the mutation or lack thereof of genes by CT image information. In
the past, the medical approach was used to predicted gene mutation, while we used deep
learning methods.

Studies have shown that mutations in the epidermal growth factor receptor (EGFR)
and Kirsten rat sarcoma (KRAS) are the most common driver genes in NSCLC [24-27].
Biopsies are usually performed using endoscopic or fine-needle aspiration methods to
obtain specimens for EGFR and KRAS mutation testing. However, some patients cannot
undergo invasive mutation testing at high frequencies [28,29]. Exploring a non-invasive
way to detect mutations has some clinical value. However, gene mutation diagnosis relies
on a large amount of imaging datasets. The morphological features of lung nodules show
complex and irregular shapes. There is no clear cut-off for whether a gene is mutated or
not. This puts high demands on the deep convolutional networks’ extraction of critical
graphical information embedded in lung CT images.

Based on the above problems, this paper proposed a genetic mutation model based on
the ResNet [30] network that incorporated the residual block [31] and attention mechanism,
or a Mut-SeResNet model. The residual structure was introduced to solve the performance
degradation problem caused by the deepening of network depth. When the network
cannot learn new features, the model can realize identity mapping through the residual
structure, extract the slight differences between different levels, and enhance the feature
learning ability. The Mut-SeResNet model introduced the squeeze and excitation attention
mechanism [32] to portray the interdependence between channels of the CNN. The net
is expected to calibrate the self-adaptive strength of channel feature and improve the
performance of deep convolutional networks. Finally, the constructed model combined
multi-task learning to predict EGFR and KRAS mutations [33]. Our proposed Mut-SeResNet
model could effectively determine whether a patient has lung cancer or not based on the
predicted gene mutation, and it may provide an aid for doctors to make a judgment.

3. Materials and Methods

In this paper, we designed a model called Mut-SeResNet, which consisted of four parts
that were differentiated according to the depth of nodule feature extraction. The framework
of our proposed Mut-SeReSnet model was shown in Figure 1. Stagel mainly performed
the convolutional processing of images to extract nodule features initially. Stage2 used a
1 x 1 convolutional layer to connect residual and attention blocks to achieve cross-channel
interaction and to integrate lung nodule information from previous modules. Stage3
consisted of a residual block and an attention block repeated three times to extract the fine
features of lung nodules. Stage4 performed a multi-task prediction of whether EGFR and
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Figure 1. The framework of our proposed Mut-SeReSnet model.

The model used the ResNet-18 network as the base network by using four modules
consisting of residual blocks. The block had four convolutional layers. Finally, a fully
connected layer was passed. The Mut-SeResnet adds residual blocks without increasing
the parameters, and it is therefore suitable for extracting the depth features of nodules.

Stagel was the input layer, which was responsible for processing and loading images.
To alleviate the overfitting problem of the model caused by insufficient data, the data
augmentation technique was used to expand the training dataset. Each slice generated four
enhanced images by performing an image rotation, a vertical flip, a horizontal flip, and by
changing the image brightness for each 2D nodule slice. The input images were processed
from EGFR and KRAS datasets. Then, all images were uniformly scaled to 224 x 224 to
accommodate subsequent model processing. Immediately after the data augmentation,
the input images were down sampled through a series of convolutional layers. These
layers were a 7 x 7 convolutional layer, a batch normalization layer, and a 3 X 3 maximum
pooling layer. They were used to retain as much original information about the images
as possible.

Stage2 adjusted channels and resolution by introducing an additional 1 x 1 convolu-
tion layer. The layer changed the number of channels so that the input and output could be
consistently added. The nonlinear expression capability and the network’s performance
were improved while keeping the feature map’s scale unchanged. Since Stage 1 already
used a maximum pooling layer with a step size of 2, the desired feature extraction ef-
fect could be obtained without reducing the channel width. The squeeze and excitation
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network attention mechanism was used after the residual module (specifically described
in Stage3). CT images are natural 3D image sequences. Each section often has complex
context and semantics. The attention mechanism uses the global field of perception to
dynamically adjust the importance of each channel in the feature map. The mechanism
mines the correlation information between different dimensions of the feature map to assist
in the extraction of CT image features of lung nodules, thus improving the accuracy of
distinguishing malignant nodules.

