FETFAEVi TS5 S 00 AR i 8% 5 J8 IDH1 SR AR AT
tey, YR, AT, BT, 1RYL, A4

G AL

TRAeny, VG, BRI, JRIE T, 4RO, ARAL. BETAEVITS Sl iR it i s IDHL S ARIRZAS Tl [J]. e R4k, 2024,
19(4) : 952-960.

XU Huachang, XU Qian, ZHAO Yulin, et al. Prediction of glioma IDHlI mutation status based on AEViT and
prior knowledgel[J]. CAAI Transactions on Intelligent Systems, 2024, 19(4): 952-960.

TELEIAEE View online: hitps:/dx.doi.org/10.11992/tis.202209055

LT BRI HA S
BETARHEAR I} A G s B/ IMEAS R 03 207 1

A small-sample image classification method based on a Siamese variational auto—encoder

BHER G 2AR. 2021, 16(2): 254-262  hitps://dx.doi.org/10.11992/1is.201906022
25 SERFIE R I TC B SAR B AR (LA IU

Unsupervised SAR image change detection based on difference feature fusion

BIRERGEAR. 2021, 16(3): 595-604  https:/dx.doi.org/10.11992/ti5.202103011
—Ff HUIZRHEZR T (1 = Dok~ B A 550k

Three—optimal semi—supervised regression algorithm under self-training framework

B BE R Gi244]. 2020, 15(3): 568-577  https://dx.doi.org/10.11992/tis.201905033
— PRI B 2 WA A 537

A dual-optimal semi—supervised regression algorithm

BHERG R, 2019, 14(4): 689696  hitps://dx.doi.org/10.11992/tis.201805010
T TR SR AE 27 2] (1) 5 i e 2

Tourism knowledge—graph feature learning for attraction recommendations

BIRERGE AR 2019, 14(3): 430-437  https:/dx.doi.org/10.11992/tis.201810032
T H gt AR BRI RS 5k

Feature transfer algorithm based on an auto—encoder

BB R G244 2017, 12(6): 894-898  https://dx.doi.org/10.11992/tis.201706037


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202209055
https://dx.doi.org/10.11992/tis.201906022
https://dx.doi.org/10.11992/tis.202103011
https://dx.doi.org/10.11992/tis.201905033
https://dx.doi.org/10.11992/tis.201805010
https://dx.doi.org/10.11992/tis.201810032
https://dx.doi.org/10.11992/tis.201706037

5519 B4 4 1 B OoRE R & % it Vol.19 No.4
2024 4£ 7 H CAAI Transactions on Intelligent Systems Jul. 2024

DOIL: 10.11992/tis.202209055
W & H KR 2k htps://link.cnki.net/urlid/23.1538.TP.20240306.1516.006

EF AEVIT 5&5E R AR RS IDH1 2R ST

teaen! AT, R, T el ke

(1. hMERAKRSE EREELS TARFR, ILH M 221000; 2. M EF X FWEER EF2 B8, L5 %0
221000 )
O & B Er O R TR S R B U 1 (isocitrate dehydrogenasel, IDHI1 ) 28 A8 MR 2547 16 OB A JE | HER
RIAREE )8, 32 H —Fh T AEVIT(auto-encoder vision Transformer ) 5 556 09 A9 JiE 88 IDH1 28 AR MRS 0 7792 .
B e UG Y K-Means 85k TG IDH1 28 28 BR 247 45 19 158 5 988 1 2 R 1 £4¢ ( magnetic resonance imaging,
MRD) ZdEAr i bR, IR A ViT (vision Transformer ) P 45 Xt PAAR 2 #EATIE 1E , 15 2 i 209 I 598 IDHI1 28248 4R
Ao halBE RN HERA ) D bR 25 BN 5 I AR U B, SR R R AR SR E R O bn 28 B T T e AN SRS R A T
Auto-Encoder Fll VIiT 53238555 ABVIT, F| ] Auto-Encoder $2 B B9 MRI F#AF ; PRl RRfES A VIT HO6H 5 B IDHI
FARRE AT 4128 5 e Ja b FE I B o A B A S IR N UM AR, 5531 99.01% MY TN e % . Z5 KM%k
DT A R A RERY, et SR SR BSR4 SRR R T A | % b T30 B SRR IDH 8 ARIRAS, M4 Bhigy 7 i AR .
KRR WU RATE R A 1; K-Means 24507 ; Th#5%5; Auto-Encoder; vision Transformer; 588 45 {653
5 Fe g iR

FESES: TPI8S XEIRE: A XEHS: 1673-4785(2024)04-0952-09

3| g R Aes, HME, B, F. BT AEVIT SRR MIRMERE IDH1 RIS [J). SERFEFR, 2024,
19(4): 952-960.

