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Abstract

Objective: Gastric cancer (GC) remains one of the major causes of death in China. The purpose of this
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study was to establish a radiomics model based on computed tomography (CT) images combined
with clinical features to predict the overall survival (0S) of patients after gastric cancer surgery.
Methods: A total of 117 patients diagnosed with GC and treated with surgery at the Affiliated Hospital
of Qingdao University from January 2015 to December 2020 were retrospectively enrolled. They
were randomly divided into a training set and a validation set at a ratio of 7:3. Clinical data of patients
and preoperative abdominal CT images were collected. After preprocessing with GAN reconstruction,
the regions of interest (ROI) were delineated, radiomic features were extracted and screened by
LASSO regression, and a radiomics model, a clinical risk model, and an integrated model were con-
structed respectively. The model performance was evaluated using C-index, Kaplan-Meier survival
analysis, and other methods. Results: The radiomics model showed the best predictive performance,
with a C-index of 0.758 in the validation set, which was superior to the clinical prediction model
(0.703) and the integrated model (0.739). Kaplan-Meier analysis showed that there were statistically
significant differences in OS between the high-risk and low-risk groups of each model (P < 0.05).
Meanwhile, multivariate Cox analysis confirmed that lymph vascular invasion was an independent
risk factor for 0S. Conclusion: The radiomics model based on preoperative CT can effectively and
non-invasively predict the postoperative OS of GC patients, providing important reference for clinical
prognosis evaluation and individualized treatment.
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1. 51§

B 8 (gastric cancer, GC)& &5 11K LGRS 2 55 = K REMI SR TR A 1] 30 B e
B EAER, BEAMIZHIEY CRBEMIER]. BB R i 32597 0 XN ELFE ARG
J7 T WITEE, WRIATEVIBR A N F RSN AR T A [3]. B EH MIREHEDIRARS 5 40447
KA 30%~40% [4]. FEILZHL L, BEE SR HEAGIT RIS, B S ART IR ZE I
TR NFE, (BRI, AR XA A B i e R IX (4]

I AJCC FaRd, TNM(T: JEAMIE, N: #RELE, M: im0 MR8 AN &I H s S
HIEHAERCTE, UG BIG R R EIVER S Tk, —Sg i Mbr St bl & I TP
[6], 1HIXEET XA —E HRIRRYE[7]. Rk, PG ] S 10 A Ybs Skt B $%Tﬁ):7kfjﬂﬁ{ﬁ
BRI TOI 2 L . XA BT a7 e, PR E RS T R KA E][2] [3].

IAESR, SRS GHRE, AT DU G SR HUE EAFE AR bR, Eﬂﬁﬁiﬁﬁﬁﬁﬁzﬁﬁéﬂi‘%ﬁ[g]o
H AT OAEVF 2 Hm R B AR TG J7 RO LRI LTS ERe, 4 s 9]
Jsa[10]. FLIRRE[11] WREDIRI[12]5F . TH AL Z 4 E1% (computed tomography, CT) & B J& A HT I K 7
Wi . CAEMIRIEN, BREED CT M SIRHES TS A — 2 MK R[13] [14]. Zhang 55
N[1418E ST 7 FeF 528 4L AR SR B 920 . Shi 258 A\ [15)96E A5 42 R T 1l GC Z38 1
ToI HE A7 W (disease-free survival, DFS). {HI¢ T8R4 =R TN GC &2 15 15 75 32 2 IR 3RIE .

BRI, ARBFFCH H T AT CT BURSS A I RFHIE LLTGIN GC B3 1) e A 47 (overall survival,
0S).
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2. ¥RfERIS &
2.1. BENAE

ASCEEEFFRAIN T 2015 4E 1 A E 2020 4 12 A TH 5 KM B E S H LU0 B 22 W8 B e
(G . FTH B2 T BRIAMRIFEARRTT . INRHE: (1) RIGHSRE IS N BRINER, (2)
ARHT 1 A AESZE AR CT WA R B . HEBbrdEn ~: (1) RATERZ CT BHEEEEA &% (T
FIASER S UG R E %), 2) WKRERAEREE, ) CT MERITIUMRIRITIEE, @) FAEK/NIM
Tevk Kl g SR [X 35 (region of interest, ROI).

ARFFILHNT 117 L EHB6 BB, 31 L&k, % 7:3 BN AUIZEREIRE .