In Stage3, the residual block was passed through two identical output channels of
3 x 3 convolutional layers. A batch normalization layer and the ReLU function followed the
convolutional layers. Then, the input was added directly before the final ReLU activation
function through the cross-layer data path by skipping two convolutional operations. In
contrast to Stage2, Stage3 did not include a 1 x 1 convolution layer. After the first residual
block, each subsequent module halved the height and width of the previous module to
expand the perceptual field. The block doubled the number of channels to make the
information between different channels of the graph able to be fused. The structure of
Stage2 and Stage3 was shown in Figure 2.

| |
| |
| |
| |
| |
| 11 Conv |
| |
| |
| |
| |
| |

Figure 2. The specific layers of Stage 2 and Stage 3 residual block.

Let the input in a network model be x. The desired output of the network is H(x). The
residual mapping is F(x).
F(x) = H(x) — x 1)

If x is passed directly to the output H(x), then the target to be learned by this network
model is the residual mapping. As shown in Figure 2, this structure represented the residual
learning unit that consisted of convolutional layers and shortcuts. The input x is passed to
the output of the residual learning unit through the shortcuts, thus allowing it to learn the
residuals H(x) — x directly. Precisely, the residual network consists of a series of residual
blocks. The mathematical expression of the residual blocks takes the form of Equation (2):

Xit1= Xj+F(xj, wi) 2)
The deformation of Equation (1) gives the following equation:
H(x)= F(x)+x 3)

oH(x) _ H_E)F(x)

4)
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where w; is the weight matrix of the ith layer convolution kernel.

Learning the residual mapping is more straightforward than learning the original
mapping. This is because, on the one hand, the shortcut connections in the residual learning
unit do not change the size of the model nor the number of parameters. On the other hand,
the network with the residual learning unit can backpropagate at the existing depth. After
adding the shortcut connection, the bias derivative of z concerning x, which is denoted by
Equation (4), must be greater than 1. It corresponds to the fact that the gradient does not
disappear as the number of the network model layers increases. The activation function
between layers uses the rectified linear unit (ReLU).

ReLU(x)= max(0, x) 5)

The squeeze and excitation network attention mechanism was added before the final
ReLU activation function. The architecture of the squeeze and excitation model was shown
in Figure 3. The attention mechanism performs two essential operations: squeeze and
excitation. The squeeze operation performs the global average pooling of each input
channel to obtain the channel descriptors. The excitation operation generates weights for
each channel by using two fully connected pooling layers. Finally, the output weights
of excitation are reweighted with the previous features to complete the calibration of
the original features in the channel dimension, thus improving the accuracy of image

classification.
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Figure 3. Architecture of the squeeze and excitation model.

To improve the model’s generalization ability and speed up the training, batch normal-
ization was performed on the data. Suppose the number of an input batch
B ={x1 ... Xm} is a total of m data. Then, the mean value of this batch data is:

1 m
ug = — Y (x) (6)
m =
The variance is: .
1
og=—) (xi — up) ()
m=
The normalization of x results in:
R ®)

\/ oB+e

Introducing the sum of the scaling and translation quantities y and 3 gives the out-
put as:

yi= YXi+B )
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The size in Equation (9) p was set to 1 X 107°, which improved the normalization
calculation’s stability.

