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Prediction of EGFR mutations in PET/CT
based non-small cell lung Cancer

Lung Cancer is one of the leading causes of Cancer-related deaths
worldwide. In China, it is likewise one of the malignancies with the
highest incidence and mortality rates. Among lung cancers, non-small
cell lung Cancer (NSCLC) accounts for 80%-85% of all lung Cancer
cases, and lung adenocarcinoma is the most common histological subtype
of lung cancer, accounting for more than 40% of lung Cancer incidence.

In recent years, targeted therapies have attracted widespread
attention in NSCLC due to the development of molecular biology,
especially epidermal growth factor receptor (EGFR) kinase inhibitors
(TKIs) targeting tyrosine have been widely used in the treatment of
NSCLC. Compared with conventional therapies, such as radiotherapy and
chemotherapy, EGFR-TKI has fewer side effects and has been shown to
improve the prognosis of patients with EGFR-mutated NSCLC.
Meanwhile, in patients without EGFR mutations, however, EGFR-TKI is
relatively and may have a worse prognosis than platinum-based
chemotherapy. This illustrates the importance of EGFR mutation
detection.

Currently, the identification of EGFR mutation status is mainly
based on genetic testing of biopsies of tumor specimens. However, in

clinical practice, tumor heterogeneity and insufficient tissue obtained
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from biopsies are obstacles to accurately detecting EGFR mutation types.
In addition, biopsy testing increases the potential risk of Cancer
metastasis and is unsuitable for patients with advanced lung Cancer and
those in poor health. Analysis of circulating cell-free tumor DNA (ctDNA)
is another method to assess EGFR mutation status. Unfortunately, studies
have shown that ctDNA testing has a relatively high false negative rate
and is very expensive. Therefore, it is essential to develop a non-invasive
and easy-to-use method to predict EGFR mutation status based on image
and clinical features is essential. In this paper, we propose to use
18F-fluorodeoxyglucose (FDG) positron emission computed tomography
(Positron Emission Computed Tomography)/ computer tomography
(18F-FDGPET/CT) to predict the status of EGFR gene mutation in
patients in a non-invasive way by using a deep learning approach.

The research done in this paper is centered on the following two
components:

Since most of the current studies on EGFR mutation status
prediction for NSCLC patients are based on unimodal image data from
CT, it has been suggested that multimodal data may enhance the
predictive power of deep learning models. In addition, it has also been
shown that deep learning models can obtain better experimental results
than imaging histology models in many studies targeting medical images.

Therefore, this study first used a deep learning prediction method with
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ResNet network as the backbone and used an innovative approach to fuse
deep learning features of PET/CT images and clinical features of patients,
as well as a fusion of imaging histology features to help the network
improve prediction performance. Subsequently, this paper conducted a
comparison experiment with traditional methods, i.e., predicting EGFR
gene mutations in NSCLC patients based on clinical, radiomics, and
integrated models. The clinical model uses clinical features, the radiomics
model uses radiomics features of PET/CT images, the integrated model
uses both clinical and radiomics features, and finally, the EGFR gene
mutations in NSCLC patients are predicted using traditional machine
learning classification methods such as AdaBoost, Logist Regression, and
SVM. Among them, the radiomics method firstly requires the extraction
of imaging radiomics features from PET/CT image data and the feature
selection of the extracted features using the Random Forest method to
achieve feature dimensionality reduction, alleviate model overfitting and
improve model prediction accuracy; finally, the filtered features are input
to the classifier to obtain the final model prediction results. First, however,
due to the difficulty of traditional clinical and radiomics methods to
extract the deep features of PET/CT image data, the experimental results
of deep learning significantly improve the results obtained compared with

traditional analysis methods.
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Second, one of the drawbacks of commonly used deep learning
prediction methods is that they require a large amount of data with lesion
region annotation. Still, the manual annotation process by physicians
consumes a lot of time and effort, and it isn't easy to maintain absolute
consistency among different physicians. Based on this problem, this study
proposes a deep learning prediction method for EGFR mutations in
NSCLC patients without physician labeling of lesion regions. Using a
lightweight network, the maximum density projection and the mean
density projection are used as inputs to the model to obtain experimental
results comparable to traditional radiomics models and clinical models

without physician labeling.

Keywords: Deep Learning; PET/CT; Non-small Cell Lung Cancer;

EGFR Mutation
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BFW PET/CT MG HE T I K% ESCE MG B BOY, AR AR5 A
RBE RO AR FE1GE, H iR 218 g K Ahey 4 B B SOy
fits 25, ESLIREEAIRA, AT TR M 2% MobileNet SRHEF TR B2
SIRHERSRIR, B 2 M/ NSRS AR IO IR 2 > W 28 A5 AR v F I RCR
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AERG IRV 55 =By, HEFTXT LG SCIRITE s, WFERA SRR R R (A 2
FEA S 1A 05 M e e 0 4 S AR P 00 8 EL 4R THVE A

EEONTR, RAEE, ANEE BN A U S T A T,
1.5 BIFT A

(1) ASCHHE T — A0 S R R IR, @ k% PET/CT FME TR
ORI . R A A RHEA R B W KRR E R R A, AURR B AR ) i S )R
I, AT SCP NSCLC 3 1) EGFR R 538 1% L Al T, ) &% SR ik 3
0.865 4 AUC 1.

(2) AR RIS A3 SO e Sy A 7, SEI T NSCLC
B PET/CT BRI TR B2 S RAAE A RAFIE A SRl &, (AR AL AUC fH
M 0.784 #FHF T 0.851,

(3) ASCEE T IR BRAE SR A A AR T VR B2 2] ik, A AR
PET/CT EME 1) R FESGE FISE R 50, MBI AN 55 B s AR ) ) J
XA T, EESSEIIN NSCLC Ha i EGFR J:[H 5 i il iy, s
% AUC {HikE]| T 0.730,
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2 HRESHRNH

2.1 AR 2E R

AR U R BT B I b R G R TR AE, H Y2 B 78 nT 424
W, DAREBISWIAIGYY . BT SR A2 R R SR I ) PR R T DA R 1Y
JFIRAR, W] DA g A AL BRSO UR AR G . SRIBUS AR Hhml i ] B IR A= &
BB ELH 9, 7l

(1) Wavelet (/NEIER) ;

(2) LoG (FEas S 1) |, il ggsmukicds, i
2 KA IR, sigma S0 SCER TR SO, (AR 55 4
RSO, AR s W R R RO R Y SO,

(3) Square (*V-7J5) , RIZRIUAMGSE BEIEAYF-T;

(4) SquareRoot (*FJrii) , BPFRHEGSREAERF )5

(5) Logarithm (X§%k) , FRIUEMGLER 38 E+1 AIRTEL

(6) Exponential (F5%k) , FRIUAIGGREERIFEEG

(7) Gradient:  (BpZ) , FREREIBIRHE R KRN

(8) LocalBinaryPattern2D (A<t —HEHIFLAL (2D) ) ;

(9) LocalBinaryPattern3D (A =3EHIEH (3D) ) .

H R PTHRI2 R HARRERA 8 F, J) il

(1) First Order Statistics (—¥&iitH) ;

(2) Shape-based (3D) (37 3D JEIR) ;

(3) Shape-based (2D) (&T 2D JEIR) 5

(4) GLCM (Gray Level Cooccurence Matrix, JKJE A% 14)

(5) GIRLM (Gray Level Run Length Matrix, KEHiafTK M) ;

(6) GISZM (Gray Level Size Zone Matrix, MK XIA/INEIE)

(7) GIDM (Gray Level Dependence Matrix, K EMHIEMIE)

(8) NGTDM (Neighbouring Gray Tone Difference Matrix, 2535 /K & 2551 [4:) |

2.2 BRHZEM %

Fe FL Al 25 ) 4% 12 Do P2 22 MuCulloch FIEHB #24 F Pitts 7E 1943 4FE 77
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) MP BEZCST - Anfe] 2.1 f7R . M4 BN RENE T4~ (HOTBI T AN gk
AP AC . A RSB A IA R, PR~ IE U 3T 2006 4F, LA Hinton
LA VR R R B 208 SO FEAREPP JibZ )5, W =28
Z R, WAZRIUREZHY . HZE B D0, REHER R0 G
ZEM I PRER A2 I 2 AR O I 2 IS E TR A IR, AW S
BHBOSEEA . AEIEHIERY], N k B RZARES AR AL, MR E
N k-1 T, N TR O A R RIOE KM, X, %
JER 22 25 HATARHE ) R 10 A SR Tt

2.1 MHEMY%

G 2 M 28 I W) 2 52 B8 RGERAT WL S A et s, H AR 223
Fukushima 75832 BB GEL Al B4R 1 A Z A ST ESI0IT) g iR\ Sy e
A EE— RN, B, LeCun % NSE/EH#EH THAUEILZH ABS, I
BERZ S R RAEZEMES A, 1527 LeNet MIZEH B 24 4 8 R U 28 W 45 () 4l
. 2012 4%, Krizhevsky SFPON IR R R PEAE IR FROCHE N BT B8, BTt
FEH T AlexNet, FEH244F ImageNet SaFEAEFH15E, AlexNet SO HIRTEKR
R EME IR AL T IR IZ BRI M e M 48 2540, o TR )k f s i
TR A, BliJG, VGGNetS! | GoogLeNet®2 | ResNet!3 DenseNet!>*145 [ 2%
1t AlexNet W28 f) BLfili PO fmplide i, BRMIEM %3] T 2RI R, A
22 i, BRMAMZ—RhmAZ . GHZE. W2, SRR AL 2
TR F AL,
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L
—
I
[[“*::“‘“*m
AR
B 2.2 HBEMENL%
2218 A2

BN W 25 10 5 A2 P B B A, RS, B TS
Blasa I AR N DRSO AR, KOO 1 AR . BRI M 451 A
EOREBOE s ER/N, AR, bR/ Ne oy TR AL, 42 i
EAY ISR, PRI A4 0 Al e 4T BB RV I R s
2.2.2 BHE

ERZERGHMEMAERIZ LR, GRUBTERIE A B R 25, B A
FHAR AR, BES I — A RSNTE R BN B, BRI, 7
MEEI  WAEERY 0 Wl DA/ NI SO %FIE. aniE 2.3
Fs, HARERReE, e AR SRR NBITR. [, 1efshing
AT, GRS KA DMEEIREE, Frigndk, BEBEsEm A B A b
BRR R AL

0 1 1 1 0 1 0 1 4 3 4
0 0 1 1 1 * 0 1 0 o 4 2 4 3
0 0 1 1 0 - 1 0 1 2 3 4
BRI
0 1 1 0 0 s
BRUE3X3 BRAR
CRRAE )

K23 BEGTEFE

10
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2.2.3 Hifb R

A2 Y BT 2 M 4 T ) 2 —, b2 3y d i R
£ LeNet (2%, FEIXA M 45 PRI 1R B, FEREETIEAE Y AlexNet 45 H 145

A E3hAL  (Pooling) X A447K.