2.2. BEiA

EARTERT 2 4, BER 3 ADNH BN, RIEE 6 A WI—YR. HHBE T LS S2I6 5 k6 75 (L7 B
JIPR EVN ARG A (CT BN BB . BeJa—IRBEVII A28 2024 4212 A 31 H. OS & SCHMNFARF
IR AR JiR PRI B T B Je — VRt 12 T B B R s (] o

2.3. BAEHR

WAE T B N D Guit 80 SRR A Ay, 4. Ml R, B, MRE. BMIL FRRIRIE
Charlson & JHJiE 16 #1(age-adjusted Charlson comorbidity index, aCCI). & XHLIZH FIFEIR . FEREER (s
M BERRIF . O ML BRE) . ES RS IHK TNM 203, AR 2. Al 8T R YL IR
A WIEALE . I ERZRNE . WRE AR s MR AR Y (CEA. AFP. CA-724. CA-125. CA-199
Al CA-242). Lauren 7374, Gy b Jeto gl R A KR T2 N B A KR 752 4K-2). Ki-67 R4
MFRGREEZAAITE . TNM 40 R YE L F e S 2 R 2(AJCC, 28 8 MO)FRR & L. aCCI & —Fh
B Z A HREP AR, T REER, PrEEmi s e HERE, SEpEdiTrEd, THT
TMBE AT A . GC MR AR AR N FEz b B VB R (Roux-en-Y FAR). iz B YIBRA. B ks
PIBR R (Billroth 1) B XA VB AR (Billroth IT). 2= BUIRARBE BESHIEAR. EEEEVIBRA, B5E T
BEIVIBRAR .
24.CT AR

B o6h 5, BERUMEMIFHE, EHXUE & REN 2 LD 3.0 mL/s FRUE FE s i 1F o i ik
75~80 mL S MG RS 7). LIAERE (Y angtze River Pharmaceutical Group, Jiangsu, China) F/EIS 5% CT 410
. FRVEE RS T RIEEET L. S0KIA T TER KA FIS-4 BA 2 S0l & 5274 f5 30s. 60s A1 180
s K13, FHAR CT F % % 35 Siemens Al Philips 5. ZHU0R: FHE: 120KV, FHI: 100~400
mA, EiE: 058, ZENSmm, FEENSmm, VIFEERN 1 mm, RN 512 %512,

2.5. ElgTALIER ROI GiE

FH51) CT K4 LA Digital Imaging and Communications in Medicine #3055 H . 78 BUE 58 fZ 10— L Ab 2
5 BATA B AT T 3D By A 5 AT 472 1 MR ) 25 18] 43 0 8 o A2 R DAAE JRE 470 9 4% (generative
adversarial network, GANW/WE N FEARZIN] . GAN & —FhRE IR, AL A as P25
SN AP o R 2 DA 23 R R AR B 2 PR AR R, 1T 1 2 D 8% X0 B IR OR A s IR
XA M2 BT 7 SRR, 31X — IR BT A2 Bt I 2% 27 ST 20 H 30 80 1 70 P2 B 2 T (R B S
X EUREAT Tl A B2 5 5 UG 73 A o HE 2 A s 2 e ent, i IR P G = T it v o0 26 R kAT
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TRFEIRIF o BT DA ORI S50 UG O/ [R5 (] A Fe e it 4 £ . XK 1 < 1 x 1 mm
G R ARFART U4 1 % 1 % 0.25 mm.

W22 50 FE U RHEE A ff B ITK-SNAP % 4F(3.8 i, http:/www.itksnap.org)7E gtk CT E& I
Xof R BEAT F AN E o R AR AR SRR T, W R K i AT R 2y, a0 A IR A
PAZRAS ROL A0 HE 35 BIAH A B RIE « 76 1 B JEXT 30 S BEHLE R g 30T B 2 7 B LAVPAl
S TR AL A ) B A o FE AN ) R P AR A AR S WO — 24 20 ZAEA I HTBUR B E
FREEAE AR