1 H W
%= g W)i:}]:uk(i,j)- (10)

Usg= U ® o(Wa(c(W1g(U))))
= [0(Z1)uy, 0(L)uy, ---0(Z3)uc]

where u; € RTW, 7z ¢ RIX1XC,

The squeeze activation module includes a global average pooling layer and two fully
connected layers. The input feature map is U = [uj,up, ..., uc]. The value U performs
a global average pooling operation for space compression. The process is defined as
g(+). Then, the vector z is obtained. The value of each channel zy of z is obtained by the
calculation method shown in Equation (10). u; € RT*W, z € R1*1X€, H is the height of the
feature map; W is the width of the feature map; C is the number of channels; and (i, j) is
the spatial coordinate in the feature map. The z is input into the fully connected layer. The
degree of importance of the ith channel feature u; is calculated using the activation function
§(-) and the normalization layer function o(-) in turn. The final standard sampling process
was completed by recalibrating the channels. In summary, the SE module is implemented
in Equation (11). In essence, the feature image was introduced a dynamic prior to the input
image by the squeeze and excitation unit.

Stage 4 consisted of a fully connected layer and an adaptive average pooling layer. The
convolution obtained local features. The full connection refers to the reassembly of these
local features into a complete graph by the weight matrix. Also, to alleviate the overfitting
problem of the model, the DropOut layer was added after the first residual block of Stage 2
and before the fully connected layer, thus setting the probability of temporary receding
to 0.2 and 0.5, respectively. The last fully connected layer of the ResNet-18 classified the
images. The prediction task in this paper was to distinguish the wild type or mutant type,
so the classification label was 2. The pooling layer reduced the feature map’s dimension
and decreased the convolutional layer’s sensitivity to the unknown and spatial down
sampling. Common down sampling includes max-pooling and mean-pooling. Adaptive
mean-pooling was used in this paper for a multi-scale fusion of lung nodule features to
expand the depth of extracted lung nodules.

Figure 4 shows the change in the number of channels of the image after each stage. In
Stage 1, the image was 64 x 56 x 56. Since Stage 2 had a 1 x 1 convolution layer, the number
of channels did not change. In Stage 3, the number of channels was doubled from 128 to 256
and finally to 512 by three residual blocks, respectively. The input was directly connected to
the output of each layer so that the fitting target changed from the objective function to the
residual (the difference between the objective function and the input). The residual fits the
difficulty of the benign and malignant lung nodule classification problem for highlighting
the small changes in the input value. It also avoids the dissipation of feature information
when extracting the image features. By nesting the attention mechanism into the ResNet
module, it helps to capture the internal connections in the global space without increasing
the supervision of the model. For some channels, it can play a more significant role in
increasing their weight status. At the same time, it weakens the dimensions whose roles
are not that important. The dependency information between different image channels is
carried out to improve the network’s performance.

By stacking a series of convolutional layers with four residual blocks, inserting the non-
linear function (i.e., activation functions), and down sampling, the convolutional neural
network can depict the layered features of the image within the global field of perception,
thus becoming a powerful image feature exponent. While retaining the spatial structure
of internal data, the relevant features of pulmonary nodules can be obtained as much as
possible. The area of nodules can be more accurately divided from the original image so
that the hidden information about the shape and internal structure of pulmonary nodules
can be captured. The recognition accuracy improved significantly.

(11)
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Figure 4. Number of image channels in each stage.

4. Results
4.1. Dataset Preparation

The training dataset in this paper was collected from the partner hospitals in Shanxi
province. From 2017 to 2019, the dataset included a total of 363 mutated patients, which
had 156 males and 207 females. Ages ranged from 43 to 80 years, with a median age of
61 years, 236 cases of smoking, 164 cases of the EGFR mutant, 199 cases of its wild type,
84 cases of the KRAS mutant, and 279 cases of its wild type. Among them, 500 mutant and
1500 wild-type images were selected for multi-task training. The clinical characteristics of
the training dataset are shown in Table 1.

Table 1. The clinical characteristics of the training dataset.

