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Abstract: The epidermal growth factor receptor (EGFR) mutation status can predict whether a patient
has non-small cell lung cancer (NSCLC). A self-supervised EGFR gene mutation prediction method
based on contrastive learning is proposed, which can distinguish between negative and positive images of

the patient’s lesion area input to the network, without requiring a large number of expert hand-labeled pa-
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tient datasets. The self-supervised BYOL network was modified to increase the number of layers of the
non-linear multilayer perceptron (MLP) of the network projection layer, and image data of the patient's
CT and PET modalities were merged as the input of the network. Negative and positive medical records
can be predicted without the need to annotate a large number of patient datasets. Using the non-small cell
lung cancer EGFR gene mutation datasets, it is compared with traditional radiomics, supervised VGG-16
network, supervised ResNet-50 network, supervised Inception v3 network, and unsupervised transfer
learning CAE. The experimental results show that the instance features of patient lesion area images
learned from CT and PET images of patients using contrastive learning can be used to distinguish negative
and positive cases, with an area under the curve (AUC) of 77%. The classification results improved by
AUC of 7% compared to the traditional radiomics method, and by AUC of 5% compared to the classifica-
tion results of the supervised VGG-16 network. The AUC is only 9% lower than that of supervised
ResNet-50, without requiring a large number of expert hand-annotated datasets and large patient clinical
datasets. The improved BYOL network proposed in this paper requires only a small number of labeled pa-
tient datasets to obtain more accurate prediction results than some traditional supervised methods, demon-
strating its potential to help clinical decision-making.
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mutations in lung non-small cell lung cancer

Uz N T AR R L0 I A R 22 R G A
R b R P R 12 9T RS WA 4R L R -

1 3 7

Jiti 9 2 %o N 2 fdt B RN A= i P B K )
Jirgg 22—, ] 1 il g & s AR AL T SRR Ja T A
AR I 2 R i g T 4 SRy Sl /DN 20 il g
(Non-small Cell Lung Cancer, NSCLC) F1/M 41 fifg
Jili % (Small Cell Lung Cancer, SCLC) , H:# JE /)~
20 I 9 240 o P g R R 806 ~85 %6 I
Aok, BT R /)N 4 i i S 2l i DALY FE 1) 25 ) AN
W H0 B, LT RACRT S R AR, B ez R
WEWIRIT Ik Z — o TESRBh A, R 4 KK
¥ % {1k (Epidermal Growth Factor Receptor, EG-
FR) & H F 9728 3 d5 i R0 L A, 2 R/ 40 i
il 95 BB B Tz IR 2 — L KR A
HEW, AN EGFRE AR ANAGEZ 4 T
#81m] 245 ¥ EGFR ¥ 24 2 ¥ 1 7 1t %) (Epidermal
Growth Factor Receptor Tyrosine Kinase Inhibi-
tor, EGFR-TKD'" o Pt , EGFR J R A6 ) 11y %€
AR A B A W PR 1 1) 24 ) 1 S e Ak T
G K I ) 25 RO E B

FF- 98 -2- i 487 48 B (P -fluoro-2-deoxyglu-
cose, “F-FDG)"™ PET/CT %1% & H a7 B Be Ifi
IR b 5w 43 e o 2K, B e — Rl A A i
BEAC S AN ZUE 38 2 1 WL S5 R 2 K 2 7 ik

FDG PET/CT J& fili %8 12 Wt , It IR 53 11 5 B 40 10
I S0 RN S B B p B, YF-FDG
PET/CT SBAZF A, 0T LLH kA v # 12 IB Ife A R
# EGFR L2 5 & 2R 58748 3l B 48 5 I PR #E 1)
254 i N

