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Method for glioma gene status prediction based on deep truth discovery

ZHAO Yulin, LIANG Fengning, ZHAO Teng, CAO Yaru, WANG Lin, ZHU Hong "
(School of Medical Information and Engineering, Xuzhou Medical University, Xuzhou 221004, Jiangsu, China)

Abstract: Aiming at the problems of incomplete deep network feature extraction and inherent uncertainty of the model in the current
deep learning model for the prediction of glioma isocitrate dehydrogenase 1 (IDH1) gene status based on Magnetic Resonance Ima-
ging (MRI) , the truth discovery divided attention-ResNet ( TDA-ResNet) model are proposed based on improved residual network
(ResNet) with truth discovery. Firstly, the ResNet network model architecture is optimized by the divided attention mechanism to
extract local and global features of glioma images to predict the IDH1 gene status of glioma; meanwhile, the truth discovery algo-
rithm is incorporated into the model to calibrate the uncertainty of the depth feature vectors as the prediction results, so as to improve
the prediction accuracy of the model. The experimental data were collected from the MR images of some glioma patients in the Affil-
iated Hospital of Xuzhou Medical University and the public dataset of the cancer imaging archive ( TCIA). The experimental accura-
cies of the TDA-ResNet model in the MR image dataset of glioma in the Affiliated Hospital of Xuzhou Medical University and the
TCIA dataset were 95.73% and 94.3%. The experimental results show that the TDA-ResNet model can achieve non-invasive predic-
tion and uncertainty calibration of IDH1 gene status of glioma, and its performance is better than the existing deep learning prediction
model of IDHI1 gene status, which is of great significance for the clinical diagnosis and treatment of glioma.
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Fig.1 DA-ResNet network structure
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Fig.2 Flowchart of the glioma gene state calibration algorithm TDA-ResNet
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SEEH MRLZE . HobA 163 (3 2 898 5K5218) Jy IDHI By B ¥ HAR 92 fif (Hh 1 766 5K54%) Ny
IDH1 22728 /% 427 IDH1 JEPUIRASHR B AR I8 o AL 45 R TR . i P4l IDH1 JEPURAS 251,
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Fig.3 TDA-ResNet training process

DA-ResNet 5 TDA-ResNet B M 4 4532585 (HERHEE A3 0152 A0 BE A F) PF43) PPAG 1Y IDH1 £
FEPLRS R TIIPEREANER | Fros, SCERZs AR, A SCO0 58t (B R AE i A 8 b AR REARAT AT I 45 4L
Hirp TDA-ResNet f5 HERGR KEHIE AR F, 83455538 95.73% .96.09% .92.48% 94.25% , AUC
4434 0.987 7, TDA-ResNet A Fiill 1) ROC fiZe & 4 iR,

# 1 DA-ResNet 55 TDA-ResNet £5 % il 2%
Table 1 DA-ResNet and TDA-ResNet model prediction results

il Accuracy/ % Precision/ % Recall/ % Fl-score/ % AUC
DA-ResNet 92.59 92.11 86.07 0.889 8 0.910 7
TDA-ResNet 95.73 96.09 92.48 0.942 5 0.987 7
1.0 (_,-
0.8
» 06
z
@ 04
0.2
— TDA-ResNet_AUC=0.987 7
0
0.2 0.4 0.6 0.8 1.0
I-Specificity

K14 TDA-ResNet £ ROC i £k /%]
Fig.4 ROC plot of the TDA-ResNet model

R REAR SCHE H Y TDA-ResNet #5515 GE IR 1) 77 >R &, X R R ResNet #57 DA-ResNet FIHCE S (1)
TDA-ResNet &5 {313 8 577 B A5 . Hxtrbtnge 2 pos
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Table 2 Comparison of model algorithm complexity

A 1145 (FLOPs) /G Viff 1 (byte) /M
ResNet 8.26 23.51
DA-ResNet 10.88 27.48
TDA-ResNet 10.89 38.96

ZEXT H AR SCHE R (9 TDA-ResNet BRLZE TG 5 R A7 RS A 360, SR 17 HL oA 32 R AUC 1553 18
Tl ResNet £ H1 DA-ResNet B8 | T15 52 % BE 1054 B 48 7+ S HEAf 14 A $2 FHIEB] T TDA-ResNet £ 71
FEMA T I B 2 ER AL PRAT: 55 AL B IDHT ¢ S MR RRAE T AT B8 9z fk g 77, /K3 T TDA-ResNet 524!
IO
24 XftEEE
2.4.1  ZAPIEZ AR 2L K