2.6. FFEIRENFNERE

i PyRadiomics (3.0.1)A ROT HHHEHU T 117 MBS F=HFE(RF) o ARYE BUR W5 S AR AR 1L
(IBSDHFRFE[ 16T RFIESEE . RF W55 1 7 MRFESR: shape, first-order, grey level co-occurrence matrix
(GLCM), grey level difference matrix (GLDM), grey level run length matrix (GLRLM), grey level size zone
matrix (GLSZM), and neighborhood grey tone difference matrix (NGTDM). X BTG M3 18U 20 24 BU(E 8
i Z PPy REATAREAL, ISR A SC R B ACO) I T HE L. AN ICC>0.85 IRFIE g B — U
FRAE, IXLERPAEMH T 22000, XS 1 AE ROI ) ] BRI RITE R TR

2.7. BB & FOIEE

N T BRARERE (IR RS, 8 e /N4 WP UL 45 R 06 33632 B4 (least absolute shrinkage and selection operator,
LASSO) a1 5775 Rl i HA T OS W B IAFAE . R -5 58 BRI ESH(2), B, F-AD
i k=10 BEIEER > 8 10 D74, iR THREMAEIIZEMIGIESE . @il k - 1 18 %A
WA RIFERI RS FIRAUE, AR T PEREINE, W 1 B & BIRem, R0 AR AN [F) 2
T EE R TIRE Sy HEAT T AT EERI AT

A5 FH B A T 2H 5 REAE A 2 Cox KU AR 2 (radiomics model, RM), A T-Tiiill OS. ffi A&
Cox [al A 73 Hrifiade Y BAT Gi i 27 5 (P < 0.05) W Im PRAFAE , 285 il 1d 22 42 & Cox [alJH 73 M 70 HriX Le 24
BT RN BIRIE A T M R G RRFAE 1) XU #5528 (clinical risk model, CRM). b4k, FRATEI KA M
BB AR S IR PRI AR S &, TR T 476158 (integrated model, IM). [, XEARLTE 5¢ 200
RYA ] 71 i a1

2.8. Gt St

A8 ST t K696 (IE 2520 A7 A% S48 B ) A Mann-Whitney U 56 (3F 1E 257040 (035 4225 B) LA [R1 41
il B3 2 IRARIE I 2 R o B ER-R AR IO AT 0T o (R R B2 A& Cox A KRS 5
T SN 4 PO e S TR 2R o MR AR IR Tl (%) XU EE (hazard ratio, HR)HFAZEL, 44 35 70 AR R 4H
sl K2 o 3 Cox [RIABEAYTH 5 HR Fl 95% 5 5 [X 8] . 1§ FH Kaplan-Meier (K-M) /7 VAR 2R 2E A7 1T 28,
FHil it Log-rank F 38 VPN A RIR R AR A2 22 5 o A — BOPEFE B0(C-index) M AT PPN B Y R B, o1 B
2 N HAAUC) . Jir A BB £ K e it 4348 Python (WA 3.7.12, hitp://www.python.org/)i# 4T«
XA P AE < 0.05 BEIANAHA SR Lo

3. 58
3.1. BEIHE

ARFFILIN 117 LB, BN NIZEMN = SHMKIEED = 36). FRER N 60.47 + 9.38
F160.22 £ 13.78. AT AT 62 % T 19 L 4ctt, KAUEETH 24 LB 12 Atk ElgGE
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ANGGAUEER A, A ALRE VI )70 3008 51.17 A H AN 58.13 AN, it # 85 534 225
3.2. REVME R M REITAE

AFFFOILHE T = OS AL T T ARRFE RPN AL . S TUM 2RI A S AR 4 A A Y
NI T PRANBUR H R R 25 A58 . BB (CRM. RM R IM)f8 I 58 437 AR BA S AT T B0

3.2.1. CRM HUHIER K 14 AE

eGSR, R 33 NIRRT T Cox HLHIRKA I 1. [ 1), HEZE cox SRR, B
AR, CEA. AFP. CA199. CA724. CA242. CAI25. T 4r#l. N 4r#i. M 433, Lauren 737,
RAATT . BRI R R RN KI-67 #5502 OS M HE RSN E . Cox 248 R/l itk T
MR IEHR: 1.709, 95% CI 1.074~2.721, P < 0.05)5& OS KM 16 [ R % .