XF T AR /N 40 0 il i EGFR 3 K 5€ A48 Fi )
T ARk 1Y BIF5E 2 G2 R AR AH 2 P 2% o )
JEIF o AR A 2 2 3 AR O BR 2 v 1 AR S
OB I RE AR RRAE 5 R IR GG . AR A
2 FLA WL AR AR 2R AT O T 2 A G R RRAE
AT XF 35 AR ) 5 DR 3 78 % AR 5 B0 0 AT
Zhang %5 A2 B R AR L AF bR i W) I R AR
0 AR /N0 M it EGFR (19 28 48 R 45, % 180
B /1N 2 e i A R BB e i R S O N SR
R 485 AN 5 Wt R A, R 3k F £ 748 i Logistic
BRI EGFR I R AR & . SR EHM, K]
A 2 5 AE 2L B0 AR /N 40 A 9 EGFR 28 48 4k
AT RE , EL R AR RRAE W00 A /N 20 B Al g A
F74E EGFR 287428 189 A 5 35 8 T B il A I PR
AR A

HL#S 2% ) 5 BB A8 7 15 A I 1 4 4 19 1
AT R E AT S5, MR TR ORI, ks



1082 e K TR

030 %

20 15k HOHE OF HLARB 8 B E 24 i B e B
AR R M Il I 45 B 7R 2 o] ISR BB A X 4R PR G R
HEAT HEARE (T 5 ) BIL A 2 ) B AY 3] G 32
[l 15 | 32 % Ia] i #l (Support Vector Machine,
SVM) B AL AR Ak B A B (B AL 25 6, DL R
LRME AT L YR S S R LR A 2 —
AT B 24 FRR 2 R R S A iz D 42
BT R 4 S B AR o T A /D 4 i 9 Y
W, BLAS 2% ) R 2 20 T LL&5 & T - TR 2
TR CT/PET HAMFFE" M HL# 2= 2] H
TN A FVRRAE Z ] R . Wang %l H &
FRUBH 28 W 2% VGG-16 #5281, DL 96 {4l i 9 18 3 1
CT UG AE S W 2 i A, T00 I /)N 200 i fil 968 EG-
FR AR UG T A R o SR, 3
J7 1 TR R i & T bR i 1 18 R 8
P FE R E R, LXK T LA EER
€A G N W R = R0 N T S [E7 R Y R
23 AIREA 8 5 e R i #0045 o

h TP KT T ARTE R B EUR BUE R
FE B[R], AT R 1) T I M A 2 %
T B MAEMBE AT LERE LR T LT R
G BCHE L e DX S8 A e D g BT L BR P
Francisco % “'#E T —Fp JG W B 824 2 ik,
FeTE— MO E CT UG E R 4 247 5 A H 4 5 2%
BTN 25, SR 5 SR U5 0 00 5 AR L 4 B 245 38 i 43
Ko S — A EGFR 28 28 MR 2815 B B0 il 98
BH CT ERBIRE AT 55 I %o X P
MAAETATFERELRF Tk EERERRZ
Bl | AR T EL 0 245 SR v SR AR A B I
Tk

B 5 R 2 ) G0 i o & R PIRL™Y
CPC™', SimCLR"™', MoCo®', SWAV'*' | SimSi-
am™ M BYOL™" 45 [ Wi B Xt b 2% =) Jy 2 Jid 25 1
o SEGEMNAETTIEARR, X 2 2] IR K2
2] — K B R I & TS 28 50, B R
2J 25~ R S A5 2 ) B AR AR 55 AN AR RLA 38 i
4 /N R R0 T 5 100 7 B, 385 00 AS 0L LA T 1 R
B AE 1) 1S (8] B 58 SRR R AR Y SRS 1 A
] i M X B A ST U AR RO T B
R O b T B R AT 5 Hh 2 BRI
A5 422 30 A WS T v T N o

AR SCHE T — R T R BYOL A9 AR /N4

Jit it 9 EGFR 2 PR 28 A48 00 75 325 o %of B 3 il
Wkt X CT F1 PET UL KM S AT O fb Ak 31, 78
A YR TR T AT DR AR R I AR Y A
[ B8 T BYOL W28 5% )2 th AR 2 itk 2 )2 &
%% (Multilayer Perceptron, MLP) B JZ %% , #2& F+
T 0 o A R 38 R AT 55 B B TZ
SRS, A5 TR ) T o B SR — 2 BT

2 A KR

2.1 ¥ #

MBS B b AR AR T JUAE R JE /DN 4 A il 9
EGFR 5 [H 28 48 46 0 ) /8 % CT BI& 5 PET K&l
%o T HIEE /N 4H i i 9 EGFR 58 PR 58 28 ¢
P4, 5 BN UG EMGR HE AT AL B R B K )
i MASK SCHXF CT J5 5 PET Jit [l #1472 1
B, AR R F A X0 19 CT,PET EI% .
SRIG VT PET Bl %R 19 SUV B 1 8 i
PET #¥s .

