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Deep learning and machine learning for predicting N stage of NSCLC
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Abstract; In this paper, a PET and CT image—based tumor N -staging prediction method for Non-Small Cell Lung Cancer
(NSCLC) is proposed using deep learning and machine learning techniques to improve the accuracy and stability of N—staging. Deep
learning residual neural network 3D Resnet50 is used to extract the CT and PET image features of NSCLC, and the features are
downscaled to 32 dimensions; the multimodal features are spliced and input into a machine learning model for N-staging prediction
of NSCLC. Ultimately, the prediction accuracy of the deep learning and machine learning based NSCLC tumor staging prediction
method proposed in this paper reached 1.0 on the training set and 0.852 on the test set, and the average subject area under the curve
(Receiver Operating Characteristic, ROC) exceeded 0.91. The experiments showed that the NSCLC tumor prediction method based
on deep learning and machine learning can improve the accuracy and stability of N-staging of non—small cell lung cancer, which has
good application prospects and practical application value.

Key words: 3D Resnet50; multimodal; NSCLC; N staging

0 3| = DU A0S, 6 2 AT AR BRI A A2 Tk g
2020 4F B —IRRFFE W, NSCLC 1 S 4Bk & H 0L EY)
AR I TR ALSUG R IR R RO R — AR B 160 T ABETS, T
LB ASPE NI 2 — Ut NSCLC (4RI NSCLC ZRBLHH 6 1 19 5 R , R I 3 = 71 2
(I Ee il 80% ~85% ' SRIEVEAEMR G Z L SRR IARIE A Sy 1R 25 | PRt 5 A PR AL T
S NRB R GER M RS MR 0000 fskmsxd TR By Ps B e mE
HIRRIERT A 27 AT O3 520 AR IX — S0 SEbr i, 1 T, % NSCLC ik EL 25 B O VF A 5 B
NSCLC S TTORZIAT 30% ~40% Y BA L DIE gy fgop fpssme jrik, R TR 7 Bl 40 BT i
ERACRD IR SERRAL S RO AAE TTREN LR AEME om0 T b, LB R F R

EHEN: THH1994-) 5 WEBgeE , EEAFTE T 1 A T RELE 25 R P AR

BIRAEE : Bl (1987-) 35 Wit IR, EBEWEST 5 10« 43 F A 9)% . Email :asdjinmingming@ 126.com; 2 (1961-) , 5 {1, #HdZ, &
ST ) % BE 2, Email ; huanggang@ sumhs.edu.cn

A BE: 2023-07-02 P EEE ¢ L G 5 S A




5 4 1]

THE, &, WE2EI 52T B NSCLC /) N 404 185

St RNA 55, SR TEAR B I8 1) A 40 2 e Pk 0 1005 1
0, SRR 7 2 fi 08 B AR I AR ARG I oy G 1 i 2 1Y
Oy TG B e B vk BT (R AR KU, ,
SEARGG ER RS AR o it 45 A
SRR H 15 B i NSCLC B2 ARG 7 H it T
AR PEAL O SR X R O I T AR A it
1SRRI, LB A 7R AT o0 0 T AR T I 5 B
KR TAER, FEE P BEAHER " 1esoh, B2
ARG AR ] B 2 32 B NG5 HTEK A
F AL T (R RE A 3 2L PR 2 A AT BE S BN AR iR
fifise, BN, RGNS EATEESHIEN
RRAE AR 25 A0 1 2., L 3 L T BB 2 5 ) ) X6
iR A AR TR e R BRAR R B AR
XA AQ B A 1 BEAR AR 2 AR 1 A1, F & 5 R % UL
AR TH XA R R S8R E A

