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[Abstract] Objective To establish an artificial intelligence-assisted diagnosis system for molecular subtyping of
colorectal cancer (CRC). Methods 812 whole-slide images (WSIs) of 422 patients were selected from the database of The
Cancer Genome Atlas (TCGA) and were put into the training set (75%) and the test set (25%). The slides were stored in
the www.paiwsit.com database. We preprocessed and segmented the slides based on the labelling results of experienced
pathologists to generate a training set of more than 4 million labeled samples. Finally, deep learning models were adopted
for training. Results After training with several convolutional neural network models, we tested the performance of the
trained deep learning model on the test set of 203 WSIs from 110 patients, and our model achieved an accuracy of 53.04%
at patch-level and 51.72% at slide-level, while the accuracy of CMS2 (one of a consensus of four subtypes for CRC) at

slide-level was as high as 75.00%. Conclusion This study is of great significance to the promotion of colorectal cancer

screening and precision treatment.
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Table 1 Slice subtype distribution of training set and test set

Set CMS1 CMS2 CMS3 CMS4 Total
Training set 99 266 82 162 609
Test set 36 88 26 53 203
Total 135 354 108 215 812
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Fig 1 Typical labeling results of four subtypes of colorectal cancer. x10

The tumor areas are highlighted with yellow lines.
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Fig 2 Research framework of intelligent analysis model for molecular subtypes of colorectal cancer
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Fig 3 Examples of training samples. x200

A-D are the original training images of four subtypes of colorectal cancer (CMS1-4); E-H (CMS1-4) and I-L (CMS1-4) are the training images of four subtypes of

colorectal cancer after data enhancement by horizontal and vertical flips.

x2 AESRHEMETNEEFRREY R 5 FIERRIZRRE % 3 Inception v352#%
Table 2 Training strategies of different convolutional neural networks Table 3 The architectures of Inception v3
for predicting molecular subtypes of colorectal cancer with Layer Kernel/stride Input size
whole slide images
Conv 3x3/2 256x256x3
Model Batch size Epochs Optimizer Dropout Conv 3x 3/1 149x149x32
VGGl6 128 10 adam Conv padded 3x3/1 147%147x32
VGG19+Dropout 128 10 adadelta 0.3 pool 3x3/2 147x147x64
VGG24+Dropout 128 10 adadelta 0.3 Conv 3x3/1 73x73x64
VGG24+BN+Dropout 32 10 adadelta 0.5 Conv 3x3/2 71x71x80
Inception v3 128 10 adam Conv 3x3/1 35x35%192
Resnet18 64 10 adam 3xInception 3xInception 35x35%288
5xInception 5xInception 17x17x768
Resnet34 128 10 adam
2xInception 2xInception 8x8x1 280
Resnet50 128 10 adam
pool 8x8 8x8x2 048
ST g v linear logits 1x1x2 048
JiiDropout. 1Mk Bt A — 16 Iy bt ok 01 45, il ik ¢
. 5 . N . " softmax classifier 1x1x4
adam ¥ adadeltaffi b 77 12 IR 2R AR 52 SO 2 PR B,
A I A R R R ROCHZL, —BA PR 51k OXF—Fh 32/ HROCH

1.2.3 ARERRA B 2SI, RO R 2k, SR 5 BB A A ROCHTZR, Bk A 22 734 (macro-
fIE (receiver operating characteristic, ROC) i Z& PFAi #5274 averaging); @ AN X /AR GIHATLE T A RTRVE R
AT ZE S, XS T PU 432 0] 8, AWFTE o3 e —2k B, SR G TR R FE AR A B R A IROCHTZR, BT
PRSI . A MIE Fl-scorefE NWIRA MR, X T (micro-averaging)
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Table 4 The architectures of ResNet50

Layer name Output size 50 layers

Convl 112x112 7x7, 64, stride=2

3x3 max pooling, stride=2
1x1,64

3x3,64 ] x3

1x1,256

1x1,128

3x3,128

1x1,512
{ 1x1,256

Conv2-x 56x56

Conv3-x 28x28 x4

Conv4-x 14x14 3x%3,256
1x1,1024

{ 1x1,512

X6

Conv5-x 7x7 3x3,512
1x1,2048
Average pooling, four-dimensional

connection, softmax

X3

1x1

HEW 2 (accuracy, Acc), R IE A 00 (1) patch 8 4 5
patch¥ iy L i)
(TP+TN)