Mstage T}
Cancer_thrombus )
Nstage T
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Lauren 4 —-0—
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Figure 1. Forest plot of multivariate Cox regression for the clinical model

Bl 1. IsRERZEE Cox EIVAFKRME
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Table 1. Univariate and multivariate Cox regression for predicting OS in the training set

F 1. NS TN OS KBREREFZFEZE cox B

I ARARFAE HR (95% CI) P i HR (95% CI) P14
IER/GRZI RN 1.225 (1.041~1.418) <0.05 1.094 (0.959~1.249) 0.18
P51 0.880 (0.464~1.669) 0.696
G 1.003 (0.974~1.032) 0.847
B 1.216 (0.021~70.58) 0.925
T 0.996 (0.969~1.023) 0.758
BMI 0.932 (0.639~1.361) 0.717
[JlINES 1.157 (0.601~2.228) 0.662
OIS 0.908 (0.391~2.112) 0.823
S 1.014 (0.484~2.127) 0.97
Fii 1L 95 1.273 (0.424~3.819) 0.666
aCCI 1.036 (0.770~1.394) 0.814
B i K MR 1.344 (0.769~2.351) 0.3
CEA 1.014 (1.001~1.019) <0.05 1.001 (0.999~1.003) 0.484
AFP 1.025 (1.007~1.043) <0.05 1.003 (0.987~1.020) 0.726
CA-199 1.002 (1.000~1.003) <0.05 1.000 (0.999~1.002) 0.721
CA-724 1.023 (1.010~1.037) <0.05 1.002 (0.989~1.015) 0.775
CA-242 1.008 (1.002~1.014) <0.05 1.002 (0.996~1.009) 0.509
CA-125 1.040 (1.019~1.062) <0.05 1.010 (0.990~1.032) 0.325
HA BT B 1.318 (0.764~2.274) 0.322
T 573 1.428 (1.181~1.728) <0.05 1.095 (0.930~1.289) 0.274
N 7+ 1.690 (1.183~2.414) <0.05 1.246 (0.896~1.732) 0.191
M 7339 5.781 (2.593~12.887) <0.05 2.102 (0.993~4.451) 0.052
kAT B 0.677 (0.428~1.070) 0.095
TR 0.822 (0.568~1.191) 0.301
HRFENH 1.117 (0.918~1.358) 0.270
TEASRHE 0.771 (0.559~1.066) 0.115
Lauren 4} 7 1.355 (1.088~1.688) <0.05 1.078 (0.896~1.297) 0.428
e 2.470 (1.443~4.229) <0.05 1.205 (0.743~1.954) 0.449
EGFR 1.664 (0.849~3.258) 0.138
HER2 1.014 (0.682~1.508) 0.946
JE B #2252 2.374 (1.374~4.101) <0.05 1.151 (0.714~1.856) 0.565
R IR 1 3.917 (2.171~7.069) <0.05 1.709 (1.074~2.721) <0.05
Ki-67 1.023 (1.009~1.037) <0.05 1.005 (0.994~1.017) 0.373

CRM 7E OS T rh RILERLTF, IIZRERLGUEEE C-index 478 0.794 F1 0.703. Kaplan-Meier 4475
Mrios, RABIEIR KB VT 7373 )2 05, e KU 2 S5 R4 OS 72 7 B ik, i W 2 A 2R EL A 5t ) XU [X 43
RE I —E R e (] 2).
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TR A

Cohort train C-index:0.760
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LG A

Cohort train C-index:0.794

1.0 —— High Risk
Low Risk
0.8
0.6
z
) P<0.0001
3
&
0.4
021
0.0 1
0 500 1000 1500 2000 2500
Time(months)
Atrisk
High Risk 40 36 27 16 8 2
Low Risk 41 41 40 33 14 8
(©
Cohort test C-index:0.703
1.0
0.8

Probability
=1
(=2

041
0.2
0 500 1000 1500 2000 2500
Time(months)
Atrisk
High Risk 18 17 13 1 7 4
Low Risk 18 18 16 15 8 3
d
4288 I R = 33t Je
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TR A

Cohort train C-index:0.768

Lol —— High Risk
Low Risk
0.8 1
0.6
z
z P<0.0001
€
A~
0.4
0.2 1
0.0 1
0 500 1000 1500 2000 2500
Time(months)
At risk
High Risk 40 37 28 20 6 0
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(©)
Cohort test C-index:0.739
1.0 1 —— High Risk
—— Low Risk
0.8 1

Probability
o
(=)

P=0.075

0.4
021
0 500 1000 1500 2000 2500
Time(months)
Atrisk
High Risk 18 17 13 1 9 5
Low Risk 18 18 16 15 6 2