Train Dataset

(n =363)
Sex (n/%) EGEFR (n/%)
Male 156 (43%) Mutant type 164 (45.2%)
Female 207 (57%) Wild type 199 (54.8%)
Smoking status (n/%) Unknown or not collected 0

Yes 236 (65%) KRAS (n/%)

No 127 (65%) Mutant type 84 (23.1%)
Age (n/%) Wild type 279 (76.9%)
Minimum 43 Unknown or not collected 0 (0%)
Maximum 80 EGFR&KRAS (n/ %)

Median 62 Mutant type 0
Wild type 363

This paper used Legion R7000p, AMD i7, and PyTorch frameworks based on Python
for training and testing. Due to the limitation of GPU video memory, the batch size of
training parameters was set to 32, followed by iterative training in 15 epochs. The stochastic
gradient descent algorithm was used to make the parameters update much faster. The
learning rate during the training process was 0.001.

In the data preprocessing stage, a random transformation operation was performed on
the CT images to prevent data overfitting and to enhance the model’s generalization ability.

4.2. Experiment Result

The Mut-SeResNet model achieved 89.7% accuracy in predicting EGFR, with 6.4%
training loss accuracy, and 88.3% accuracy in predicting KRAS, with 9.2% training loss
accuracy, when performing the prediction of gene mutations on the test dataset.It can be
shown in Figure 5.
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Figure 5. Mut-SeResNet: (a) the accuracy of Mut-ResNet in predicting EGFR and KRAS; (b) the loss
of Mut-ResNet in predicting EGFR and KRAS genes.

4.3. Ablation Experiment

In this paper, ablation experiments were performed to verify that the joined attention
mechanism and to multi-task impact the prediction of gene mutations. The settings of the
experimental items are shown in Table 2.

Table 2. Results of different combinations of ablation experiments.

Setting Acc
a ResNet 72.1%
b ResNet+Attention mechanism 82.6%
c ResNet+Single-task EGEFR 76.1% KRAS 74.0%
d ResNet+Multi-task EGFR 87.8% KRAS 86.7%

Figure 6 showed the comparison of the prediction results between the base model
ResNet and the model with the attention mechanism on the test dataset; the prediction
accuracy of the original ResNet model was 72.1%. The model’s accuracy was 82.6% after
adding the squeeze and excitation attention mechanism. The combination of ResNet with
the SE attention mechanism significantly improved the accuracy when compared to the
original model. The attention mechanism uses the global sensory field to dynamically
adjust the importance of each channel in the feature map. The mechanism exploits the
correlation information between the feature maps to assist in the extracting of CT image
features of pulmonary nodules. Adding the squeeze and excitation attention mechanism
can effectively improve the accuracy of lung nodule classification and model performance.

Base-ResNet vs Se-attention Multi-task
7 . ] — EGFR Test
—— Se-attention
087 —— Base-ResNet 0.8+ —— KRAS Test
0‘6_/_,_/\/——’_/ 5 oo
g £
E ~
2 ~
944 2 04
0.2 0.2
00 T 1 0.0 i ; ;
0 10 15 0 5 10 15
epoch epoch
(a) (b)

Figure 6. Experiment a, b, and d: (a) base Resnet and ResNet network with only the attention
mechanism added; (b) multi-task training in the ResNet network.

Figure 7 showed the model accuracy of single-task prediction to predict EGFR and
KRAS and the model accuracy of multi-task prediction. The results showed that the multi-
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task prediction results were higher than the single-task prediction. The training accuracy
for the single-task prediction of EGFR was 84.9%, and the testing accuracy was 76.1%; the
training accuracy for predicting KRAS was 78.2%, and the testing accuracy was 74.0%. The
multi-task prediction model predicted EGFR with 87.8% accuracy and KRAS with 86.7% in
test dataset. The accuracy of single-task prediction was much lower than that of multi-task
prediction. The tasks influenced and promoted each other when the multi-task prediction
was performed.

Single-task to predict EGFR Single-task to predict KRAS
1.0 0.8
— EGFR Train .
0.7 —— KRAS Train
0.8 — EGFR Test
— KRAS Test
& 0.6
< <
= o
0.6 =
0.5
0.4~ 0.4
T T 1 0.3 I I y
0 5 10 15 0 5 10 15
epoch epoch
(a) (b)

Figure 7. Experiment c: (a) single-task training in the ResNet network to predict EGFR gene;
(b) single-task training in the ResNet network to predict KRAS gene.