Acc = 1
T TP+TN+FP+FN M

5% (precision, Pre), BI04 BAME: 1 patch Hr 5%
o A BE P £ B A3

TP
TP+FP @)
A 1 (recall, Rec), BV IERfA 534 FHM: i patch 4 Fr Ay
HFHMER patch B HL A

Pre =

TP
Rec = ——
“TTP+FN @)
Fl-score, RIAFHHZEFN A 1] 5804 I F1°F- 125
Fl-score = 2 X precision X recall @)

(precision + recall)

TP: ELFHE; TN: FLEAE; FP: B FHYE; BN: (BB
124 #REAE (RS, B wSI#E
HEEUIH, 1551256182 F x25615 F K/ Mipatch, ZJ5H 4
5K patchfil A VI RGO RLFEA T F0 , 452 HX 145 73§
PR R, B 2 AR DR T RSO o AR ], A SR
WE4 firs .

2 48

2.1 FEZAHERTN

5VGG16. VGG19+Dropout, VGG24+Dropout,
VGG24+BN+Dropout, Resnet18FfIResnet344H I,
Inception v3FResNet50/i 1545 X 45 B BT i+
] P S0 1 e B A, S5 R AnSR5 R o i Inception v3#5E
RUHAT NGRS, B 245 31 ZO0 I 24 Rl A 1y

4 RAmANES (£) MRABMNERZNE (F)
Fig 4 Visualization of raw tumor image (left) and heat map (right)
A: CMS?2 subtype, the left and right are the original image and the heat map
(seagreen) respectively; B: CMS4 subtype, the left and right are the original image

and the heat map (steelblue) respectively.

HEWIR S35 M2 0.87F10.53., X} T ResNet50#5 K, fr 25 5]
TGN 25 A R B HERA 2253 51 4 0.89F10.42
W E 5 7R, Resnet5015E AU (4 {07 35 70 2 8- 24 43 5
0.62710.55, HAWMBLALAY GO 25 F0 8 - B S 0.58 il
0.50, 0.617110.59, 0.61710.58, 0.61410.57, 0.60710.56, 0.58 FI
0.50, 0.587110.52,

x5 FAEERHEMEEEHBIFRET R FERNTNER
Table 5 Prediction results of different convolutional neural networks

on the patches of colorectal cancer

Accuracy of Accuracy Precision Recallof Fl-score of

Model training set of testset of testset  test set test set

VGG16 0.37 0.37 0.09 0.25 0.14

VGG19+ 0.64 0.41 0.38 0.39 0.39
Dropout

VGG24+ 0.87 0.42 0.38 0.37 0.38
Dropout

VGG24+BN+ 0.78 0.41 0.37 0.35 0.36
Dropout

Inception v3 0.87 0.53 0.35 0.34 0.34

Resnet18 0.37 0.37 0.09 0.25 0.14

Resnet34 0.88 0.39 0.34 0.27 0.30

Resnet50 0.89 0.42 0.40 0.36 0.38

2.2 PR BHIHEERTEAG

XFTU R OB (PR A BT S PR A I
Wrde s, TR R AU R B P i A R 2
SRR Y] 5148 B, X T ResNet50, HLAAHE
RN R TRIUES 1T v e R o g Y I B R
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Fig 5 CMS prediction results of ResNet50
AUC: The area under the ROC curve

Y1 B B0 B HER R 1 51.72%, Hir CMS2Y) B 9w
ik F]75.00%, R NFEHT7/R . X FInception v3, 3T
BAR Y] N B SRR R 51.00%

3R 6 ResNet50TU&CMSTE B 4 R 0iR F 58 /5
Table 6 Confusion matrix of ResNet50 for CMS

Truth
Prediction
CMS1 CMS2 CMS3 CMS4
CMS1 12 15 2 7
CMS2 0 66 7 15
CMS3 1 15 4 6
CMS4 7 21 2 23
A ‘
3 itig

F BB R Z B CRCTEA R B & h R H A= 5+ 5, i
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