TE: () NEGRHEBARYIZGEL R, (b) NMBRAFERIERLSR; (o) NRARBRIIZELS R (d) NikRER
BAESESE IR (o) AMABBIAINGELS R, (H MHGHHBIEES R,

Figure 2. Kaplan-Meier curves of each model
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3.2.2. RM ¥ R M Bk

A LASSO-COX [ 734 B ¥ CT BUE AP ILERE T 117 ML, 2Tk 8 MRHIE:
intra_original shape SurfaceVolumeRatio. intra original shape LeastAxisLength. intra original glrlm Run-
Variance. intra_original shape MinorAxisLength. intra original glszm SizeZoneNonUniformity. intra_orig-
inal_glrlm RunEntropy. intra_original shape Maximum3DDiameter. intra original glrlm
LongRunLowGrayLevelEmphasis. <] 3 AU 24H 22 R E T i i A2

0.75 1

0.50 1

0.25 1

0.00

coefficient

-0.25

-0.50 1

-0.75

-1.00 ~

Lambda(2=0.037)

@

concordance index

Lambda(2=0.037)

(b)
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intra_original_glrlm_RunEntropy -
intra_original_glszm_SizeZoneNonUniformity -
intra_original_shape_MinorAxisLength
intra_original_glrlm_RunVariance

intra_original_shape_LeastAxisLength -

intra_original_shape_SurfaceVolumeRatio

-0.6 -0.4 -0.2 0.0 0.2 0.4
coefficient

(©

1yLevelEmphasis 4 T

mum3DDiameter Tt

1eNonUniformity

=]

lrlm_RunEntropy

vlinorAxisLength 4 T

rlm_RunVariance 4 u

LeastAxisLength T

faceVolumeRatio e

0.50 0.75 1.00 1.25 1.50 175 2.00 225
HR (95% CI)

(d)
E: (a) J9 LASSO [l R ¥#x 12 El: (b) AHEET A XIRUER B AL IS 25 2 £ K (c) 9 LASSO fifiidk JF Rk R 4L
FILE; (d) NINERAFIERZ K Z Cox [ ARRAIE

Figure 3. Radiomic feature selection and model establishment process

3. RGHHIETFIE RARBY R ST 32
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7E RM Tl OS H, ZREEFLSIESE C-index 43714 0.760 1 0.758 . Kaplan-Meier 2277 26 5x, 2
TG A V23 1 R XU 2 OS AR B 2 57, FEORARRT CT RSB RHIERENE N B B AR5 B AR AE A7 VA
RAAEMENTCONE B(E 2). SECFER, BUN 2R AE IR S 1 X o3 i TR R AR T, SR HoAae
LTS .

3.2.3. IM a2 X i$RE

FE T I PR AN B 4 24 AE , FRATTIE A 2 T IM. e C-index 761254 5 U84 70 51 0.768 110.739,
BARR I T G AR B R  CF U AR, XA SRR R T, KM #iZ WL 2. [F
AR T 27 AT OS MBIk K (K 4).

FRERIER, WKEES CT U A FREE TS PRl B — 8 TR . BT S i £ LR
BHEG WG, JaERMME Z WIS KR G R, U275 0000 B 3 A7 B AR
M 1H -

0 10 20 30 40 50 60 70 80 920 100
Points :
1
Cancer_thrombus l !
0
Radiomics T
0 1 2 3 4 5 6 7 8 9 10
Total Points T
0 20 40 60 80 100 120 140 160
1Year T T ]
0.95 0.75 0.5
3Year r T T T |
0.95 0.75 0.5 0.25 0.01
SYear l T T |
0.75 05 0.25 0.01

Figure 4. Nomogram based on IM prediction

4. GRERBITNT L E

4. W

AW FAG I LA T 2T RET CT 1 RM. CRM A& IM, H Tl GC RJ5#E# 0S. 45582/, RM
FEYIZREE S IR S h 22 ALt R A ) T R4 e 5 RS 1%, B iE£R C-index 1% 0.758, T CRM, #&7~AH
CT AR ZHRE AR R TCO . @B EY, A RO GC BENE, AERAME ST feft &
B,

