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Abstract

Non-small cell lung cancer (NSCLC) is one of the common lung cancers and mainly treated clinical-
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ly through Molecular targeted drugs. However, NSCLC patients are prone to develop different
types of drug resistance, which increase the difficulties of clinical treatment. This study proposed
a deep learning model based on Convolutional Neural Network (CNN) and Recurrent Neural Net-
work (RNN) to predict the type of drug resistance of NSCLC patients by capturing the biological
characteristics of tumors at different time points. CNN is used to extract tumor image features at
different time points, and output these features into RNN for further longitudinal analysis. A total
of 168 NSCLC patients are split 3:1 into training cohort and test cohort, which are combined with
transfer learning to build the model. Experimental results show that the model achieves 79.16%
accuracy on test set, which indicates that this method has certain feasibility for predicting the re-
sistance type of NSCLC patients.
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1. 518

il e A2 — Ao MR bR, 2015 4R b [ e BT AR ) 73.3 T3, AETSREG] 61.0 J3, AW AEMIGETS
R SRR IR L[], FoAr, 24 85%f i & JE /N it (Non-small cell lung cancer, NSCLC), K6
4> NSCLC & iz iy RIAME I . 7RI R - NSCLC 2 H 4> F4E [ 250477697, EGFR-TKI {EN—Ff
I TEEIR 25, BT SR Ho Ve RAF SO0 0, DRI 4 FH A 30 NSCLS B bR eV T 77 % [2]
Ko BEAELZIGTT Ja & R IR IR IR, HIH P R ZHAE—FEIN A2 A% EGFR-TKI
FEAESRAF RN 24 [3] [4]. 2010 4F3E[E ) Jackman Z5[S]H&H T EGFR-TKI SR 24 (I R & S, Z0E L
FIRZ Oy BB ] EGFR-TKI BUIS 58 4 22 AR Bl 3R 70 SR I H DU 25 3k 8 i B0, FRIE A Yang 25 [6]HE 45
ANV 2 A A e — DN 25280 3 R =28 At e . SRt e AR A JE . IR s SR A
[F) RV 97 SR W SR IO AN [F] BT 24 1 0, i, Gn SR — AN FE S O 245 3k R MR R T 1Y, WU 200 B 46V 97 2
W, AEE, JIRTDAZRSRAE Y JESR R IT . Rtk TR E S BRI TR, IR TT I
R RN R, NSCLC R 35 251 S8 L 1 TUI AT 7% 52 2R 2 2438 1 961

AR, N T RE(Artificial intelligence, ANTEER =BG IR GIER T S ARFW) 12 K0, IRES
>](Deep Learning)/E N—FEr MU N TR GER AR, CALEANBH . NI BEI7 AL AR A 2]
TRIHHINI o AL G IINLA S 2 FE TR BN T HRRE IR BOX — b F, X — i R A S AR S K R I
(B A, TR FE 2 2 fety B 2 B B EG ARFAE[ 7], FF HAEBMGRA . B AR S54SR 30 O 2 i
TUZAEG RN IS S HE . BRI M 4% (Convolutional Neural Network, CNN)J& — et SBUHLI 3 4
BT AR )2 IR 2 IR, B RenS B ShiR IURMR I AN [F] )2 JCRAIE I 2 2] 21K B 53 0 Bl vh i AR 26
MR R LW REN, i KEEREGIIZRA CNN R LGB TR 2% 31 17 208 T B 22 BRI T
%, JFREIE RIFIRCR8].

TER UG AT, 2 B LR R 7R B AN ] B [9], BRI R T H R IMt e R, mMkAH
EEIRIIR KR AT, MR R —FaSENT RR, BWRECRMERN TN, nlaeJEERA
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I ) A5 58 A A SRR R . 9 1 SE AP IX 43 AN ] (R 24 PR 2R Y, I 43 B B8 A B AT ] 2 47 B ) CT
B, AT BAS [ 24 2 20 BB 3 B X AR AL A . PR PR 4R I 2% (Recurrent neural networks, RNN)J2
7F H 2R 5 Ab 2 (Natural Language Processing, NLP){T55 H i 1S i 2 HIIR 2 IR, R EH T i
WISCAS B ARSI SR M Bde, e nT DU FE 2 AN 8] AR N B I A AN R, DR,
TE 53 HT B BT B] 5 41 (AR DG ) R 1, RNN B — @ 1A 34 .