#375| &30 : XU Huachang, XU Qian, ZHAO Yulin, et al. Prediction of glioma IDH1 mutation status based on AEViT and prior
knowledge[J]. CAAI transactions on intelligent systems, 2024, 19(4): 952-960.

Prediction of glioma IDH1 mutation status based on
AEVIT and prior knowledge

XU Huachang', XU Qian’, ZHAO Yulin', LIANG Fengning', XU Kai’, ZHU Hong'

(1. School of Medical Information and Engineering, Xuzhou Medical University, Xuzhou 221000, China; 2. Medical Imaging Depart-
ment, The Affiliated Hospital of Xuzhou Medical University, Xuzhou 221000, China)

Abstract: Aiming at the problems of insufficient data and low accuracy in predicting the mutation status of brain glioma
isocitrate dehydrogenasel (IDH1), a prediction method for IDH1 mutation status of brain glioma is proposed based on
auto-encoder vision Transformer (AEViT) and priori knowledge. Firstly, an improved K-Means clustering algorithm
was used to label the pseudo-labels for MRI data of glioma without IDH1 status labels, and vision Transformer (ViT)
network was used to modify the pseudo labels to obtain the final glioma IDH1 mutation status. In order to avoid inaccur-
ate pseudo-label data that affect accuracy of the model, the fruit fly optimization algorithm was used to assign the optim-
al weight to the pseudo-label data. Secondly, a classification model AEViT based on Auto-Encoder and Vision Trans-
former was proposed, and Auto-Encoder was used to extract MRI features of glioma, and then the features were input
into ViT to classify the IDH1 mutation status of glioma. Finally, the prior knowledge based on glioma location informa-
tion was added to the model, which achieved a prediction accuracy of 99.01%. The experimental results show that this
method is superior to other existing models, and can realize glioma data augmentation and non-invasive and accurate
preoperative prediction of glioma IDH1 mutation status, thereby assisting the diagnosis and treatment process.

Keywords: glioma; IDH1; K-Means clustering algorithm; pseudo-label; Auto-Encoder; vision Transformer; fruit fly op-

timization algorithm; priori knowledge
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Fig. 2 A classification model of glioma IDH1 mutation status



© 956 ¢ OB R & ¥ M HH19%
B J{# FH Auto-Encoder #EATHRAFE 3R EL, SR G 3 ;[\1/%\%% ,lg é]\ﬁﬁ

W B B B AE TR B A B VAT b AT 4 2

DLR AN VAT 76 3678 Jo 3B AR AF 07l i R 2 s Tk e 3.1 BUR%&

g7 B S BAE N HR M A & E )2 R
AT IDHT RS B . A HF 55 $2 H W
AEVIT ##I%54 T Auto-Encoder A1 ViT 3L 2 Fji 2k
FA B A3, Auto-Encoder BEM% £ B o B A 1R 5%
PERRRTE, VIT BE4% 7843 A H A 3 2 1 HLH i s
FEHY A RRAE S IRE T o T S50 AT DA
Y 27 5 ) BT Ay S B A RRAE, AT S B BE M 1) M
JUJeE IDH1 28 ARR A T o