WAL Z 2 i A RYRFAE PR 0BT U4, SRR 2 A A —=2
TR AZ /N, AR B RAL I 2T 5 A 2R, — @R R L B i H 1145
TRAEETHRBURHIE A A R AL BRI BB F A
HGTRFIE, TR REIA . WEMeSs, BRI IAILIE 2.4, & 2.5,

Hl, SS9 R ATk,

10

2 3 7 8
5
4 9 9 10
11 12 .
] 14
13 14

& 2.4 HAfEMAL

8.5

2 3 74 8
3.5
4 5 9 10
11 12 .
. 12.5
13 14 .

& 2.5 ¥{EMAL

11
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224 2ERE

SRR G A M 4 h IR, BB RMIER . WK 2.6 Uik,
SR AL RS, B SR SRR AR R M R AR R A, B TR Y
7 hy— e T i, ofe b s AN TR A TE B E A R S B, 1554
B 2RI A ITT IS (E., STERZ M2 70 R FE0E R E—BCh ReLU 34
RRR, A 2 A L e S RS B, X R A B A5 I FE Y
iy

4096 4096
bird P

uuuuu

fully connected layers  Nx binary classification

B 2.6 SEEREMRENE

2.2.5 Bl

HIFE 2.6 B8, R H0M G RAT A, R AR A 12 SR
AL BLASE>] 10 KT 43 4 S A U FUAGE, e S22 P
BRI 437 SR .

X T 4R S, FIZ BRRANGR—HE, 1L R T DAL, £ Softmax
BREOR 5 4% S AR, S5 e FR AR R i, 507 0
AR (1) B

softmax =

FE TR, — B Stk BB SR As e Bt A, TR R 2 5((2.2)
I

12
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k
pla;) =) wyix; (2.2)
j=1

2.3 ResNet %%

s VGG MZSAALR T, SR, 9. SRR M 28 i B A 22 () 2%
FEATRATE Y, (RS AT 2 D 45 S 3 0, BP0 5408 T ) 4% P A ok
T IEAERE IR A 2 5K, 90 45 TR B 0 T v R s 0 0 31 2 56 1 A
WA BT, BRI VF 2 MR BT I R e, (BB TR MARAS o
I, EF 2015 4F ResNet MZEPHR L (A1 2.7 FiR)

VGG-19 34-layer plain 34-layer residual
image image image
gutput | 3x3 conv, 64 |
size:224 7
I 3x%3 conv, 64 |
v
pool, /2
f)utput +
sizelll2 s cony, 128
v L 4 A4
[ 3x3conv, 128 | [ 7x7conv, 64,12 | [ 7x7conv,64,/2 |
pool, /2 pool, /2 pool, /2
qutput + +
SIZe56 T35 conv, 256 ] [ 33conv,64 | [ 3x3conv,64 |
12 2 Y Y
I 3x3 conv, 256 | | 3x3 conv, 64 I | 3%3 conv, 64 |
¥ Y —
[ 3x3conv,256 | [ 3x3conv,64 | [ 33conv,64 |
Y
l 3x3 conv, 256 I | 3x3 conv, 64 I | 3x3 conv, 64 |
2 —
| 3x3 conv, 64 | | 3x%3 conv, 64 |
v v Y
| 3x3 conv, 64 I I 3x3 conv, 64 |
¥ V!
pool, /2 [ 3x3conv, 128,12 | [ 3x3conv, 128,72 |
qutput ¥ ¥ v
size:28 [ 3x3conv,512 | [ 3x3conv, 128 | [ 3x3conv, 128 | :
v v | ——
[ 3x3conv,512 | [ 3x3conv, 128 | [ 3x3conv, 128 |
v 2 2 Y
[ 33conv, 512 ] [ 33conv 128 | [ 33conv, 128 |
2 —
[ 33conv,512 | [ 3x3conv, 128 | [ 3x3conv, 128 |
v v Y
[ 3x3conv, 128 | [ 3x3conv, 128 |
2 —
| 3x3 conv, 128 | | 3x3 conv, 128 |
v Y Y
| 3%3 conv, 128 I | 3x3 conv, 128 |

7 o
B 27 Z. ¥, A450: VGG19, 34 EHEEIREEFEIMY . 34 2K ResNet 4%

13
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W 2.7 s, MZERIAT20510 VGG19, —A> 34 2 A58 1 2 > W 28 Fl
—> 34 ) ResNet (25, MR AR IE, ResNet [# 255 oA [ 24 5 K AN [R]
SEIREEIRIAFAE, 1T ResNet Z T ANM3AZE M 4% (Residual Network) , 224
J2[H A ResNet R ZFkZEH AL AL. & 2.8 JB/R T—NkZEH, IE RS
W, o T ESCHTULRIACEE ISR . AR R I R AR R, T TR T T
e, A3 NEZEBPIHAE AN, MAXQI)TLAE L, FREMSHFES
HIGTRMZEAR L, SRR IMA T —IMESFRU R y=x B, HE2AEA 2
75 X 26 I R 8 ) I AN 2 7 AR P B A E R 0. o B T K S [

ResNet [ 4% J5 SaBEAT 1 Bt — 22 AY2kt, Bl ResNet V231, H = Sk gl
THERUZHALEIT—{L)Z  (Batch Normalization, BN) 7% .

A I

weight layer

Fx) RelLU x
identity

weight layer

F(x)+x
ReLU
& 2.8 FEbk

2.4 EEIIHLEH
HEISNRAPAMARGAE M HAWIKER, RIGATIRA SO HIT,

NZRAUA 22 I e IS 21 i E A vl e g 1 & REAC PEAY . IR, A6

WK 2 B SR R AR B, I R RIS . WP B 2 A R

14
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TR TE AR S AR e IR 2 M 45 Y PR RE, AR HILA 7 ST MR 2]
WIBE 2R T IRORRYER T, ISR AL P 2 | HORAYEIEEAL,  AnbLas i
RO A S A AR I 012

Pl 2.9 S L ETER OB TS, (7 B IR TR 1 AT
BN VA w11 S o ST B 4 0K 5 (1T 03T VAl i DR B 15013
AR, HOASCER S AT . ) I A7 B B R AT L . DRI, A ART 4 ST AR
AR )57 B 1] ARH LR, I AN 2 e AT Z ) A B P S . A SO iR o
HEEIUHITIAZIAFRES R G, K EZ A RS Z R B4 &
ZS[A) ERIC, PAREIRRTHS B F AR AT H Y.

| > > reshape & transpose
& B
A [ soﬁmax
-
. C reshape
e (HxW)X(HxW) ]‘eShape
—
D reshape
CxHXW o CxHxW

B29 (MEEEN

15
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3 LRBGENA

3.1 & PET/CT B

ABIFGE Al AR 1 22N R TR B, 25 N K258 BEBE (R 22 1)
PUR £ 25 Lttt Il TR MRS R & . AR5 IL e T 183 4T 2016
4E 3 H % 2021 4F 3 A WIAEIE EHAHE T PET/CT 47 1T EGFR 2[R 28 ARG
B BT R S R A ARRUER -
) HLAAGAT 2 R MR
2) EGFR EEHKMZERo¢#%, B4 18F-FDGPET/CT 4= & K14,
3) WEAT TR e ok
4) A HIS Z5¢ 0] AR I 2] 58 Bl R 5Tk
T SER SR S T AEHERR 1 66 BIRE, FEIRRANT:
1) 9 BIZLHL -5 R ek
7 I 3T PET/CT 494 2 EGFR B AR T 1 A~ H i3
26 {31k g 52 e B S
18 B4 PET/CT HH R #EA TR HUMRIAY Y (Anfkyy . HU75s) R

1

(
(
(
(

2
3

(
(
(
(4

)
)
)
)

(5) 2 5l NSCLC 55 PET/CT g i m i 2

(6) 4 BIJCIEKGHI7r %) PET 8 CT BRI £,

P, A SO A BIREE L9 A T 117 5l NSCLC . BRI R 5
A S BENATHEER R EIE 3.1 iR,

AR SCHIE I B4R T e S PR [F) 2B CT,  SRAER)EE IR CT %l
N 3.75mm 2R (FICREFRN JRZE CT” ), )22 CT i#id GE Retro Recon H
a, BERE 1.25mm §Y CT (FICRFRN W2 CT” ) |, EESHCH: RE
1.25mm. [A]fF 1.25mm. E/REF 70cm, BE#EZEAH “briE” . fHELEZ CT, #
J2 CT U)X 3 B B Ko kb X IR A SIS MY e

3.2 BEMIEREE
3.2.1 R RN A

ABFFTILAIA 117 BINSCLCHR#, Hor 58 ] (49%) EGFREEH 225Kl

16
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LI (EGFR+), 59 ] (51%) EGFREEAZEAZAG LM (EGFR-),

APAEIATENSCLCEE Y 26 MImRFFE, Horb, A3 8 p B A lm R
FHIE 44, ARl (Sex) . 4ElY (Age) . MRS (Smoking history) .
RIREE K F-1 (TTE-1)

CTARHRHIE 17 4>, 235 0 gER 204 (Distribution) | HYEIRIALE. (Lobe
location) . JEIR (Shape) . #1%% (Margin) . K/ (Fx K 4Emm: Longest diameter,
H4emm: Short axis diameter) . FEJfE (Spiculation) . M4k (Lobulation) .
WfEAEHiAiE (Pleural retraction) . Z5{fI4E (Bubble-like lucency) . 253 UEAE
(Air bronchoogram) . M&%EHE (Vascular convergence) . JiiHh (Texture) .
Z37l (Cavitation) . £%E (Necrosis) . %54k (Calcification) . HgfEFIAK (Pleural
effusion) . WREZEMPK (Lymphadenopathy) ;