ASCHEH T —MEET CNN A RNN BTN TG 5, 25 FE B ER AR AR BN, A 1 B 3 s ML 8 2
SIHAR RIS AL, @I 5> HT NSCLC 8 TP CT EUGSRIE BT T AT i 25 P2 8, sat 4 1
RN TI NSCLC & T 24 1 R AT 55 EHUAS 1 W5 (1 .

2. BiRFISE
2.1. BREHIRL

AV TR A4 EGFR-TKI M 25 PEE I NSCLC Hi#, HEHuE X2 RIE T T E R R —
BB EERE . TR A A AN IR DA R 2 J5 B L 22 5, A T S SRR PR I B A N
WEIE, HANTFFRIARAED R : 1) 8252 EGFR-TKI JGJ7I[AI#EE 6 AN H 5 2) 3 HEAS 2R3 RS MIIE SE T
XF EGFR-TKI =AM 25 3) #/0AA 3 Ik CT &G B Kl % EGFR-TKI AT A 1. 5 3 LK
H6 AN AR CT i BHR . & StiBz 3 168 ANl bR, JHARYE Yang MIFRIEIGIX L 5] 43y iR
Wt EA. Rt RAME A A, R HRA1R) CT A B UG AThRVE . AN RIS 00 s KA —,
N T RERSHRIUE 2 (R RIS B, B 2.5 mm HE P4 CT G R S BIE4E, A 3:1 A EL DK 3
KI5 RN ZREEFTAAR 53 F TR AL AN 1 B VT A o

2.2. Bt

BT MR AAAERT IB] B AoRE R, BURAR CT B & A MY @ A E, —fikst
AR RKIVIRAE N R 18 1 SR T BF RS2 YRIT R 3 MR CT 4, A
T RS LR T L 2 ST R AR AARRAE, S AR B U R TR kAR A3, i AR B A BT — A
57 ROI (Region of Interest) K SZEA[10], & 1 Ao o i Ze ARy X 4K

1th month CT image 3th month CT image 6th month CT image

Figure 1. Serial medical images
E 1 HFEFESG
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JE X AT ZFREL) ROI K/INA] fE 4 52 BN [E] I BAG AR KNSR I SEI, 15 IX— ol i, A SCf
T EREEAIEE M RGBT BB S — PR 50 x 50 R E A/, i L CNN S N BE R~ K/ M E SR .
Ak, BRI AR ISR A EGIE RS T EZRERER, ATPCRRE 2 R 535w R
2.3. fHERLELEH

KT F R He ERPZ T b il — 5Kk =383 1 B E  CNN IS NI, SR THBE R )24 > e
2.3.1. HRMBZMLE

' ) ’ l ‘ merge
|
TR |
BRI MK RRAZE N 3 Prn, EEBERE . WHEMEERE = HR, — S ER

Figure 2. Three-channel combined image
PR P 238 BT LR S — 140 /2 (BN) [11]41 dropout [12] ) .

2. ZEEmEEG

hliA= = = ESUEEI
Figure 3. Basic structure of convolutional neural network

3. BIRMZMEE ALY

ERR RGN Z O, WRFOVRHERRIUZ, FEM TR A SRR — 16
RERE 2R, ARG PZIRERA RN SERRIE, SR E, (e BINFHESEE . 4
NEG S EPHZEAT SR ERAE IR — AR M GE s B0 H TS 2] — RIVRHE R, HIERZEIR I
AR AE, Tl T (1) R

V(i) = 1 (D X X Ko * Wi +0) &)