FETHR I A SO H 2 T DICOM A3 28 1 1153
PR

In2( Ty — Tkgs
<IR+SRXPE’I‘>eXp M
~RH

Y‘ ;] — ’ 1)
SUV DRT+ WP (

Horf: Xopr 2 PET B0HE 52 U — 4> = 206 B
Yoy N SUV 55 3 PET B (19 = 48 46 14, 7%
W D AR R SRR, W o B R L
h HE AR R, Sk A EAR R, T KRR,
Trs U5 25 W) 2 G B 8], L o RS PERZ T R
2k 0 (R .

X CT PG B A A FH v (i gl 1k 25 BRI
DIAEAL CT BUG B . Kb B 5 /9 CT-PET K&
Fie 42 180 4y U 2 g ik, T 2wyl 25 5
M
2.2 /&

2.2.1 M#%sH

I 5 B PR RE AN P 1 TR o DA /DN 4 i
Jif EGFR JE P 58 28 $i 4l 48 b 132 O 35 0 1k X Y
CT-PET FEM§XF 150 R 4% B 4 A o~D , Hovh D %
7 AE /NI i EGFR 3 PR 58 28 B4 4 L o 2
D RS R B R CT-PET K& XF . i i ¢ A
¢ "IN [ 1 A 38 e A5 4 LA 3 o Y TR A A )




9 3]

Mo, 25 OOk BY OL A9 A /)N 20 0 Ml s 25 B A= K TR 3 32 R 5 D 5 728 Tl 1083

R E v Rl oo f, Ff, 3 WA I 26 25 K A8 [ (H
M B E S BN F G A 8% . 2w
AT R o F o " a3 i 225 f, R, PRAS 6 TR
Y B 25 E AL B AR By, My o g, M g, AR
W 24 5 g A T[] (EL 2 1) 28 A 2 B0 (] 1 42 52 )2
LML R . R,y 1y, 45 g, A
g AR 2 )2 M5 8 2, M 2o X2, ik
FT 45 10 AL AT 2] sg (21,), T =, W) 28 3 951 00 )2
g e E q,(2)0 w5, MM H sg(2,) M q,(z,)
BEAT PR AT, S 1] 4% 46 BB online [ 258 AL 2
BT KRR online X 25 A 2 508 5% target [ 26 AL
HSHL

I} 2 v 5 B A G B 2 >R ] ResNet-50 [ 2% HE
HREOT R T 4 T 1) 43 B R oy A . B
SR 3R AR LM 2 2 B s L il 34 LA ReLU
WO bR R B — LR AR R T 1Y i 42 2 4
5 R S B 45 B A R AIE B 2, 0T IO 4% B 11 )
IE 7] A5 L2 TE AL #R AR B 5 R AR 1) R Y K
JEHAT A — AR B A A ], I BOETE— A4
KRN LRy s BRI b 02 52 R 454
AL, K 2 LA R A 1) i Bl S 3 B K AT |
[ii] Bi5f i online K9 % Fll target ’ 2% A5 — 8, It i AT
Al R e W 28 5052 I, 7 4% 25 1) BL i o A [
51 B SR AN 25 I 5 B[] — A i, 38 £ ) A A5 A
PHEIM L A AN BA NG R . 5% R EUE
¥ 77 22 (Mean Squared Error, MSE) it 2k B
B,

1 f
MSEZ;Z(l‘,-—y,)Z, (2)