2016 4F 3 H & 2021 4F 3 H#:% 18F-FDG
PET/CT f4H B JRAAE

25ty N 7
(LUAD) A, YT, ST
EWIGYT)
EGFR £ I 45 SR Al (kT PET/CT 147
Al Al f) 18F-FDG HERR EGFR {32 8] #Y
PET/CT 1% (B b 1~ H
K5 =
A R s
G TR
PET = CT &%
W EL A R
(117 %)
1§ exon 19 58748 exon 21 L858R 5878
(59 4,) (30 4) (28 )

E 3.1 BEEERERE

17



2N R A

o3 HET PET/CT §44 10k N0 H s EGIFR 55 2 A5 (1) 5

PETICIHZSE 4 1, 4351 A SUVmax (Maximun standard update value). SUVmean

(Mean standard update value). MTV (Metabolic tumor volume), TLG (Total lesion

glycolysis),

30 NEEMIRIRGERE, FHSDERIREE

(standard deviation)

. Iiiny 11} B.c
£31 BEWKKER
. Total L Total
Characteristics (Mutation/Wild) Characteristics (Mutation/Wild)
Sex Cavitation
female 54 (37/17) No 108 (53/55)
male 63 (21/42) Yes 9 (5/4)
57.6 (9.4) .
Age (SD) (56.4(9.7)/58.8 (9.1)) ~L-obulation
Smoking history No 19 (7/11)
No 89 (51/38) Yes 99 (51/48)
Yes 28 (7/21) Necrosis
TTF-1 No 94 (47/47)
Negative 12 (2/10) Yes 23 (11/12)
o 170.4 (370.9
Short axis 26.9 (14.3)
diameter (SD) (34.9 (19.7)/38.9(20.9)) MTV (SD) (14 ) (19 g)/29 4 (42.7))
Longest 36.9 (20.3) Spiculation
diameter (SD) (26.4 (14.7)/27.4 (13.9))
SUVmax (SD) Tos% b 3.6 5.4) No 43 (18/25)
SUVmean (SD) Z-663(‘24 )9) 8.8 (4.4) Yes 74 (40/34)
Calcification Pleural
No 86 (39/47) No 74 (30/34)
Yes 31 (19/12) Yes 45 (28/15)
Distribution Ellélglll)ie):’-like
Central 8 (6/2) No 77 (35/42)
Peripheral 109 (52/57) Yes 40 (23/17)
Air
Lymphadenopathy bronchoogram
No 63 (31/32) No 75 (27/48)
Yes 54 (27/27) Yes 42 (31/11)
Pleural effusion Shape
No 95 (43/52) Round oroval 77 (37/40)
Yes 22 (15/7) Irregular 40 (21/19)
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g% 3.1
Characteristics (Mut ag%mn/lw ild) Characteristics (Mut a}}%ﬁl}w ild)

Margin Lobe location

Well-defined 96 (48/48) Right upper 34 (17/17)

Poor-defined 21 (10/11) Right middle 6 (5/1)
Texture Right lower 22 (10/12)

Solid 103 (47/56) Left upper 29 (15/14)

Non-solid 14 (11/3) Left lower 26 (11/15)
Vascular
convergence

No 50 (23/27)

Yes 67 (35/32)

3.2.2 Il RAFE S

AR EAT R R B 26 i FRFHIES NSCLC 35 EGFR B [H 988 #E4T

FH RS HT . B SR RAFAESEA T BR R R ST 007, R PR 3R A ] AR PR SR il

A 5 7 7 e R 6 R, HE 2R AR — Y A AT DA 2o PR R 2R 40 A

HERRTR T JC R B AS 5, 3 3.2 R TR R AT PAE/NT 0.05 (A A W)

iR RAIE, o, Gender, Smoking. Texture S&MRFALRTj& 75 %/ EGFR
PRl 28748 HA M4 (P_value < 0.05)

F32 BERMF
Variable P _value
Pleural effusion 0.042393
MTV 0.020100
TTF-1(Negative;Postive) 0.018853
Texture 0.016829
SUVmax 0.015357
Pleural retraction 0.006284
SUVmean 0.005462
Smoking 0.003656
Gender 0.000217

Air bronchogram 0.000140
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XFPA b Zeid B A5 5 EGFR B[R 548 BA S8 5 M S R TN Akt
frERFEr, ZNRSPIHERT DAE—S i e IR A R sg i, A&
TR A 5 e AR B A . SRR AR AN 3.3 B, SEERRY], Gender,
MTV . Pleural retraction, Air bronchogram I Pleural effusion 3t /™M REFAELE
ZWTFE X EGFR 2 e 15 R AR R AR (P_value <0.05) . iR
Prig 2200k (ANOVA) b7,

£33 ZHRMF
variable P_value
MTV 0.020100
Pleural retraction 0.017020
Pleural effusion 0.001799
Air bronchogram 0.000272
Gender 0.000025

3.3 KT/

ARFEE XA SO R R AT T4 Bk B 22 MR R BERE, &
W AFHEERARE, LT 117 B30 PET/CT B S A4 35 i A
PREFE . CT SPAQAHIEA PET AU S BHEN R 3L 26 DimRAHIE. il R
ZHENSW LRSS RE LI, 4 Gender. MTV . Pleural retraction ., Air
bronchogram #iI Pleural effusion Fi./M|f FR4F4E 5 NSCLC Hi i) EGFR Kt [F 2848
RS

20
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4 B FREZFEIIE/DHAEMEEZE EGFR EE R TR TN

WEE N TR RESOR R PR A fg, TR ] I D B R B R 2 O
BOK A, CAEUISTIEN, 75 NSCLC 3 EGFR K 548 T i [ FRpF 5%
Hh, IRESA ] DR RE S USRI TR S GE 2 R BSR4 T R SRR
PRI, A5 R R BESE T 753, % NSCLC % EGFR J: R 5828 55 L #-A T 15
4.1 LWHEN B

W 4.1 @A LI PR, TR

S —, Fh = A a) ) i AR kX3, T4 PET/CT Js 0 15 64 T 450 P Ak 242
S, XA ERG ) EG AT QA A R RS I, TR 2036 HERAE AT
FHIEZERE S5=, MBS PET/CT EIG ki 2= Ak /) i 1) g DA i B 1
(', TR R R G TR, R 64 x 64 x 64 BYMIEHL S5, RF
TR A E IR 2 ST B, FE36 PET/CT MG 24 ST E M 514 412
FHAE R REFE S TRE A, 85T Softmax MG EREL, 15 BRI A T 25 5

S o

PET . d Classification
cT

64> 64 x 64 Fusion

EEinsd Final
4 Feature
(12)

ROI Segmentation

Bl 4.1 BRLEHRE

4.2 TAETRAL T

Bl 4.2 JERR) R BT IR I B B AL B AR, AR, B
W2 (1) WAL RFREREAE A2 PET/CT BRI AJE X,
5 Kappa JEA TS (2) KRG KR DICOM A% nii 4524
(3) T PET SARIKIEAR 32 3] ARG 0] B AR IO, T i 4 255057 & 1
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R, e RS PET BURG RS TRFIE, MR, BRI T EE A EH
—{tk PET R QAR IUE., S0 3D-Slicer #1%:, Kf PET G444
NBSHESEHUE (Tandard Uptake Value, SUV) g (4) diFBEAXTHIEX
EARER (E A R AL R R, ToRE AL L, SR DA
TSR ZEAE A, NS e TR A o AR I A I 1 D A XS e o T2 ) 37
BIREAS R S SR IX I (Region of Interest, ROI), it ROT AL 524 i
T X I N MR I S (5) ML R PET/CT g al o Ul i AT £ i ddi {6
AbFE, Rt ROTAY MR HRGE— TR 64 < 64 X 64 RRI AN (6) R
S5 B A T i/ N ORAB VA 4K (Min-Max Normalization) AP 5 AR
SOIREAL,

Acquis

 — —

PET
ition
GT

Image ROI Voxel patches

B 42 HEpmstE

4.3 HRAFIF IR SHFEESEF
4.3.1 EIRAFFHERE
(1) ik

AT AT R RTIRE, B e BN G PET/CT KT Tl AL 3,
PAF €5 Pyradiomics $H (CORIBUARIE A [ I RAUE SR BB IO AR AE Bl i, v, 2
BE (1) - (3) 53042 TR Bl R S BB Bk Bk A — B ek
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THI =SS, i H Min-Max Normalization 175 % PET/CT &4 #4719 —
1k, THERBARRAEZ R B 5200

) R FRIESR IR

HBRAFRAESEBOIRE AN 4.3 FroR. fEXT PET/CT KRB S, #F
Ab PR 2 J5 1) PET/CT Ji hf A% Ko ohy B2 AR /) it i) P g X0 ] 4% 3 ] o A
Pyradiomics H¥E L, HERYEEA R PET/CT EE 1) ROL TR 42445
fit, SLERSLERIE] PET/CT 4351 2036 QA1 RIE, B B A5 FHETR I
WA B AE Python3.8.8 H5e i, FRHENRYFHERIL (3

(1) JEARGFAE (shape features) ;  (2) —Pi4FfE (First Order Features) ;

) KED

¢

A FERRE  (Gray Level Co-occurrence Matrix Features, GLCM) ;

>
TR KIS/ NEERRE  (Gray Level Size Zone Matrix Features, GLSZM) ;
5) REEVFFEA FE4FE  (Gray Level Run Length Matrix Features, GLRLM) ;

3

) JREER 4R (Gray Level Dependence Matrix Features, GLDM)
FERRAE SRR R o, X s R RN S 0 R i A A S, B &IV
(Wavelet) . iR HiH (Laplacian of Gaussian filter, LoG) . “F-J5 (Square) .
SEHHR (SquareRoot) | Xf%{ (Logarithm) . $§%k% (Exponential) . B/ (Gradient) .
LBP3D (Local Binary Pattern3D, A —JEHIRZ) /\Fhik i wAb PR 5 0 K14,
BTG ALA AR TR T LoG Jgis, LIV T 5 MAERY sigma fH,
B sigma 25T 1.0mm. 2.0mm. 3.0 mm, 4.0 mm Al 5.0 mm,