X n R EPEEM TR, d RRERLIRE, X, RS EBRZAEXILRI(h, w, d)2EHE,
W o FARBBUZ(N, w, AR ESH, b FORBRZMIMES, ()RR R AL
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WAL E I TR R, @ RRESREZ G, A RRAHE B i, AR THE R, Il
S

PEEEMN T Z2 N EHEMMEZ G, &2 EBAYL(Multilayer Perceptron, MLP) (15 2 5845 »
BB MEnSw— B TA A G T AR, SEEENERREASGRZSEAE P A
P IX o3P 1 J A 2 [13]
2.3.2. TEIFHLZRILE

TP N 25 e AL BRAT R BE OB TR] 7 410, F T HLAS e . X AR s DL BB iR 5 B MBS
AEERATIR, WL GERIE 4 TR .

é ot—l Ot 0[-}-1
A A A

VT vV |4 v

w  Unfold w St-1 5t Ste1
s — > > > >
O:} Q w (A) % (A) W
UT U U U
X X1 Xy Xerl

Figure 4. Structure of recurrent neural network
4. TEIMREMLELEH)

Horr, SR AR A AE R AL, 73 R A AN R I [R] S R A Kt 2 e i — A
BUEREFEARE , 38 1A 7 ARG I 25 I 1) (R A\ 5 18 31 24 AT TR (o HE o, B AR X (2) s -

0, = g (VF (Ux +WF (Ux_; +WF (Ux, +--)))) @)

rbo o t NIRRT TR, X, Xy, X, RO A RN ZI RN T, SRS A R R 1IN P50, W
RORNEFEA R RIBEREE, U R — MM 2 i N\ JZ 21 RGEUZ FBCEREE, V R —
28 W 2% mp EORKR 2% R A AR .

2.3.3.CNN + RNN R4 &R

ARICHET CNN A1 RNN FI4F G52t T — Rl & 8 B, 120 & 2R TE Keras TR % 2% S HESE
ESERHEE, FLHE python 3.6.5. Keras 2.3.1 P& TensorFlow 1.14.0 % T H . H%f CNN I RNN #54#
3FEG CNN 3853 F T3 BUR AR IREAE , X SR AEAE B [R5 E AR B IROR R, IXFPOC R AT LA RNN
AEBE o ASCAT 25 B ZR ) Inception-V3 W28 AE N G I RFIESE AXES, B CNN #8745, Inception-V3 [14]
fe PR BRI S B, TS A RN DTS5 RIS 7 BRI RNN 35, EEK AN
1C1Z M 4% (Long Short Term Memory Network, LSTM)k &b BE A4S 1E $2 B 2 (K I P RRAE 4] &

PRI AT AR 2 A0 5] 5 BT IR B, Hirh CNIN B 2018 =N AR 2 I 4%, 43 ) F SR b 38 A ]
B IA R A RSN B . BRI B R AL G B — N A B R A, ) A 1
St AT SR [R5 AR A H ) S S i) BRI R . = AN I B AR T — N T8, A =4
IS 1B 25 1) LSTM IR 28 SR B2 SCI B 8] PP 71, PN 0 A A 28 I 4% 4 g T DA SR I SR ) ) 7 4104 5L, JEAE LSTM
T AE g, TEMSIERE — I RERT . R SN — AN ERE, FSRICER LSTM 48 it
R, R EEBEA IR, JREIHZ G R —A BN JZHR— dropout 2R m B AL Kz L RE ST,
e Jedd —A softmax 24 Hi e 2 TR 45 R
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Figure5. The neural network architecture

& 5. #HZMLEEEH

24. IBEFIIMBAEEE

P 2 G EORE SR AR LU R e, F AR 35—, B BRI Ko B B Rl A 22 4
FEE, FILAFHEZEGHEIE B, 82, WEZERGITRENE R 288, FERD—
LA L F A Rt IR BB AR AR M, XM R TR R I T A . I ISRt FE v, 4L
PR AR /AT Ry RO A S5 I, AR L e R, V22 1R 2 R U R B S A A 2 S AT UG B 5 1Y)
TIER AR BB N R I