Hor .o My RR PN FEAEH B i I N AR,n ok
Hi BT 2 B E o B /M online X 45 Al target
4 24 W Sk 7 SRR BR T B E Bk A Ak online %)
AE SR

i g 40 R eR BT SRR B O S 1 A5 R B

2-< online(vl ) , target(v2>>

online M 25 1 & JE AL E 245, W0 (3) -
ﬁeoptimizer(ﬁ, VLM,é‘), (3)
Horr: 0 )2 online W 28 KL H 28, 0 )& 2% > K,
optimizer J& B & L AL &% , VL J& 51 2 (B i B 52
target W 26 f T 6 3 458 1E B AE |, OG0 1k 3 o BB
I e 5 T8 0 46 AL 28, UM AR Z | target ]
2% AL T S 52 W online W 4% 1) AL EE 2 500K
2L A (4)
p<tp+(1—1)0, (4)
Horpr: o J target M4 AL E S, )R S, A
FO~1Z M, X BH =0.99.
2.2.2 MEIHRE
BYOL % 44 3 i % i A P45 {1 3Rl A [
1 BE HL BTG S SR AR 7 A 2 SR A TR) A AL 1L o 7
KA P A A 48 PR AN TR 8 53 32, S 29K R AE )
o WS AE B R BRI . BYOL M 4% 308 /] —
K T R B 1 e AN ) B 0 8T 0 32 R TE A e AT
R AIE [ S B S R A6 R BRI b B % R b AR
XTI o BRI, BY OL 45 14 4 2% bR 850 H A ot B
I TR — 5K T 7 PR A AN [6] 40 P81 R A ] 2 R S 78
PR ERTE LAY R . BYOL 8k AN T -

L, 2-<qf;(29>,2;>

L= =) —=| —2— . (5)
=l alz) == | [o=)] =1,
q0<20> N Z’,c —
Ho:g(z)= o=t R
‘15<zf7> , HZ9°HZ

L2 4k ) R ) i i TRis

LR AR % AL EE A2 08 | B 0 e/ ME AR S T
P R AIE ] £ 4% 5%ORH BLRE 1Y) e KA, o 3 2 10 Pl
AR BRE A /) AP LR AE ] 1 7R L
B BRI b A S 22 ) B B sk B . i T
online Fl target P 1> W 4% 43 ST AR KRR, BT LA BY OL
) 2 2 A2 48 P A AR 0 5 5 B9 AL I 5 Y g —
A3 S AT R ) A5 B L AR AE Lo

It LA BY OL [0 4% ) e 2451 2% pR AN T

2.< online(v2>, target(vl >>

14:1414»[42:47

H online ( U, >

Hrb:online( v, ), online (v, ) 73 5l iy #0181 LIl 2
1£ online M %% (1 fr 4% AE W) & , target(v,),
target (v, ) 730l AL 1 LB 2 7E target X 45 19 i
HERRAE 1)

’ZH target(w)

(6)

H online<v2> target(vl)

.
2 2 2

2.2.3 MBLAGRIE Y ik

Liu™™  Zeng™  Wang™ 1 Yin 2" 19 iff 52
G5 EK W, CT M PET EM& X & EGFR %4 %
FE PR AR A W 1) 3R T T R TN K B 2 TEA



1084 b= 2R % 30 %
fi Fro g B q TN
= P - , 112x112x1
K| S
= o WERIALIX CTIG
%_, wn
153 =¥
2l L3l 2 ' 112x112%2
A st
o
Jo

P R4 A M AE 2R

Fig. 1 Network structure frame

HA—EMME. NCT MPET KM% $£ 5T Sk
1 PG S SRR AR AT LA Sk 00 <1 /)N 240 it fili g 28
H EGFR M 28 2815 B o 3 BLUKE B /I 240 i i 963 i8
& TR AL X A CT A1 PET 1% 75 3 i 48 7 b
S IAE R P A R 112X 112X 1 R
1) PRI R I A 3 S 3 A B — AN 112 ¢
112X 2 ROk 4 37 AR 0 1, 1 S 4% B A
L& 2,
2.2.4 BAHEE