SRy B AR 7R v SR FH A 38 3 30 B AL A O e (5 FH R T s B B a2 4 b 28 B B D ML A
ResNet FPEATX} FL S5, HeZE S anZE 3 Frn, AR SCAY DA-ResNet HERIR N 92.59% , I 5 & T H AR AL 56
IR 7 i RE = WA VA N 5 O e | R =N = &/ € Y A8

3 HEIESBOEE YU S S B P A

Table 3 Comparison of DA-mechanism with classical attention mechanisms

s Accuracy/ % Precision/ % Recall/ % F1-score/ % AUC
CA-ResNet 83.07 84.51 79.35 81.86 0.866 2
BAM-ResNet 86.75 84.37 81.43 82.88 0.872 6
SCSE-ResNet 87.97 81.73 82.21 81.97 0.871 4
CBAM-ResNet 86.07 85.32 80.65 81.96 0.871 6
DA-ResNet ( 78 CHR T ) 92.59 92.11 86.07 88.98 0.910 7

2.4.2 ILAEEA A
S BSAIE TDA-ResNet 76 59 IDH1 J LR ZAS F0MAT 55 H i DL i , A FE 8 4 TCIA #1152 50K
TDA-ResNet 5 347 ¢ FRE IDH1 JE LIRS T A58 #E47XF L, TDA-ResNet [#ERf A2 T 94.30% , AUC
13930 0.978 4 A F AT FUAAY | HXF He g5 SRk 4 s,
4 TDA-ResNet 5 37 B o3 55 PR S T 77 vk b

Table 4 Comparison of TDA-ResNet with existing glioma gene status prediction methods

Ry Accuracy/ % Precision/ % Recall/ % F1-score/ % AUC
Inception-V3 88.73 68.19 71.37 69.59 0.8329
MobileNet-V2 77.93 46.56 45.25 45.81 0.513 3
DenseNet-121 86.85 64.25 64.25 64.25 0.866 6
EfficientNet-BO 89.67 44.84 50.00 47.28 0.530 5
ResNet-50 89.20 44.60 50.00 47.15 0.535 5
Choi et al.'"”’ 78.80 0.860 0
Taha et al."” 75.00
Kawaguchi et al.'*" 0.867 0
TDA-ResNet( A LAY ) 94.30 92.23 88.79 90.48 0.978 4

25 (HERSEIE

NEGUEAS SCHE Y TDA-ResNet X T 50 TDH 1 Ji PR S A F) P00 PR 14 B Mo ) A5 20 , A S file
FHARIH EERE 22 B 8 B2 e e S BB T IR, B A Sl i B AE 7028 KT 55 i i 8 PR P AT m] S
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Table 5 Comparison of the results of the ablation experiments

ResNet Nt S =waLiIN HAHE A Accuracy/ %
Vv Vv Vv 95.73
Vv Vv 92.59
Vv 90.03
3 %

AR SCHR L TR B & PS5 k#E ResNet 11 TDA-ResNet #7515 s 514 IDH1 JE BR824 RE T
W, 5 RH— Rl G ResNet 54000 2 WL AR ] B B2 OB TR MR AR TR B Rt 5 4 JRy R A
YRR P LA e 030 G ABE AR P R B 1o 248 40 SIS [ B R A T AN A, IR T D s 0 45 2R 1) (5 R 4
TN R MERR A, SCERAE R TDA-ResNet i AI7E [ iE B2 B4 L% IDH1 JE LIRS 7SS i %
KENT 95.73% , A BAEAE TCIA X IDHIT JEPURES /MR RIK B T 94.30% , 8 T1E 58 4 IR 2%
IREAS L K H R8T 03k T IR EE 4 ) (1) IDH1 JEFLR S TR . TDA-ResNet 52598 IDH1 F RS 0
R ] DA B HE SAAG 15 TC ARG i 15000 IDH1 FEPUIRAS  Xhididem A v A28 5% 040 RS o FH 26 DL S A B
I RI2TT HA E L,
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