LRSS ) — PR /R, WA e — N A KE B ARARIR M EIEE Bk, 37X
B MRHE L R B AR 2 AR R R, TR B — /M BN AE S B, BRAR T X Bt i) it
NIl ) S B2 2 SIS AR P 55 (R I SR TR SR m B Kz Ak e ). i o, RGN B ARG —
SERIFENE, WER R AR SO B0k SINIRFAE, DRI 24 FR0I SR B L B 4 |
IR, ATLAE— @ FERE BN ISCShsd B8 o AR SO FH o 1) Oy Ok SEBSE R (R R 7 3], AL I —
/™ Inception-V3 (2% 1 S5 7E ImageNet it AT ISR, ZEURESH L4 LK BRKEE, BRMEA
W 2 fie s A 5 20 3R 2 R GURFIE o 2SI 2Rl A% BI3RAT 1 B0d B B, [ 5E A5 78 CNIN 843 1B R S8,
HAIZREER RNN #- HAE S5

LR 5 SRR I ZRTE i R, AR IR MARA BRI BRS8N in . it — 08 I 2Rkl
A LA RIS SR ) 708, R AR SR SR B A I I A7 A0 3, DAESRAS T ORE A, T
B BN H . W R BB SRR A T A R M ERARRE . SR R RS RN
R R S X SRR AR (R E R N TR RIGREE, N T R ZRRE AR R AT, AR
IV ZAE AR FEAT A [ R B AR 78

3. LGRS
3.1. ALk
WIGEREAET PR R AT & Bk T, HfE4 AMD Opteron 8431 2.4 Ghz /NIZiHRALFEES LK
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Nvidia Tesla V100 FEIFEALFESE(RAF 32GB, 1568/ 7.0), VIZRi o] LIMEYE BSR4 GPU 5 SR
W N TG B A G, 738 SONZGR Mm@y BIXET5A4> epoch,
SRR NGRS /3 NI ER 7, B 2 o IAEIX P AR 0 AT N AN SGIE . SR A 38 A B AR A 11
(Adaptive moment estimation, Adam)&.i% H i&E M AR 315, F:LLA(3) softmax 22 Y@k U E N B AR R %L,

L=-log i : - 3)

i€’

KA, n BTN S 7 WA B, 2, REAR AR2E

training accuracy training loss
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1.75 —— without pretrain
1.50 1

o
©o

0.8
9
e 0.7 0
3 8
@ 0.6 1
0.5
0.4 1 'N ' —— with pretrain
—— without pretrain
0.3 - T T T T T T T
0 100 200 300 400 500 0 100 200 300 400 500
epoch epoch
() MExHERZ (VRESANRIRTIES
val accuracy val loss
r 10
1.0 . ;
—— with pretrain
0.9 A —— without pretrain
8 -
0.8
0.7 A 6
n
o6 2
0.5 1 47
[ T T
2 B
0.3 4 —— with pretrain A
—— without pretrain
0.2 T T T T 0 T T T T
0 100 200 300 400 500 0 100 200 300 400 500
epoch epoch
(c) Mk (d) HHEpikF

Figure 6. Training result

& 6. M&ER

TR ik FE AP E HER Ry 98.76%, 6 E i 2 ()P Y vHEAf % 95.16%, Il 20 N3G i 72 HE A %
HIAR AN 6(a)~(b) s M 28 T, 320 RN AR AN 1] 6(c)~(d) 5 (o i 2 fT R0,  7EIT R824 T 1) Ll
b, ARERHGEI S, 7E 60 /> epoch J& loss fH TR 5E . AT E— B IIEE 2% ST S2Br v &R, S256
XL TS I SR ASE AR S I 2Rt SR B2, ] 6(c)~(d) A B th 22 450 BE ML) 46 10 2 B 2L (1) 1]
SRR, BIREEARTEEISR, TR T IR S ZAR B G 00 Rt
3.2. JENIEHR