4.3.2 FIGEFFEIREF

H T IE G, R IRE T, BT SRR IR s 5 4
SFURE A TR AR VR P, . SE5R4 AIXT PET/CT K14 R | RandomForest i 7 #3647
FROEZeRE, FAEREEES 700 B T 12 AL,

Hoi PET M X WAFIEALE: 4 4 First Order, 5~ GLCM., 1> GLDM, 1
~NGTDM, 14 GLRLM;

CT i RAFAEEL S 3 4> First Order. 4 /)~ GLDM ., 4 4~ GLSZM. 1 /|~ GLRLM,

41 RESFIERS S E N BRAFRE. o, PET Feibf 11 41%
/NIRRT AL B, 1 AR R AR AL HE CT ARIEA 6 N&ad/ Nk a4
PR, 6 DA AREE R AT, il L, NBEE R AL PR IS R PET RN
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CT B T RN A AR 2H AR e a8 s B #e AL B J5 1) CT MR BT I (1) 52
A2 FpE S NSCLC i35 EGFR B[RS RE OLEAH ¢, Je 2 s Ca e 8 g
AR A EE RORE S S206 T 36 4.1 FR il 12 NG AL 3 T

:aI>O
‘ = o

Image Filters Radiomics
| Feature
ROI Segmentation %
’ DDHHHUD ﬁ
Input First order Texture Shape
Feature extraction
Pyradiomics Toolbox
Bl 4.3 SR HERFAEIRIX
F 4.1 FHERBEH P RAFRE
PET CT
exponential glszm SmallAreaHighGrayLevel
1 gradient firstorder TotalEnergy
Emphasis
2 wavelet-HHL firstorder 90Percentile exponential firstorder Kurtosis
wavelet-LLH_firstorder RootMean
3 exponential firstorder Energy

Squared

exponential glszm SmallArealLowGrayLevel
4 wavelet-HLL _firstorder Uniformity

Emphasis
5  wavelet-HHL glem ClusterTendency exponential gldm DependenceVariance
6 wavelet-HLL glem Imcl exponential gldm LowGrayLevelEmphasis
7 wavelet-HLL glem MCC wavelet-HHL firstorder TotalEnergy
wavelet-HLL glem_Cluster wavelet-HHL gldm_SmallDependenceLowGray
i Prominence LevelEmphasis
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gF 4.1

wavelet-HLL glszm GrayLevelNonUniformity
9  wavelet-HLL glem ClusterTendency

Normalized
wavelet-HLL gldm_ Dependence wavelet-HLH_glszm LowGrayLevelZone
10 Variance Emphasis
wavelet-HLL glrlm_LongRunLowGrayLevel
11 wavelet-HLL ngtdm_Contrast

Emphasis

wavelet-HLL gldm_ DependenceNonUniformity
12 wavelet-HLL glrlm_RunVariance
Normalized

4 REF IR
4.4.1 REF I MK L

Il 4.4 7 TREZ S BN R RS SCR T T = ARG 2 45 (3D CNN)
AL 254 T B3 PET/CT EMRITREE - 215 8., TP s 4 R A5 B [l
i AT (5 B ATRAN AR 4R (5 B A Bl 2k B84 = 1 2% (backbone) i ff] ResNet
M2, R T EEF RS IR R E R, EIG A THE LRSS G305l
il R IIVLE R B H R R BRI R, TSR T BN RN G

o BRI ST AR AR BRMIRAE AR5 B2 {5 B agde ., [FIH,
REMLE AT EH PET/CT BRI R LR R4 5T PET/CT UG IR FE2: >
fiE PR R A
4.4.2 Fusion &Ik

TR, AT R PR E R B I A B A O Sy A Al A AN ]

SISO TN ol S G SN Eu)

W 4.5 Ps, BEATHU S A2 BB RE2 ) AR R — 24 H 1 SR B ARAAE A
€ RO W L S i A RRIEREA T 42 J5 -3 i1k, (Global averagepooling, GAP)
QLB KRS I R RS BARAAE A TR AEHE S (Concat) |, Z JEHFHHIA—
NERZE, e RSB RE B #1 C, Hd{B, C} RV [l 55
MEEHJH%EE (Reshape) S RONAUN, Hot N=HxW, ALERMHEMZH T E
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WA, f)m, AT C A B B E I TRIFERIR, IR H—> Softmax
PRBOUE R TSR, Softmax MU R A=0@. 1) iR

 exp(Bi x Cy)
STy @.1)

XL Sji 2N TR § A AIEXSE § A AIE R PO B T A )
HIRAIEZN BN Z TR A R HIAR A

clinical clinical

ﬁ' Ji—l | fushion |— J—>| P —|
CNN . ONN

PET ar Y —
CNN CNN CNN 5
> — . > > .)@7
D Bk >@ Block4 | O I .

_—

Block1 Block2 "
CT : \; =
u L skip skip

. skip - 5
e CNN1 CNN2 CNN3
64 X 64 x 64 .
GAP (PET)
«—— Dense2 <—— Dense 16 <— COHCE‘[ D
GAP (CT)

4.4 REF2ESIHEA

W5, F Softmax FrisFrfi il A B AZIGRUZ T, B — I HiIFHEE D
ERCHW JEKFH: Reshape 4 RN, AR5, FATH D Ml S HEE BV THIEARIX,
H 45 Reshape 2 REH*W, DL Reshape #:/E 8k T @SS 3. 5,
AT A ATSRARAE, S 2545 EER MV AT I A 2K (4.2)
FT 7R

N
E; = Z(sz’Di) + 4; (4.2)

1=1

WAS (42) T, SABAIFIOIFE B RFHRIHE, FIRE
BSHEASAERTIVBURL. PR, S — 2RI, R 2R
FEF PO A 1T SC, ARG SCAFAESTIL T AT ROMERE, MTTTEIA T 2P0y —
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BRI LS.

BNk, SR DA AN Fks B0 R A s A PR b2 ST B B e G A
MM, IR TSSO AR AR, RN aie, TRBERA Bic. W
AN FRIEEITA S AN i o B 2 EGIPL (MLP) | 53k
ARE3)FIR:

Fj .= Fic+ Bic (4.3)

DA BB, ST — 2 BE R A TR, A EE TR S A,
LT =X R S I RFFIE R A, H 2 RAFRY BN S e, B2
BEXT A SCEAE RN E 0 2t S 1 1) BEAE A5 2 S OB B T BBy )24k, TRl B,
e R RN R A (fusion) AU RIBR T AR S2 B/ CNN w0 m] DAE
FAT 25l CNN 4T RARRAE 5 IR EERRAE R R A5

W

1X1X1 conv, 16

\‘( batch norm,relu

global average pooling

W
clinical —_— Concat

| batch norm,relu
W

3 conv, 8

A batch norm,relu

. 3conv, 16

Pt s S
1 conv, 16 I conv, 16

e =

e

&

batch norm J/ softmax

o ~

I conv, l6

J/ batch norm

J relu

1X1X1 conv, 32

|

global average pooling

PR
e —

1/2GAP  12GAP <——

EP ® :matmul

( ) :multiply

B 4.5 HEBAEGHENHERBALH
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45 KRR PR SHIRE
4.5.1 RKHEL
AT TR 0 N AR A B AR BE2E ST 4, TR IR I 2062 T I R
T L A B Hh PR 2R 45 9 NSCLC AR EGFR 5 [R]85 BRI 45 A R B S A
%, EEHEFRLEINGRAINER, PRI 20 3 25 eR 5OR M BN 2 b 190 2 1) )11 2
R, T ARSCR AN, AEEE N —AHACURH 2 (Binary Cross Entropy
Loss) ER#isk ph%k.

ASEE T HE ) I AR 3 3o T R R A 4L AR NSCLC [EE 1
PET/CT EURE A2/ 5842 5 L BINME. B TIEM 45 i 5 — 2 40t T Softmax
WS R AU, AR BIMEUER R — M ST B 1 TR — 4 &, B
HFEE X NSCLC i35 EGFR R 2872 [P FHPE R 5000 7T REPEARR . 85
115 NSCLC 35 ekl <4 EGFR 3 H S FOLIHE (FR2E(Hh 0) F

e (BREEAE R 1) FREEIEAT A SO R BT AL, TR R (. A A
PR R EOTH L 22 5K (4.4):

Loss = — ) yilogp; (4.4)

Horp, y FoRG G M 45 15 i L T H 5 A NSCLC 5 it vl o X Ik

PET/CT EMS IR T 255, 1 TR 24 Softmax 37 A A5 1) — 4k 1] &

BANTCENITS, p FoR—dEnEdEs i DIcE AT R,
4.52 MESHIRE

AT T R PET/CT B8 7 AR B T 2 v, F43 3] 51l R
FHEAHRLS, IR Rt T 4 5 3githik (Global Average Pooling, GAP) J&5
[ S FE TR RS (Concat) |, B f5 DAREFE SR 7 0 5 SR 22 FRAE A i
TEZ T Softmax JUE PREUE LG, 53] —24H M3 NSCLC /£ EGFR £ [F 5847 [H
PES B R TN AT RE AR R B —ZE it R R IR R SR AR O (B AEARAER 0,
GARKRA N 1) HENRAZ ISR, A SRk (Cross Entrophy Loss)
WHEAK (loss) fH, TR loss (EI I fLHk, MU M & 2B SAL,
WAL loss (A, EH RIS, ML EIEYIZE 100 % (Epochs) , FRAFKIIELE
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loss {Ef/N—5e B S EAE RIS R S50, IR A% R B9tk KN (Batch size)
h 16, HiAb e SGD MEELAAS (Bhi(E R 0.5, 2= FKU/NR 104) . A
TR SRR 4.2,

F42 MNHBESH

flifb#% (Optimizer) SGD
2¢>] 3% (Learning-Rate) 0.0001
i (Momentum) 0.5
HE K/ (Batch-Size) 16
¥4 (Epoch) 100