When compared to only adding the squeeze and excitation attention mechanism and
multi-task training, the Mut-SeResNet model achieved better prediction performance and
higher accuracy.

4.4. Visualization of the Models
4.4.1. Single-Task versus Multi-Task Attention

A visualization of the single-task versus multi-task attention to nodules was made to
further illustrate the results.

In Figure 8, the a2 images showed the graph of the EGFR gene visualization results,
b2 showed the KRAS gene visualization results, and a3 and b3 were the superimposed
heat map images and CT images, respectively. It can be seen from the graph that the
model gave less weighted attention to the corresponding nodal regions of EGFR/KRAS
when compared to the multitasking. The attention given to the EGFR gene was even more
weighted. Consequently, the mutation prediction effect of the EGFR was better than that of
the KRAS, which was related to the sensitivity of the EGFR to images.

4.42. Nodules under Different Gene Mutation Types

To compare the model’s performance objectively, nodules under different gene mu-
tation types (EGFR mutation or wild type, KRAS mutation or wild type) were randomly
selected when adding the attention mechanism. Their characteristic activation was plotted
before and after the addition of the attention mechanism was visualized, as is shown in
Figure 9.

The c1 was the original nodule image, c2 was the feature activation map without
the attention mechanism added, and ¢3 was the feature activation map with the attention
mechanism added. As is seen from the figures, adding attention to the model could make
the model focus more on the features of the most discriminative nodules and ignore the
features of the underlying background, thus improving the model’s performance. When
compared to the spatial attention model, the squeeze and excitation attention mechanism
was chosen, because this attention mechanism captures the relationship between differ-
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ent feature representations. The mechanism learns the attention weights and judges the
importance of features on the channels based on the weights. The squeeze and excita-
tion attention mechanism improved the classification performance by focusing on more
representative features.

KRAS wild type KRAS mutation type

al

a2

EGFR wild type EGFR mutation type
Figure 8. Epidermal growth factor (EGFR) mutation and wild type: (al) KRAS tumor image;
(a2) KRAS class activation map (CAM); (a3) KRAS suspicious area; (bl) EGFR tumor image;
(b2) EGEFR class activation map (CAM); (b3) EGFR suspicious area.

Figure 9. Attention mechanism contrast visualization: (c1) tumor image; (¢2) class activation map

(5

(CAM) without attention mechanism; (¢3) class activation map (CAM) with attention mechanism.
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5. Discussion
5.1. Impact of PatientPpersonal Information on Results

This paper delved further into the effect of adding a priori information (age, gender,
and smoking status on the prediction results) to the multi-task prediction on predicting
EGEFR. In Figure 10, the effects of the three factors on the prediction results were in de-
scending order: smoking status, gender, and age. In Table 3, the predicted mutation results
increased by 0.03% after adding age information to the model. The accuracy prediction
results increased by 0.29% after adding gender information to the model. The predicted
accuracy increased by 0.295% after adding smoking status information to the model. Sta-
tistical analysis of the dataset in the experimental dataset preliminarily concluded that
mutations were higher in females and smokers. In the studies of Liu Y [34] and Ying L [35],
the effect of smoking on carcinogenesis was also found to be more significant.

i Hl Train
1 Test
S v ? o O
- “?

Figure 10. Statistical chart of a priori information.

100

% 8

o

6

o

4

o

2

o

o

Table 3. A priori information on the model impact.

Null A B C A, B, C
Train 97.90% 97.92% 97.99% 98% 98.2%
Test 89.70% 89.73% 89.99% 90% 92.29%

A: age, B sex, and C Smoking or not.