BYOL [ £ il iz % [a] — 5K [&] 7 2R A A
Ivi) 0 Pl A% 386 58k, 7 A= 9 R L I, B T T ol R ]
a3 S N TR 2 1) A AN [) 43 S A5 B 5 S
PUJAE o T3 P 0 R ] — R L R AR 4
M, BRI AT 0 2 J T ) — A S 1], 28 3 I 4%
i IR R A 1 S e S A 7 R ER T L LR 2
[E] F B2 o T R b N o SR G R A R R 5

W 4 Ax

u 112x112x1

il P 1k X PET [ 5
K2 CT,PET E{R ¥ if i H
Fig.2 Channel connection of CT and PET images

TARAL, 23 B B I35 B 5, 5 i o 245 | 2R 45
Ao G, R EE 5 o 5 2R — il 181 1R 3 98 5
A, A5 ] — B J&] 7 28 3 P 5 i 78 48t 1 R 1)
AT P TE DR AR D S 491 R IE A9 T4 R S AN A AL

A SN HE fih A5 6 588 7 3k % b Pk gk i LA
T B E K B PR PR 5 5 vk (g A
WK B e T AR B4 AN 4 S BE BL R
B AR 3 PR o DX JLAR BE ALY 35 A b R vk Bl
HLIE AN 5 i B2 BOBE B R AT 4 o
it 5t i ML Ak T 1 ) A4 7 A B SR R AR AL 2 R
AN PR A I P8 S ) 4 A 1 RT3 T, T BB A
LAY LI

FEIURRENL S

T E R BifL

K3 B s g R

Fig.3 Image augmentation results

JRIACTRTE X EHR TR IKFEBE
2.2.5 MHBEIR

AR SCHR A D7 7 43 S IO ZR FAT: 55 I 25 911
GRPGER 4y o AE WU 2R B B, B TC AR 4 B4 A A
W2, 2833 200 4~ Epochs Y 3218 11 1k 19 45 42
SR 22 s AN I RE AR AT 4 2 X
P2 2T I 465 23 i /SRR RLRE A T8] 19 B B, 97 RS A
ALURE AR [R] 14 B 5, B 24 T A i A 1) 080 E A 2R
P BRI B o AEAT 55 I 26 I R B Be L

/b8 O B 2 1 O AR (AU 20 %0 s 1 508 ) S
A&, I 7E I 45 T00E0 38 i o3 2 4%, 2838 100 4>
Epochs () AC Lk , 153 30 e AN 2 by BB 7 . AT
55 W28 IR B B IR Ol A& S2bm 1 1 B P L BH A
5, AL LA TIN5 B B 1 A5 0 4 R 11 7 A 2H A
B BIPE VB . BARSC B S H i 1 TR, W
5 1 2 AU 25 AT 55 I 4% 4B i Adam 8 B2 1 1k
i, g ad PR O A 2 2R B 0..000 3, I 2B Y



9 3]

Mo, 25 OOk BY OL A9 A /)N 20 0 Ml s 25 B A= K TR 3 32 R 5 D 5 728 Tl 1085

Batch Size % % K 35, Tl 25k W 45 FIl 2R AT 55 9
251 Epoch 43 31 2 200 A1 100 78 Y1l 2k B B 55 )
WP BOK 112X 112X 1 K/NW PET 5 CT EIE fl
A TE RURGHE I 112X 112X 2 B 4 [ 55 iy A N 4%
HEAT U 25 SO TR S 800 % 1, i 4 FR
Loss [ £k 24 33 £ 4~ Epochs 1 3% 10 5t & ik 7]
18

*1 MBIGESH

Tab.1 Network training hyper-parameters

Hyper-parameter Pre-train network  Task network

Learning-rate 0.000 3 0.000 3
Optimizer Adam Adam
Batch-size 35 35

Epoch 200 100
Decay-rate 0.9 0.9
Train_loss
120 A .
i
80
40 A
0 ‘"‘M.MQ\MAW‘,.MNVW.
0 40k 80k 120k 160k

Kl 4 45 Loss i £k

Fig.4 Training loss curve
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Tab.2 Predicting AUC for EGFR gene mutation in non-small cell lung cancer by different methods
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Receiver operating characteristic example
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