4.6 1l 2R R B

AR EESLI RF HT A SUBIE Y A X AT . 1 SRR LM T
YIR143 A 10 AN EARIA BRI T4, 4 9 A THe4 I eI 4Em (8
DTG, | ATERIF) |, B FH—D T4 MR AR, R
RITIE, T BRI R R T A AT RO — R R ) TR 4E), 185k
R MIREER, 25 H R+ MRS R, (TR SR 5 o
LI ERL . FLRYIE v 4.6 %, PP LOARIE A A, A
RS R, HA IR,

H9n 3 4 5 6 7 8 9 10
5T 1 4 5 6 7 8 9 10
=4 1 2 5 6 7 8 9 10
EIE S 1 2 3 [ 4] 5 ] 6 8 9 10
T 1 2 3 4 [ 5] 6 | 7 8 9 10
e 1 2 3 4 56 [ 7 | s 9 10
LA 1 2 3 4 5 6 [ 7 [ 8 ] 9 10
wAS 1 B 3 4 5 6 7 10
pIRIEE 1 2 3 4 5 6 7 8
BT 2 3 4 5 6 7 8 9

B 4.6 THRZLEUE
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4.7 LG ER ST

4.7.1 SRR

A SC S T RS 13535 8. NVIDIA GeForce GTX 3080Ti 2%, %437
BiA: Linux18.04 #EEZRSE, Python ii4sk 3.8.8, CUDA HiiAN 11.4, Fr
JE2EIHEGE R Tensorflow 2.4.1 MiA, HARSIIGIREEANZE 4.3 FiR,

K43 LTRINE

GPU: NVIDIA GeForce GTX 3080T1
YN CPU: Inter Core 19-10900K CPU@3.7GHz X 20
Wi 32GB
PEVEARSE: Linux18.04
CUDA: 114
LIQLSTS
Python: 3.8.8

VREZEHEZE: tensorflow 2.4.1

4.7.2 TN EIR
25 3CH T B AR PR AN P AR 2 A ROC IR R (AUC) | HERf%
(Accuracy) . F[% (Recall) . ¥5Hi% (Precision) . F1{H (F1 score) T.f},
AT A TR 4
(1) ROC & FmA (AUC)

AUCHFZHTIEN A E0 TIE . (RRARIIEERIGE )], EfE L ROC
28 T 5 AR AR R A TR . ROC |l Zk il oA £ IE 638 (false postive rate, FPR)
RS BE, AR SRR TN ) 1E i) v S s 7 S BT o S SE B Fe B, RN A
X (4.5) Frws YR EIEISE (true postive rate, TPR) REUE, (LR A57
T 1 (51 R S B T BT S IE BRI EL B, SHEDF R AR (4.6) FIR.

FP

FPR— — %
R=5prTN (45)
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TP
TPR= ———
R=F7p T FN (4.6)

(2) HERGR (Accuracy) . HH]%E (Recall) . ¥5Hi% (Precision) . F1 {H (F1 score)
HERR A ) T I IR B A A BOR B R E 2, TREOTA I AN (4.7)
fss BRIRFLENTESRmWER, EEAZ D EN NIER, HEINE
MR (4.8) Frs Ko 32 M TR w03 9 1E B 7 1) 52 B S I B RY B
B, RITEIN A (4.9) Frons F1E I REEOR T ORI ] R ) — R AP,
BRI R A (4.10) Fiow.

4 B TP +TN
Couracy = " p T TN+ FP + FN (4.7)
TP
Recall = m—m (48)
Preision — TP
Tectsion = TP + FP (49)

Flscore — 2 x Precziszion X Recall (4.10)
Precision + Recall

PA B TP FRIRRFIEFEATER /0 RN G TN R e A IER 432810
NG FP R FFIEREAR RN NEG FN SRR AREAS 73 BRI 4L
413 R G T ER LR E RS

(1) Ik ARA
A4 NIn RSP R SRR AR, I REAUR IS . 2SN
SE AR 26 AN RFFAE BN, FE R A FRAE 4 51 8 AdaBoost . Gussian |
LogistRegression % 8 fi/r JegnifF 17500, AUC {H> M 0.738 @ Ll 45 R, 2
H1 RandomForest J7VAUEAT /0 2K iri; AUC 24 0.727 R4 R, 2 XGB J7
BAE o R s, RIS, BRMHZ  (Precision) mALEER (0.672) N
GradientBoosting /£ N 7+ K 2 i3 2 4, HR WM ISR ERE N
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RandomForest 43 2Eg8 rf5:  (Recall=0.735, Accuracy=0.714, F1 score=0.667) |

K44 ERRERLEER

model Precision Recall Accuracy AUC F1 score
AdaBoost 0.539 0.610 0.591 0.598 0.573
LogistRegression 0.519 0.549 0.521 0.649 0.534
Gussian 0.511 0.534 0.5 0.652 0.522
SVM 0.592 0.503 0.629 0.679 0.548
GradientBoosting 0.672 0.521 0.598 0.690 0.587
K Neighbors 0.527 0.573 0.690 0.693 0.549
XGB 0.596 0.700 0.707 0.727 0.644
RandomForest 0.610 0.735 0.714 0.738 0.667

(2) SHBAHFHT

RAS HFGHAFHEA TR WELREER. LRAHAFEA G LA
Pyradiomics ZHi BG4 4E, 718 B RandomForest 7 VA THFIEIERE,
AT 12 M BRAFFHEE B RS, FERIH 8 FhASIR] 1) 43 s A T3L
SR, FHrb, B RandomForest fER73258, IS Siinsi Rt (AUC=0.747) .
HAWNER, S5 RERHEC IS, B Precision [ 5 L 45 R K
GradientBoosting 43 258 Frfs (0.687) , H 4 A RandomForest 4323¢8 iT1s: .
AUC HIYKMEAR N XGB AR5 2845155, 5 0.733. [FIN, it 5k 4.4
Jt Je s i R ASE AL 1) S B 5 SR LU T DA IR, PR L2 BB LU I R ABE A, [
AdaBoost fil SVM 1ER43285 ) AUC . LogistRegression #1 SVM 1E R4 e
[ Precision {H Al K Neighbors /£ K424 1 Accuracy [HISH N2 A, Hops
DEITHAREI AP TR B A Tt n] DU, BRSO RS,
FUBSI IR, S5 2L R 2 B DL RS 40 S8 4 Tt 1
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£45 BHRAFEIKLREER

model Precision Recall Accuracy AUC F1 score
AdaBoost 0.541 0.635 0.674 0.587 | 0.584
LogistRegression 0.507 | 0.600 0.556 0.661 0.549
Gussian 0.524 0.558 0.528 0.667 0.541
SVM 0.563 | 0.607 0.579 0.675 | 0.584
GradientBoosting 0.687 0.634 0.636 0.704 0.659
K Neighbors 0.556 0.694 0.678 | 0.710 0.618
XGB 0.622 0.725 0.712 0.733 0.670
RandomForest 0.638 0.741 0.729 0.747 0.686

3) A

]:I

% 4.6 NEABBUTIFIIREE AR, BIEIEFIH 26 AN RFEHAE AR S Y 12
AR 2E RN Y IR AP R 2 R AT 40 28, 4155
AUC LR 0.759, [AHE2 /] RandomForest 43288545 21Y; HIKZE SVM
Ay AR 0.741 1 AUC {H. [FHF, H RandomForest 43252815 Ff%) Accuracy .
Recall Fl F1_score R4S IR, 5 T H A 53245, (B LR Precision 458 B Gradient
Boosting /215, 4558 0.693, HK & RandomForest JiTf5, 4554 0.679,
WA T I i S B 45 2R

X 4.4 BT RE R B RASAIZE 4.5 B /R A SEAG 2 AR St 25 3
56 T IR FFAE RN AR L2 R 2 5 I 25 A BB 45 VR 48 B R BLAE &40 26
P EECAERTE . Hop SR E AUC ik F 0759, & T A0 I R

(AUC=0.738) FlIIAGHERAL (AUC=0.747) . AT DATRE, llm RAFAIE
MBI F RIS, AR HE AT NSCLC M35 EGFR J R 2828 (1) il
M RE

K46 ZORBLHER

model Precision Recall Accuracy AUC F1 score

AdaBoost 0.543 0.644 0.683 0.627 0.589
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%% 4.6
LogistRegression 0.545 0.629 0.559 0.673 0.584
Gussian 0.590 0.678 0.700 0.682 0.631
SVM 0.624 0.737 0.719 0.741 0.676
GradientBoosting 0.693 0.640 0.682 0.711 0.665
K Neighbors 0.575 0.719 0.696 0.723 0.639
XGB 0.649 0.732 0.721 0.736 0.688
RandomForest 0.679 0.751 0.733 0.759 0.713

4.7.4 REZ ) HRSLIE
1) SEEE
SR IR UE A ST PR B 2% S B v R B 2 ) SRR AIE 55 I RARFAE 17 il A A
Bl RAFFAE AN AR L 2R AR 0 20, AR Bt AR B 2 ST AT A T T T 5
5,
) RIS SRR S I RAFAE AY il
BEXP A B AR IR B 2 IR, AR SO BB ARG vk, SRR
PET/CT EUG IR E 4 > ARG R AT TRl G . A TR & i n A
ROVE, AT TEERTRLA T R BTH R SE S, S A hE A T pVE R AL
GO HPR KRG T, BRI ETE. ERMESEESE Ik,
REFEET B ES  (Concat) . WK 4.7 Fs, TEM %N 4R
HRA5 B B R FFIE 5 PET/CT B TR BE 2% > FRIE Concat 4031, fe)5 4t
Softmax % BREL, 153 NSCLC B 1) EGFR B R 58RI Tl 45 5% .
) I R A R
RIS UEINE RAFAE B KT R AL ST0 68 T A 52 MR, AN HEAT T PRASFAIE T
RS, AU IR T IR 2E R S I R A IE R 45 A, a7 PR e
AR, BRI AR A A 4.8 Fis .
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o
PET ; .
CNN . CNN .o . CNN .| CNN —s| ONN || .
Block1 Block2 Block3 Block4 | Block5
cT
convolution J . convolution J convolution J
1 2 3
64 x 64 x 64
GAP (PET)
<—— Dense2 <«— (X)<— Dense32 <— Dense64 <— ConcatI <
T T Concat GAP (CT)
B 4.7 BELEFERE
o
PET ‘
CNN ., OCNN _,m_ ., CNN —P— CNN _| CNN fan
Block1 Block2 Block3 Block4 | Block5
CT
convolution . convolution convolution
1 2 3
64 x 64 = 64
GAP (PET)
- |