The CNN classifier for EGFR and KRAS mutations showed good accuracy. Moreover,
the sensitivity and specificity could be further improved by adding clinical features (age,
gender, and smoking status). This paper showed that it is feasible to use CT images and
CNN to identify EGFR and KRAS gene mutations in lung cancer. This medical image-based
approach has many advantages over other testing methods:

1. It has the potential to support treatment decisions when surgical resection and punc-
ture biopsy are difficult;

2. It can be applied to the entire therapeutic EGFR mutation status, as CT images are
repeatedly captured in clinical practice;

3. CNN tools analyze the entire tumor, not just the tissue sample. They may be able to
overcome the problem of heterogeneity;

4. The use of CNN is a fast, easy, and low-cost method.

Given that the field of radionics is expanding, new methods for extracting information
from medical images benefit disease diagnosis, treatment, and prognosis. Tumor pheno-
types, including its aggressiveness, driver genes, heterogeneity, response to treatment,
and recurrence, can be more precisely identified and defined with the help of quantitative
analysis of the medical images.

5.2. Comparison with Deep Methods

In Table 4, by replacing the Mut-SeResNet by embedding the popular deep learning
models (VGG16, InceptionV3, Inception-ResNet-V2) into it, each model’s accuracy, sensitiv-
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ity, and specificity were compared by conducting single-task (predicting EGFR and KRAS
separately) and multi-task training (simultaneous prediction of EGFR and KRAS).

Table 4. Predictive performance of various deep methods on the dataset.
Model Data EGFR (Single-Task) KRAS (Single-Task) EGFR (Mut-Task) KRAS (Mut-Task)

Acc Sen Spe Acc Sen Spe Acc Sen Spe Acc Sen Spe

(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

VGGI6 Train 721 67.8 79.2 67.1 32.3 70.8 741 68.5 78.4 74.6 69.9 75.3
Test 70.3 65.0 78.4 65.8 60.1 68.4 729 6727 769 73.3 67.8 76.8

IncentionV3 Train 63.7 60.5 67.1 62.4 61.0 649 6518 6482  66.2 64.1 63.2 65.6
P Test 60.2 58.6 64.6 59.8 58.5 619 6234 6213 625 609 59.02 624
Inception- Train 71.0 69.2 714 67.5 66.2 69.0 7129 6856 734 69.2 67.1 711
ResNet-v2 Test 67.9 67.0 68.1 64.4 63.5 66.1 68.03 6507 70.0 66.3 642  67.74
Mut-SeR Train 84.9 72.0 754 78.2 75.2 76.5 96.7 78.2 81.3 95.8 71.5 74.2
utbeResnet  rest 761 689 718 740 703 733 897 7128 766 883 682 752

Horizontal axis 1 represents the VGG16 model, horizontal axis 2 represents the In-
ceptionV3 model, horizontal axis 3 represents Inception-ResNet-v2, and horizontal axis 4
represents Mut-SeResnet.

The Table 2 showed that, in almost all models, multi-task prediction results were higher
than single-task. The accuracy, specificity, and sensitivity of our model Mut-SeResnet all
performed well when compared to other models.

5.3. Comparison with Recent Studies and Methods
Among the studies on deep learning methods for predicting gene mutations, the
comparison is shown in Table 5.
Table 5. Comparison with recent studies.
Literature Num.ber of Images Extracted AUC Acc (%) Sen (%) Spe (%)
Patients Features
A Wang [36] 14926 CT Clinical features 0.85 - - -
. . EGFR (0.82)
B Eu} [I;s]plr 285 CT R;i‘ti‘gss KRAS - -
(0.67)
Gwerder Radiomics
C Mauro et al 668 CT 0.903 84 - -
features
[38]
D Xiong [39] 503 cr  Deep features, 0.838 77.20 75.80% 79.10%
clinical features
Yu chen Ge
E et al [40] DSB17 CT Deep features - 64 - -
Yongdong
F Diao et al - CT Clinical features - 82.89 - -
[41]
Manu
G Sharma 6306 CT Deep features - 84.13 91.69% 73.16%
et al [42]
EGFR EGFR
Mut- 363 CT Deep features, (89.7%) (71.28) EG;EA?'Q
SeResNet clinical features KRAS KRAS (75.2)
(88.3%) (68.2) :
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Literature A predicted EGFR gene mutations and achieved a prediction AUC (Area
Under Curve) of 0.85. When compared to other studies, A was used for a larger dataset
and was using deep learning techniques to predict gene mutations. However, A required
experimental equipment with better performance. Literature B predicted gene mutations
by using imaging omics and achieved an AUC value of 0.670, which further validated that
the extraction of clinical features facilitated improved prediction performance.