B4l Auto-Encoder X i 5 988 AR wE 4745
EHEHL, & 1 3T Dense block 1Y 4 it 2% 113k T
Residual block B i 2 i . Zw % 2% 2 4>
Dense block 41 %, B3 2 A H 1x1 H 2
2x2 AvgPooling |2 #1791 56 LT Rkt fHH
Dense block 1] DL # Bl /b2 BUHGR:, [A] s 4 58 4
A5 FH DA Gs A RCRF AR R AZ 4% . g ash 2
Residual block ZH I HARKEE b RA% 2K 48 fin ke ik
B RST, SR 5 8 HL DR 2 31 4w A5 2% X5 Dz ¢ 1iE &
o Residual block Ffd FH AT UAT 2500 19 2% f)
B, TR Bk e A BE I 2k, DA 3R A5 B8 4 i B
HRUR . AHIE 5K I B R AT A i A B BURE
fiIE, P28 R A s ol LA o AR Rl Y RGO 3
X G i 2 $ I B RO 2E A i A T 3R A5 1, DR s
ARG AR S R IR A R AT IR R R, 4k
A R AR 5 TR EAGOBRR AL, 53 25 BN, IE BH
PEE AR AE e H A R R

2T >R ¥F Auto-Encoder $2 HUH A RRAE Bl B A
| VAT v, X R E B 3R AT o S ib B, R RS
patch, Jf: X Ji2 - J5 9 patch M2k PR 28 e, B HE ki)
B D g AZS 0] o SR 5B i A 1) 1% 33 45 Trans-
former 2, H b 19 23k 3 2 I HLHIA & BRI & 3
— A Bl 22 AN R A T R M X A [ 45 EE A B
M E R B RE T, Bl R R AS R R AR
TSR SCH, v LRSS AR Z R,

REM MR RE T, BIRGEW A 32
> Bl — BB [X 43 FE A AR AR, H R AR S UL F
— SEE H ZEARRAE, AR BRI A S g HR 2
TR 22 o B BOh0 OC B RO RRAE, LA SR 5T A
TR R A AR B S A . BHETE AW
FEPE PV SE B T R 3 5 IDH 2 [ 9 4 6
P, il 4n IDH1 28742 1) it 598 22 %000 F i i, IDHI
P A Y s 22800 A R BRI JE R X, AR
W o JBTIRE 4 o LR 4 8 Al B0 DL 1~8
1 OB 5 3 R s A B Y 0k 42 )2, MR AT
IDH1 AR T

AMEFEAT B 4ok A Y HLBE Be, BRI
SEE AR T e 358 i R i 3L 4R A% (ma-
gnetic resonance imaging, MRI), #% 3.’ DICOM,
AR G 422 2 A1 7596 k24, Horp
A IDH1 RAZREFRZE A 313 4 B H 1 5634 5K
AR J3Ah 109 4 B 1K) 1962 5K 242 6 IDHT 2§
ASREIREE o A SEI XS UG AT T — L Fn R
BERR IR, RSF IR %R 256 15 % <256 1R K . Il 2t
b, PIZRAE R AR 4% 8:2 HEAT R 43
32 EF K-Means BEEZES VIiT HARER

FHER

AWFFE R A IBEX 4% S B 5214 Tle [y
GIFEATREAE I, 55 245 51 363 M AR L <R 1E,
AL 45 330 AN FE T K B AR R B R AR L 33 MR T
R VR e R B A R AIE o X b R R AE E AT b ST RE
A keI, Y PO 32 AR 19 e /N I ik 3 P 7K
F-)<0.05 B, JERHZERE B WA 2R . M
SRR T ANEAT B 25 S RRIE . FEIERY I, X
R 18 A 0 3 PR 22 510 94 NMRIE, B bR
) S0 1) AR A S 0 TG s 25 B0 AR AE 4 L [R) 0 A7
K-Means 2, e Ja i ] VIT Bk ke E 248
R bR 2, Dhbr 2 0000 oE 0 R 18 31 83.93%, R
B 70.96%, H57 5 96.83%, AUROC 2}y 0.914 4
(95%CI), H3Z i #H TAERFE (receiver operating
characteristic, ROC) £ 3 s . A5 R]T
109 #4175 IDH1 ARS8 2 80 i Ph bR 28, 6048 97
{51 IDH1 %745 BUF 12 45 IDHI 587881, i AT 5
P2 T K-Means BB LS VIT IR ZR
TR T L M R T A B A o R T AR e
T S 3 i o A R B9 IDHLL S AR AR T

1.0

0.8

02}

— AUC=0.914 4

0 0.2 0.4 0.6 0.8 1.0
B P
B3 ARERELR ROC HiZk
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Table 2 Comparison of different models for predicting
IDH1 mutation status
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