<—— Dense 2 <—®<— Dense 64 <«— ConcalI

T GAP (CT)

E 4.8  BRAIEIRIFAE

3) RAFRHERA R

N T UEW] PET/CT BRI 22 > RAE P A B A 22 R A XA A 13 00
TIHINER, AT T B AR T BRI, R R 24 3 R A AR
MREATR S, HARTO IR, BRI 4.9 Bk,

(2) Z5HR 5T

AT R TR I R HH RSB FIr i 45 2R . SRR DA 8:1:1 R Ak
SR INGRAE . BRI A, A 10 PrA SRR A TN, A g
PR AR SR AR AT BT A EE X NSCLC S35 1 EGFR R 58748 F 00 14
fE(AUC=0.865),
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N En ~EE- @
PET C CNN CNN
NN CNN CNN fan)
— — — — —>@
Block1 Block2 @ Block3 @ Block4 | Block5 N~
v
CT = :
convolution | . convolution _| convolution |
1 2 3
64 x 64 x 64
GAP (PET)
<«—— Dense2 <— Dense16 <«— COHCE‘I <
GAP (CT)

B 4.9 BOBREAFKFE

WAL SR S5 R B AT AT DA AR =518 55—, AR IR &y
AR O 53 (AUC=0.85 1) I i i T AL G FFIEHES  (Concat) J7 VAT
HRENER (AUC=0.784) 55, IERFFAERY 6 0B AL R T PEREE B T —
SEMIRTIRCR, ZEIGIRFHMESS, AUC {EFE 2 0.848; 2F =, QAR ENAE
—EFEE R TR BUNERE, AR AR, BB AUC fHH
0.851 #2751 0.865, JE I AL IR 45 AT ] DA IR, XA BS T i 77 4 T A
RIERSy 72 PET/CT EUG TR ) FHIE- 5 I RFFE R R AT, TR T A 42
H R L 45 A Zh S 05 SR e Rl 53, BERS SE AT R A IR S YRR AR
PAIS BT BN GE ) EH . e DR ILE 1, SRRSO EE KRS
NSCLC % EGFR B A ZRAM RHE R, FIHXA FBZESE B R IZ I8 A T
HEZ, HBHEKX.

47 WHERER

model Precision  Recall Accuracy @ AUC  F1 _score
PET + CT + clinical
0.652 0.714 0.688 0.784 0.682
(Concat)
PET + CT + clinical
. 0.700 0.725 0.738 0.851 0.712
(Fusion)
PET + CT + Radiomics 0.692 0.713 0.742 0.848 0.694
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g 47

PET + CT + clinical + Radiomics
(Ours)

0.748 0.700 0.797 0.865 0.723

4.7.5 REZ I XTELLL8
(1) S

SRR AR SCHRE H R B 2 ST A L 6 NSCLC 35 EGFR i H 2848 1 0 ffF
TR RAFERE, AT TSR, XTSI A AN ST, KA
SCHTE A CT 5)8)2 CT /B RARALR 4 A BEF TSR IR 45 Rt e, 1R
CT EAREIHE CT B4R A RE: B, KAt R 50 k%
AR BT R RL AT R L, IERHAS SO S A B R AR B AS RIS Y Tt
HERE.
1) AEZE CT fxf et

A SR B L S RO [ BB CT, 43 %22 CT (1.25mm) Al
JEZ CT (3.75mm) , HH2 CT HIEZ CT HAMM. KT U EZ CT #:
YRR, A SCEEREAN R R EER) CT A A i A AT TR SET, Ak
B A,  HORSEIR PR R SO BRI A A A
2) SE-ResNet 57

AR T HEAR), AR ES B NSCLC &35 EGFR B 5748
(B AR5 SR A TR SR

SE-ResNetl3 /2 T & 2 1 F IR FE 2 I BB TN NSCLC /&5 1 EGFR £ [F
AL LI A, O R E SR AR A 4.10 FoR. EPFREL T
At A ANERHE TR IR B2 ST R (SE-ResNet) | 43 %I/ SECT FI SEPET #%
Pe, BARBIRGEH LA 4.1, P ] PET FEEFN CT BIG AT Mk At
T NSCLC /3 EGFR ER A8 15, #5 /5K SECT Al SEPET {14 %i A ik AH
ghity, JEH SYM IPAME oy s, SRR A TSR,
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Base model (SE ) train and test

Meta-classifier (SVM) Multi-modality
train and test

Single-modality

" ’fﬁpr
| 7
il 'j{

2 P
£ = || Training dataset
= =

B 4.10 EALBRE

(2) SEEZEAAHT

1) )2 CT 582 CT X} H L5645 o0

48 HZE CT 582 CT WXL g R, thk 4.8 WTLAEH, 1#)Z
CT 1 R AT 1) AUC {H2) 0.865, fliHIJE)Z CT 11 i A3/ AUC fE8
0.800, [A]I i )= CT MEJZ CT R4 ATGRIRY AUC{EN 0.733, SEinss
VERH, AHICERE CT s, W2 CT 78 NSCLC 1 EGFR J R 2875 1 7 I 4
F5 U AR AR TN AR, HEE AR R TR CT MU E TR
CT Fifia R e B, A IR AR CT P 215
B I EE CT SR AR EME . [, 2542 CT FIEZ CT,
AR BERSBAH EAFBIVER, SR LI EEAULT 2 I A #)Z CT FMJEZ CT
MR g R, PR FARIR TR R CT Z =R, SEMA Tk
FIHAHHMEE.
2) SE-ResNet [ 25 S2H6 485 570 My

4.9 /R T 5 SE-ResNet S LLE AR, LIRS R IR, At
B E) T 0.865 /Y AUC {E, W= T SE-ResNet 7R SCHUE B B 1K 2 HY 52
IHEER (AUC=0.793) ., [AI, 2534t iR A0 7E Precision . Recall . Accuracy .
F1_score S HANIE M HEr _EIUAS T EOLH SEgR 4528, IEW] 7 4H I SE-ResNet F524Y,
AR SR AR AR NSCLC 3% EGFR 5 H 5878 (1 AT 45 vh 58 LA 2k
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J

Input

BN-Leaky ReLU f 3x3 Conv | 64x64x16

''| 3x3 Conv BN-Leaky ReLU-Maxpool
1 BN-Leaky ReLU'

3x3 Conv

! BN-Leaky_ReLU o
""""""""""" Module %3 | 32x32x128

' x3 | 32x32x128

w
o
=
a
a
& F

Modul

w
ol
=
2

Z

Maxpool

wr
m
-~
g
>
&

Module %3 | 16x16%256

(%]
m
~
&
@
Z
o

Module %3 | 16x16x256

S ]|

,,,,,,,,,,,, Global Average
Pooling 1x1x256
Scale
\—>® FC 256
Leaky ReLU
[0] Softmax

f

QOutput

& 4.11 SE-ResNet 8%l

F48 WZE CTHEE CT XM HLHLR

model Precision  Recall ~Accuracy @ AUC  F1 _score
JE)Z CT 0.742 0.651 0.667 0.800 0.693
W2 CT 0.748 0.700 0.797 0.865 0.723
HZ CTHE)Z CT 0.721 0.614 0.642 0.733 0.663

# 4.9 SE-ResNet X WL %5 R

model Precision  Recall ~Accuracy @ AUC  F1 _score
SE-ResNet 0.712 0.629 0.651 0.793 0.668
Ours 0.748 0.700 0.797 0.865 0.723
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4.8 NE /ML

AR B SRS R 25 > )7 N NSCLC HUE Y EGFR B8 A0RAS . 25
AL T DA ResNet [ 28 /B8 321 DAYE R ) WL 45 & sh 05 5 28 A E 4T
PET/CT EUG M IRIE S I FFIE SRR R &, O AR Em & T4
SRHERIREE S I, A SR AR AUC {HAH] 0.865,

AFERT TR S R AT TR, IR TS AR AR L I R RE A A
T TR PR A VR A R TR AL TN RE g . Rl EE T T RS, K
ANIFEVZIER CT VEABALR AT TXF I, I 5 O RS XA Ao A ALt
FTTREE. RS RIRSLIE R, %—, W2 CT (1.25mm) R HE
JZ CT (3.75mm) A F|TRIAGG B EEF R TINEE R, B, AL NHRE
SR AR CA TR, BBIS AT NSCLC &1 EGFR AR 2878
RUFEA TN,

ATEW AT TIREE S R GGG RN LS . A58 ik B Tl R A
B AR LE SRR NSCLC Y EGFR J: [ S ARRS BT . 11
PRAGZ = 2802 B Y 26 DI IRFHE, 2R ALY Y2 453 Pyradiomics
Bl A5 OT i RandomForest Jy VAT G 1Y 12 DB AIZERHME, SR GHIALE N
FIHTHE G 12 AR AARFAER 26 AN ARERAE . S15%F =AM [ A A 1
& SVM. XGB. RandomForest %4E N1 8 F /- KR T600, AL T4
AR TN ORGSR | (E 2 A28 RE A% BUAS R U PP g ol P s PG
BB G R A R TN SR . W SR G R AT HE— 2D A AT LA B, T8
JE2E S RIS B A SR 45 R (AUC=0.865) it AR (AUC=0.738) .
AR H AR (AUC=0.747) FILE &R (AUC=0.759)
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5 &2FHEE PET/CT £ 5 FHIE/ M AHTE EGFR EE X