Literature C trained weakly supervised learning algorithms on whole lymph node
images of lung cancer patients, and had an accuracy and AUC of 84% and 0.903 with a
small amount of training data, respectively.

Literature D used 3D CNN to predict EGFR gene mutations in lung adenocarcinoma,
and achieved AUC prediction values of 0.776 and then 0.838 with the addition of clinical
information, respectively. It was verified that adding a small amount of clinical information
to the model could effectively improve the predictive performance of the model.

Both literature E and literature F built 3D convolutional neural networks. Literature E
mainly consisted of two different 3D CNNs that used the softmax activation function to
obtain the final disease probability. It finally achieved 82.89% accuracy. Literature F built
a 3D convolutional neural network (3D CNN) model based on the processed images. By
improving the baseline model, it eventually achieved 65% accuracy.

Literature G proposed the Otsu method combined with morphological operations for
segmentation, using 6306 CT images from the LIDC-IDRI database for the experiment, and
achieved 84.31% accuracy, with sensitivity and specificity results of 91.69% and 73.16%,
respectively.

The Mut-SeResNet model in this paper predicted gene mutations in both EGFR and
KRAS by learning the features of genes. The multi-task influence and promote each other.
Although imaging detection cannot replace biopsy, it can be used as a complement to
biopsy methods. When compared to existing depth models and imaging omics models, the
model proposed in this paper achieved higher prediction accuracy and better prediction
performance. The main advantage of predicting gene mutations based on images, compared
to pathological biopsies, is to provide an alternative solution when patients cannot receive
biopsies at high frequencies. Our proposed prediction model can be tracked repeatedly
throughout the treatment process, thus continuously learning and continuously improving
the accuracy.

6. Conclusions

This paper proposed a deep learning model based on residual networks to predict
EGFR and KRAS gene mutations in non-small cell lung cancer. We used the dataset of
363 patients collected from collaborating hospitals to train our Mut-SeResNet model. The
prediction accuracy for EGFR and KRAS mutations was 89.7% and 88.3%, respectively.

The reason for choosing ResNet as the base network is that the residual learning
network solves the problem of gradient disappearance in deep networks. It also has the
advantages of simple and modular network structure. However, the residual network has
problems, such as channel interaction and restricted perceptual field, which result in the loss
of local features of the model. By introducing a squeeze and excitation attention mechanism
to capture the correlation between features, the channel-wise feature representation wass
adaptively recalibrated. To verify the rigor of this work, we (1) explored the impact of
different combinations of ResNet and self-attention on the model performance; (2) to
further validate the performance of the model proposed in this paper, we presented the
experimental results visually, which showed that the module was able to focus more model
attention on more discriminative features; and (3) we compared recent studies, which
showed that this experiment achieved a high accuracy rate.

However, this work still has limitations. Only one hospital dataset was collected, and
the proposed method will be validated using at least two hospital datasets in the next study.

The results showed that the model could predict both EGFR and KRAS mutations in
non-small cell lung cancer. The main advantage of the proposed Mut-SeResnet model is
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that it can dynamically extract image features and change the weight of different channels
during the training process to improve performance. In addition, the analysis of medical
images (CT, PET, or Mr/CT) by this method may also reveal other features of the disease, in-
cluding the proliferative activity of the tumor, the hypoxic state, and the surrounding tumor
environment. The development of deep networks can actively advance the development of
individualized medicine and clinical applications.

There is room for improvement in CT image-based gene mutation detection methods,
which may be valuable in future clinics.
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