AV TR B S T AE /NG e £ 2 X 4y R R 2500 P AR O 2P, R e — AR A
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S0 53 AT, DR AS 43 AT 55 v VT A% S BORAE B ME RE IOV HE B, AnvERf % (Accuracy, ACC).
FE% (precision). A A% (Recall) L J2 Flscore &%, XS] st % 1+ iy BAEE T4,
Forr, TP R0 IR T 2 1 1) A4, FP 3R 76 Tl > 1 ) A48, BN SR IR A 30000 67 R AN 4
TN ¥ S T A 5 ) N4, X 4 AME AT DAV ER PR S B E, AR

Accuracy = (TP+TN)/(TP+TN+FP+FN) )
Precision = TP/(TP +FP) )

Recall = TP/(TP+FN) ©)

Flscore = 2TP/(2TP +FP +FN) )

KPP SR AN FAT S IV TR, 2 0TS PGS BN R ZE A WMo % H—
P77 RO 247%:(Micro Average), XT3N, Bres 2 AN AR RIE AR ], sl ax phoy At
AN BNREHFE, SN ER ARG N A B ALK TP, FP, TN, FN RFHIRAG ]| —AF1
TREHRE, FAEH iR A APRF (Accuracy, Precision, Recall A1 F1 score)fff . 55 —Fh 72 7
¥Ji%(Macro Average), 1% 7775 [RIFESG SR BN 2R FVRE HRE, ASFRIE e S Th 5B B AR R R )
APRF [F{H, #RJ5 X IX S E SR O 355K 45 B 555 (10 2 20 AP S 501

Table 1. Confusion matrix

=1 RBEEE

e
R ERE :
H(IE) T (f7)
H(IE) TP EN
kbR
fR(f) FP N

HAN, ALk ROC (Receiver Operating Characteristics) il 2k 15 94> 24T 5 HIBEAN T bR o HH 2R A6
AR FRFI AL FR 53 51 A BH 44 2R (False Positive Rate, FPR)F1E [ ¥ % (True Positive Rate, TPR), HiiZk [ THI
FAK/IN(Area Under Curve) HISRHT BRI 7p R4 RAGAFIR, %, AUC {EAE 0.5~0.7 Z Ay, AR 733
PEREMT BRI 7E 0.7~0.9 Z A1, 43 2R RETT DL EUF ;. AUC B KT 0.9 B, NISRRIERL 432K
PEREAEH U o
3.3. MiXGER

MAALE L F 44 5] NSCLC B3 B kbR MG, FH SRR s B2 (1) 4 ek R A FH 22 P30k 1
B4 NS FEAR, gERIE 2 PR, BATENNRSE FERRIE S, R\ R R RIFN, T
1fi % (precision). H [11# (Recall) LA f&& Flscore FI{EHRTE 70%LA I, SRS BEADG T8N 00 1 7 Rt LA

TEUFHISE R
Table 2. Evaluation results
2. TSR
Accuracy precision recall F1 score
79.16% 70.92% 73.74% 71.87%

N BRI SRR ) 7 2R e, NS 2 1 ROC B2k, nlsl 7(a) s, VALCENTRIF
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Figure 7. The ROC of classification results
7. SYRLERHY ROC HhZk

4, Z5ig

NSCLC & A G4 EGFR-TKI F=AERIFEMT 24, 245 K AR B DL 2 R0, (I PRI 6T 281512 A
Mo EFRFXAN A, ASCHRE T AL T CNN AT RNN [ NSCLC S M 245 LTz, MG 1 4y
AT e bR AR A T AR B I MR R . R T AR AR /N BRI, AR = AN R 8 A A BB AE
NEHE, RV IX AT REAR A 58 4 S et R AR A i R, (ELSIE I8 45 FERIREIE B 1 A 2ok T 5 2
ZGPERAROTAT I IER B, B S N KR 2 DA )0 (3G 0, AR R 0% B4 B 4 1Y) 3R 300

E&InE
T H AR I 4 B BT H (2017JJA170765y); | PEAR TR AE 2R GUF TR B2 Bh I H (YCSW2020064).
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