LA T

AR VY FE TR IR B2 > I 2%, BARERRT NSCLC 1) EGFR 5 [H 288 1)
WA SIS T8 A G AL SE B 45 R, (TG R E SRR 2 28 DU th
TR BE 27 o] I 25 A RO T KA e B 2, 75 28 B I R BE A S A S Bl A
LT AR R Bk X I, TT7E EGFR 5 PR 5878 9 K% AX 22 165 2 AFUs ) Al 6
WHgEr, REHCE O MERASRAS B K E A LT3y ik A B . Rt
TR T RIS AL D) 5 30350 NSCLC 1) EGFR £ R 58815 5L 75
. R PET/CT W8 i 55 8 PR RIS (A 55 R E IR ST B R,
fifiJl MobileNet 25V IR 2% SR8 -/ 2%, Y2k A 3% NSCLC B35 1)
EGFR [ 28 ARARASHEA T HI0I0 0 0 28 A8, Sl R R A AT e 2 3 ek X3 17
LT P EGFR S5t R 98748 F i v 7]
51 KEHENR

SCYS AR AR AN 5.1 B, O T IR BRI R A e 2 S A B
RFE, ASTE3E B I IR B RO I3 RO VIR S BB A
SCGHT MobileNet 45 F8 T 40 2AR0RY, Sy 1o 00 45 B 6 355 W AFF X B, S
AR N DO L) SRS VR . AL i 2 B RN 5.1 -

S—, MIEE A DU 43 Y MobileNet YREE 3] (4%, I 4553 iab 31
JG ) PET/CT WG 5 R %8 LB I 5 P 20 i M R TR 2 ST AR DY A o 2%
ST, B S AR 45 55, A BRI 4 S G R e
> ) 28 Ak B e ) 1 ) 2 0 42 JRp -2 Ak )22 (Global Average Pooling, GAP)/E
YA —HE s R RO —4E 1] SRR E A TRAEHE S (Concat) 5 5=, ¥F
FAEHES JE A 45 R A\ M 48 (FC) #EATIR4E)S, 4 Softmax JiF
MEEL, 53| —2HAtFE NSCLC i3 EGFR 3 [ 2825 B 55 PHM: 500 A 22 1 — 4 1)
I SRPY, CREETAS BN 4 SRR R B BE (AR 0.5 AN ISE) AT
X5y, BURTZBUER A A4 T R4, /INTZBIER AR KA 57, 15514
PR e EGFR B H S8R A I 4528
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PET Max Feature Extractor Feature Fusion Output
N
PET Mean
——> 0
GAP Softmax
CT Max —_— H > —> {— [ —r— | P(Y/N)

MobileNet FC_128 FC_64 FC_32 FC2

CT Mean
' i / Concat

B 51 BARLKRE

5.2 FAETRALTE

N Ty B S VU TR SL I HEA TR L, ASEE B SR 4R AN R EGFR
RIS AR I L bR 45 e 5 S DU B BTG AR ], BDAS SCEE =B MR I NS . A EE
JIT 688 P P T 5k R TG 75 1 A ) i X3, (EL ST 1 DA R 28 BB R R (%5
FEROEVE N M AU 2B, B, S0 G R B R 4R 1) PET/CT &5k
YA T AL T, DACE BURF G IR 2 S BB A 459 PET/CT BRI ok 4%
THISER R . TEAABPRR: (1) N TREREMARE, EamE
BFW LG PET/CT EHE S TIH— AL FE . Jokf PET BBkl SUV EIfR, Bl
J& i | Min-Max Normalization [¥) 7 3% PET/CT EUR#EATIH—1k, HEJZIHE%:
FREZ B RYEAENR;  (2) ARPEE PR 2 JERT LS e, J2/88 1.25mm
M2 CT M LLZER 3.75mm 1YJE)ZE CT MBI R A, BERS IS 3 4 Y
WZER. Hig, ABEEHHE CTEN A, FRHH—58 PET/CT EIR Lk
i, EREARE R4S PET/CT BR RS —3] CT 2 343 X 512 % 512, PET
263 x192x 192 K/ (3) M ZEME G IS S AR e R,  HE TR (R
RS AR RO AL B, PRSP IR ILIE 5.2,
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PET R E ERE

PET H{ERFEIGF

PET Elf project .
 —

CT RABERF

CT AR ERE

2

B 52 FAEFAESRE

5.3 MobileNet 4§

4 Alex BIAUHBUS, BRUMLMALERG 2. BGE . By
TS 1) R . AR R 28 I 48/ 2 S B 7 ) 370 v T A 1 o P R o
RO ZR A I R A, AR AH E S R R BB 58, (ELRE %I
JiE2 5] W SRR, RIS T S R IRMEAIT. B, et
2

PRI, R R M AR AR E 1 O N IR SR I R RE R I, EAH EE TR
WRE2E M, TSR S A BR W S ALr, B A TR e
BT 25 255578 325345 SqueezeNet., MobileNet, ShuffleNet 25,
ASTE T ) e A T 22 I 268 B3 42 MobileNet [ 4% , MobileNetl¢2l631(64]
1) 7 4545 2 MobileNet VI K& H 2 #EA5i 41 MobileNet V2 Il MobileNet V3 & )2 i
Google 2140 T 2017, 2018 12019 44 . MobileNet M 2% 14 5= ZLA1 38 SiFE
TR 7 EZ (depthwise separable convolution) fUEFELEH PRI
BALAY A R 45 . & 5.3 R TR s s ny Mg, FEBREEH
(depthwise separable convolution) HIxifEFH (pointwise convolution) ZHA%, I
HEVEERE,
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3 x 3 DConv

N
1x1 PConv J

DConv: SREEHR

& 5.3 MobileNet 4520 bt

Kl 5.4 R TIRE N 2 BB BAE G BRI, 1B 54 (a) o (b) . (c)
AR TG, REERRER, KRG AR 45 A N IR
e REGIE SerE s AE BV — e R, R
EHAMN 1 x 1 BB RSB hE R ARk . Kb, REGSRS

(&

&

R ND x Dy x M, fGRINSHEN M x N, FHRER 7GRS N
Dy x Dy x M + M x N; MHELGERINSLED, x Dy x M x N, REn[ 7
B HRENS A ROt I BT R IR,

GG

— N —

a) E5R5EM
1
DK
DK — M —
b) REEIR
1
1 — N —
c) RER

B 54 EREBERESHEETEEREX G
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5.4 RERHME MK SHIRE

5.4.1 #5155 BR 30 R Il 2R SR

AT HEITME, fH H3 R (Binary Cross Entrophy Loss) 1
NIRR R FERBUT T RIS, DA 8:1:1 1 FL BBl E 21 4>
ULIEZ S Tt S SR
542 MESHIRE

ARTERY M 2R 3L ISR 100 %8 (Epochs) | PRAFIGUEAR I R fEL IR AR — 42
SR TR, IR ABIRRH N 32, A F L SGD #6 1
PLfbds (BN 0.5, 2EIF RN 10%) . BEMBSHIE 5.1,

#51 ThELEMESHNE

flifess (Optimizer) SGD
#:>]# (Learning-Rate) 0.0001
#h&E (Momentum) 0.5
K/ (Batch-Size) 32
f%t (Epoch) 100

5.5 SRR
5.5.1 LIS IS 5iE MR TR

AFER TR GBI — B0, TR, A S 5 Y E A
Al SEHPAEE, EANSEIR IR 4d I 4.7.1 51 4.7.2 75,

T AT ST SR U EA R, #fd N 77T NSCLC &5y EGFR EL R 5878
AT, DR S S8 PO AR R R PR 1A, 322847 ROC #iZ N IEFR (AUC)
TERGIR (Accuracy) . AR (Recall) . F§#fi2% (Precision) I F1{H (F1_score),
5.5.2 iHEL KL

) SEERE

KT 2B RS TN K IR TR B 2 2] I 48 75 NSCLC (835 11) EGFR
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BRI GARMROR, ASTEXF I th A TR B2 S BAEA T TN Ml SE s, BARERIT AR
5 PR RN B BEBOE 1 i AT Y0 SR IR S5 R 5 MR A0 It i AT T =AM
ASEE, 3l

1) Bk PET/CT 5% 1% A7 2O L0 PERE R 5200, A B Se ki ok
R SR R o R Y 4 5 PET/CT 1) 3D IR AT T X HL 5558,
DI UEFS 32 5 VO T B s, AR AR RN K AR U

2) B UE SR R A AL EN M B R . B TR SRR A T
PET/CT EG ) KRB RS, AU B RO VR TR B S B ALY
NGNS, HARER AR KA, DATSHIE S5 K% BE B WA A TR0 58 7 17
S

3) BiEIE R BB X LA R, 5 = ME RIS K4 T PET/CT
BRI IE R B, AU o BEBOEAE R IR 2 ST R A, BB
REBIIAN KL, DAUER SB35 B2 $ s X 0 B8 i

PAE =AML, AARSRIRE R ANE 5.2 B,
(2) S5RAHT

WRAER 52 W AFE I, M T BF W4 5 PET/CT B4R 3D i A TS 21
0.613 {1 AUC {H, AT By mo RS BEBGE IR B 25 A I A TR,
EIXTASSCITRF SR IR, REASAS B AP B SS L, AUC {Hi5%] 0.730, [F]H,
IR R 5 RIS 2% 50 S AR R 1) 10 0 R P R A 5 i, A8 P 5 K 288
JEBGZAREN AUC {H2 0.698, Ul AR ZE B2 15 5] AUC {H2H 0.686, [F]
IS S5 R B B A Y, AR AUC {353 0.730, ZGREAR
BEAS 55 ) T s AR ) i o X Bl 4% G0 T 7 VA TR 45

#52 WAGTANHBMLE

model Precision Recall Accuracy AUC F1 score
45 3D 0.562 0.554 0.567 0.613 0.558
IR R 0.669 0.627 0.669 0.698 0.647
Sl e 7 0.631 0.586 0.592 0.686 0.608
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g 5.2

SN s ARl e 0.684 0.742 0.700 0.730 0.712

5.5.3 xfEb L0

R T INEAN [R] R B 2 > ) 2 RASE R T 8 g A 52 ), A7 (s FH = b AR
FIBCREEE I 2% 735172 VGG, ResNet £l DenseNet W45, K — iz Ry i
7 Mz, B ShuffleNet [M%%, ST I RS YEST 10 EESEEG . AN S8R
R > B HER, HARER I A K AR, X HU SR BT SE i 45 R ke
5.3 FlR.