ULAE R, TR 2 ) FpL e 2 2] 78 = 2 EHR b B
SRS E) T TV M. 2017 4F, Wang H 280 42 1y
TP UR B A 2] TSR LS B2 Wi ik SR A
F LG N T A2 M 4% (BP-ANN ) 2T 168 4 i
(1) PET/CT FIMGAR IR B 27 2] Rk, i s v P
ROC M RS bRIEREA T T VP4, HERR R A1 ROC
T A 0.86 F10.91, S EEA AR 1L, IR E %
5 2 L O g A AU (R SRR I 2018 4F
Kim HIBA"S #F 58 T NSCLC 497 I ik EL 45 5% B2 1Y
PET U B8 1% 00, A FH 32 48 L E B BU P4 T CT
JHCSS 2 D T A T 3 B 7% Jy T (0 HE L, 1%
AL ROC T IHAMEIAF] 0.77, WoR X %
FETIOI R U 7 1T F A — 2 A 801 5 2018 4R,
Gu-Wei Ji A" 38 FH S R ML (SVM) Filde /N
PS4 5 PR T X 177 44 E Y CT B4
AT RAAR AL AR AE 0, ST 45 S s | 3 T 4.
SRR Y 1) £ A T b £ 25 T B b R R AR
PR, FEBASFIERIE S ) ROC T T AUE A 2
0.81 1 0.80, {7~ H %5 iy ) o 1 1 A0 mT 56 44 5 2020
4, Cong 5 B A IR R S BRI B AG 41 22 R AE , E &
FIBGUE T 4% NSCLC R85k L 45 5 A% 1) Tt A 7
TR FH 5 /N P VAL 4 R 8 0 F B EA TR IR A %
BRI ZS 5 ROC T THFAUE A 0.86, Bon 1%
TR TN IR L 235 5 A% XS Ty T 1 £ A 1 g 5 2023
4F, Zhang %6l F 2 00 F 5 (5 AL 24 RNR S 24 ) ™)
4% ResNet18 #7 T WIINAFIIG IR 1-11 ] NSCLC &
H N2 LS EE RS BUAR T | e W NSCLC 433 7 1
[ AUC 4 0.86,, 33X $6 77 1 5L F o 1) ili 8 s A5 80

3, 3 3o A3 A EUGARRAE A 37 AR AR SN NSCLC
AT, A SCESSS T PET M CT BRI 2
BRASFEAE P PR B 27 2] FIBLAR 2 2] % NSCLC 4344
B T AR B P
1 7k
1.1 REFIEBIZRRFFERE

AT 3D Resent50 FEALS X FEA PET il
CT 1 52 18 ¢ fiE A7 >R 4, R 2% S B 3D
Resnet50 ZEAGANE 1 Frn, &6, K8 (Tmages ) i
AZ 3D Resnet50 i =44 FUZ (Conv3D) , 4858 =
A GRS | -1 T = dEAt i 0 —fb LA D Py
A AS , B IE AL ARG sR A (Relu) HEATHFAE
SOPR AR R A D f(x) , WARK(TD) .

S(x) = max(0,x) (1)

Hdr | w JEHA

H T2 P 3t oR RIS BF 1 Re R, 289 Relu 03
FYRFIE AT AR Ltk ol RIBT R T A 06 ZE B RRAIE
BAEE AL Z (MaxPool ) #E4 T 4F1E H 48 I &
P OCSRRAE , T BRI B 08 2P 16 A 8% 22 )2 (Layer) ,
58222 Layerl FIAAEIGNE 2 Fras, AR ZZ AT
SRAFERE I, 5 22 )2 T AR AR LA 5 B 2 A R AL
128 B AT OR B R AR AU A5 R, BRSO
A A(2) s

Output = F(x) + x (2)

Hrh, F(x) AJURZDMER)Z #taH—k)z
SR L S AR A5 T o DO A LA 28 0 Bk BR %
FALIB A

AN 22 12 4B 58 22 B ( ResBlock ) 1R R AE
( Downsample ) 14 8 , AN[F] B J2 , Layer3 76 I KA 5 {f
4 IRERZES LR R T Z IR AR RHIE . i3k 25 )2
P A B2k )2 B i — 20 M R AR IE 2
BB THEZN ARG BT A SO A&
YIZRABEARY | KRR T340t Ak 2 R B, AR T 42 3%
2 (FC) Ak 2 He U RRAE B8 I A7 o LA
BOER TENRERE R MILZ T, 2R
PRI RRAE T AR T ELAARAE 55 i 41y, R B4l
FHE

XF T 24 1 22 Y i o A B R — AR AR
HEFEH 2 048 HERE R K, 23 R Il 2% > 153 A4l
3t A, O A 3 B2 48 B ( Principal
Component Analysis, PCA) X} PET ,CT i %&MFEAEL
P oy ke 2] 32 4 LI S HLAS 2% ST R 1AL
&),



186 B o /5 M5 MM

14 3%

B 1 3D Resnet50 224
Fig. 1 3D Resnet50 architecture diagram
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Fig. 2 Layerl architecture diagram
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Table 1 Patient’s N—stage information
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Fig. 4 Joint feature visualization of PET and CT
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Fig. 6 Features filtered by Lasso algorithm
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