53 ARTEFE PSR LR

model Precision Recall Accuracy AUC F1 score

ResNet 0.572 0.529 0.556 0.589 0.550
DenseNet 0.591 0.613 0.588 0.594 0.602

VGG 0.603 0.598 0.591 0.644 0.600
ShuffleNet 0.667 0.634 0.674 0.717 0.650
MobileNet 0.684 0.742 0.700 0.730 0.712

MR 5.3 s sLai Rl AR, BRI 200 T/ NIAREEE SRy 7
HAT—E A RO . S256 B A R R GR 2 27 ) I 46 HEZE ResNet, DenseNet
VGG W%, TEAFHISEI T, A BIEUE T 0.589. 0.594 F1 0.644 1) AUC {4,
T 4% 54 N 45 HE SR ShuffleNet F11 MobileNet fit) AUC (B3 31355 7 0.717 F10.730,
MBI AR, TE/ NIRRT R T, AHECRIUBIR IR 7~ M8 HE 2, A
R SCHIESS, BRI SR TTINRCR A BRI A, HAREFairtd
IR TR G 2% ) TN PR R USRS T A AR B 2 ) M 28 A B RGP
R,
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5.6 RE NG

AT B TOTR AR PR E ) 1 &0 T S22 NSCLC 1) EGFR AL %8
ASRITIIN . BOE, XIECRAEIEAT TR, % PET/CT BGHTIH—1k, IR
AT BT ) B K R A (S TR 5, FIASTE T th A TR 2
ST SE e, S ol T B 1 SR 0 R 86 P B 1A X 45
BN, DRI I HESLE A% R 09 4% MobileNet, G eR 55 (i H Softmax 7% o
B AR R A A U5 2% - (Binary Cross Entropy Loss) 5 25 =, #1771
RHSC ARl A S, B T VR IR i AT SR B 5 R 5 4%
WA, SRR AT 1R S 4 R 2 6 S 9 4 B PET/CT 14 3D
B ) 45 A SCIR 2, I BPTRHE IS &, (SC e A TR
PRTRs EIU, PETA HOSCE . AREDE S A IR S R RS L, TE T R
0 AR A SCRIAT: 55715 55 T SR USSR SR A R . 3 FH R R MBI 13 1 45
B S BAF R BIECR, 2 VGG MZS5]i) AUC H, $70.644, iz
2% ShuffleNet 11 MobileNet, 43 SIAEZAT 55 453 7 0.717 K1 0.730 By AUC {H,
P S T P B U R 32 5T O 2%, LA 51 ) T I A 20 I g R Ik 5
R LH 2R BT ) U A . AR AR 2 4R B0 LS i ot
T IEHE T A AR A IR 19 S5 NSCLC S 1) EGFR LR 548 1 0L 1Y
[ 24 AR LA IR BT T R IR )
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6 SESRE
6.1 B4k

ARSI BN A ET NSCLC i3 PET/CT K411 EGFR H:[H 548 1
T, W EE S RSB B, 55— BOR R R A i) ik DX R A T
NSCLC 3 EGFR R AT A 73, ikt XIECh NSCLC 5 1) )7 A& 98,
RAPM IR B BEA IR AL A I S5 R . B IR I AL, e
NSCLC /&% PET/CT KB ATR - I FRAE 52 B A A AR AIm RAFALE, X NSCLC
B3 EGFR B R AR LA T . 265 Wy BoR 0T B AR 4R b0 1 X by 1
BNRIREE A BTk, T A A AL D B G T, H B AR 436 7K -
BEOREE, RECE LA K I R A EOR . BRI, ASCOUR T O EE
A FR AT A IR 0 [ S 75 5051 T NSCLC f EGFR R 228 1 L po T, A
SCRMRG AU =AM

H—, ETHES I NSCLC # 3% EGFR B SR . A3 1 Se ik
FTEARTALEE, TR B ST AR DARRHEAL I B B A R A, DR U e SE R A
e A T T X I B B PETY/CT JBE I v g e A DX 3, A T 5
WAk, IR T RN 64x64x64 122, B 55 T RAEEIG 1 R BT
H—Ak, SRR EEXE R 0-1 fEIMG; i Ja R WAL 25 ) B8 S AR 2% )
M2, TREES 2] 45 3Tk ResNet 2%, EIREEM & hdF T2 o8&, H
R B 5 A5 A8 AR (838 PET/CT g DS ) R B2 2] B REAIE 5
G RFHESEA TR G, ) M TR kR P 2 2D RIS S R A 2R e A TR
HJETRE] T AUC AR 0.865 HYSEIRgs R, Bi)G, A SCERRHREE S BB T T
THRESEIR AN HE S50, FE PRSI UE I 1 AR SO Hh A Rl A D7 YR A R Bl
IRFHEA S G AR R A R, 6 EESERAIE ] T2 CT VR A A s 2
SIS T IR CT. FEIA AL LU, A SO A TR B 2 2T A5
BUAE NSCLC 51 EGFR B[R 2842 FAT: 55 R BB AL.

S, ARSCHAT TEET IR R AL AR AR ZE SR RN S £
Xl AR, AR SO R B 26 Al PRAFAE,  RF 4 vl A BILER 7~ 0 s
Hr, 4T NSCLC % EGFR J& [ 28 25 15 00 (g F00 ,  JH vl g 0 1) S 36 285 21 oy
RandomForest {1943 288715 (AUC=0.738) . S XG44, A SRt
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J5ih PET/CT Bl AT IR, X Edm AT IH—Ak, 152 R BT R 2L i bn i
Bl BJSRF PET/CT Ji ] K FL ot 1 p 15 A= ) ] g e g 1 ik P 462 1] s B A
Pyradiomics £t , WEATARAFRAERTSREG fEibid R, PET EIBM CT
G5 IFR LS 2036 AR H2#FHE, 2 )5 FI A RandomForest )7 A TRHIE
e, PET BURH CT KB A FHEEREEG 700 B T 1 12 DMRIE;  d5ca i
Y 12 DB A FE R ANLER 222 932648, 753 NSCLC /3 EGFR B A
GG DL PN S5 2R, H b fe b i 45 2R W] 4 )2 B RandomForest 43 2R 2515 21 Y
(AUC=0.747) . SFXSERAERAL, A SO 2R 26 DR REFEM 2 4y
AEZEEESSHY 12 AR AR R A, i DL > 23 288 %t NSCLC
35 EGFR BRI R IF AT I, ARUr L5455 8 RandomForest /E 44326
i3 (AUC=0.759) . H FsiIRg Rl AR, AR XS NSCLC i
EGFR J& P 27215 DL 1) TN ROR i Tl RAR BRI AR 2 A5
=, BT IhR AL I 5 Zh i 3T NSCLC 5 1) EGFR B A
SEAL BT, T B A i U DX TR ME, SRR RTEAE T N W R g,
PR A A e DX 3l ) B3 AR AR A . PR T A 2% P TG 75 B A A e X I
RSB, T IR B2 > A 5 % NSCLC FR i EGFR LR 2828 15 100 BEAT M
AE AR X PET/CT ()R IR G A TIH— (LA 3], S T8 MR BEAS IE TE TR
JERE SR, FIT—AL S0 PET/CT MG FH e M (7 Y R T A0 38, W]
I, 2% FEEH— 0 AT FESEIRUE R 1 CT Ay A BEAS IS BE 4 A TN 4
B, ARESHEHEZ CT MERMIREEI MG A . B PET/CT E& AR
JH—%I] CT 3k 343 x 512 x 512, PET 3 263 x 192 x 192 ik, B G XA HE 5
PET/CT BKIMGHEAT HRORE ERCE AR R, IR S TER IR AR 2 )
455 R, 5, HT ResNet. DenseNet 25 K HUBE A E 24 3] B 48 F R AEA
SCATE 55 TP Y T e DR (4 1 00T USRS S TN 44528, 2% T3 T BRI R
DA, ASSEIG S W] BE S T/ MBS R B 2% MobileNet,
AW T ILHRSE S R A AR SR S5 R (AUC=0.730) . @ SL 4551
R AT DA, SR BB MR EBOE R ATk, R E &5
PET/CT [#11% 3D HyHi A, SEIERA BRI, AL R 4 5 4kE 3 r
FEARHE 7RG, Anfel UM BB A5G PET/CT RN TR 22 B2 AR 2] iE i At
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DXt ik AE VAR T NSCLC S35 1 EGFR EER ARSI, ELIE M 2 Ak A 4 By 22 4=
i PSR, AL E M ET.
6.2 RE

JUEARAEET NSCLC 35 1) PET/CT &5 EGFR B K 5828 (1 Fi ) vh Heds
TGRSR, (HIRIBAERZMARE, ARt LUt AT,

—, ASCER R RAFAE S TR BE A SRR AR R R A O VAER T T B FIRH,
BRI Z5 5 T AR A3 T, (BT 30 A 2 R ) Al A AR | H 2l %
GERRE PRIV R S . ASSCRT IR R SE R L 24 T RHAE . 2 A 2E R AEAFTII IR
FAE = AN [FRHAE 2 R A AR SR, G i dt— P i 2548 2
HAFHER R, EEHRR M = DA FREZ B RAE R, A Rrdt— n2
FHSE G,

B, ARSI THE IO BB A D R 1 DL R 9EFT NSCLC s |
EGFR FERIZEAZ TN, AEFH: AR XHER BE 2 3] W 46 1) S YL FEL A T HE— 2P 1 A,
HIEARERT AL 0 2 T4 5 (37 27 >0 31 o DIy £ LA AR B, 582 I
VESRIR R 2T 451 TS, F R IUE FE— 20 i 5 75 M0 45 1) 351
| 4 PR R AH DG XA, DAIK 3 BE R A S R

5=, FIX NSCLC 7 EGFR H R 5 H I, KA T 22 > M 28K
RETEAS ST i 1 A /NI RS AR Hh USRI O SRR Z52R, BTX I i), 73
S TR R GOR T T S, (BRI 28 s H R B 2 R AR
HABEIHON RS T R, TOEMARA B8, f58E LA w4 g o
[, I AN 5 IR 2 0 45 SR A AR H R e/ NSRS A 17 )
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