MR, TNM 2 BA0 A2 5 0 T3S VAL AR O AR, (BAETE — g SR BR %, L TG I A T S e e N 340 5
Y. EWPER B SEE R . AR, R Cox HTER T W N2 M. Rt EY
Joth B I IR 238 5 B AR AP A o, 22 IR A W E Sk B2 I IR T AT fE G IR &R, 5 RRAE I T &5 18
—E[14] (A EALIE RIS ARLLE SN IR IE R Be A BT N 1%, S % Gl PR b L 56 4 2 R 18 T VP AS 75
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A o

Ko BB A0 FE R CT BFUR R IITEAS . SO R B AE, nl b i 23 () 454 . % 5 it &
REERE, IAHMERAR T E UV S5IE IR 2 B A 2 « A FTiEIE LASSO [BIAGEIE H 8 AN Lot 21
SERHIE, FENRSGMEIEE S SOE S, MR A R PEREE, ER CTEU (5 RS B
i R AEAREVIROG, NI TS VRS S AL R AL FE b

AHFFGIN T T GAN B FFE I VAT FRR AL . (AR R R AR S B 30 % . L1 Bk
BN, MBEEE. B3R R T PR e A B EUE B iR AL ARABLRE o 1207 725 U AE 22 TR 5 Hh 3 0L H s e
B AR RETI[17] 18]

AHFFE RM FERIEEEH C-index =ik 0.758, H AKX OS Z R BE, Rt TR REA, 42
INFET CT HTBU 2H SRR B AT 50 B TS TN R . IM SREAT T3 3 2 18], ml RE S LR JIAN B R %,
B, BBRAPFHECHEATIRRGEE . HERAEAFRAE C 7855 WM 5 5T 1 S A 28 1 SR = A
B, BAMI NGRS BRI R A, Gnl kol . B, A0 50 R H R Rr A P2 e g gt
T2, RIEEIMBEGE BN IE TTRREE, PTReZ SR G ERE . BF =, MEAE R
SEEEREL G . S BAEAR S R EYERHE, HIARRE &S DRGSR . A BRAE
AT, GERBEAGSEWENGE. EOERIHIGRE ESRARH S RAE R BANG 77 IRRTE bR R B
BEBARRI G B, SR R R MR RO 5 4 5 A AT N, A A — PR T T
S VA TR

EAFTAFAE € RRIE. H5E, AT —TURGG, BB, PR EL I, 45 81A
BT, RRFIHRZ O FTIEME A IERALE M. £, ARFEREMEN AR, XrTHe
SR RIS AL (RS A, DRI R RN TR RFEAR GC B A4 5 =, ROl ‘& HEXHF-5h5r#],
BRZ ICC BEm R —2tk, (AFEE—E FWME, Baifea® TR — P iREE S5kett. $IY,
CRAIRIR TR F R RRIE PR RIS, ARk mT 5l NIAEGE B IpLs e ge . B)a, Roknria 5
DRIZH 5 e s A 2 SR B A R R AT T3S VA o
5. &g

AT AL T RMy CRM AT IM, A7l GC & AR5 0S. Hd RM Fil ke & fl; M XX
B/ T 20, MRIL T IR IRRRIE S 5 G A R E I EAMME . FEH Z R R Cox BIHUESE, WEIMER
T2 GC B3 OS ML fER K2 . AWFFTUESE, ARET CT ARA S RHETTE AT 2RI AED S5 &
Y, MBI EE ARG UG TSI S, B IIEIRA RS T

= Bf
K FRAR T H B KFE W R ERACH Z: A 2 (e 25 QYFYWZLL42298).
BE 3k

[1] Bray, F., Laversanne, M., Sung, H., Ferlay, J., Siegel, R.L., Soerjomataram, 1., et al. (2024) Global Cancer Statistics
2022: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA: A Cancer
Journal for Clinicians, 74, 229-263. https://doi.org/10.3322/caac.21834

[2] Ajani, J.A., D’Amico, T.A., Bentrem, D.J., Chao, J., Cooke, D., Corvera, C., et al. (2022) Gastric Cancer, Version 2.2022,
NCCN Clinical Practice Guidelines in Oncology. Journal of the National Comprehensive Cancer Network, 20, 167-192.
https://doi.org/10.6004/jnccn.2022.0008

[3] Japanese Gastric Cancer Association (2021) Japanese Gastric Cancer Treatment Guidelines 2018 (5th Edition). Gastric
Cancer, 24, 1-21. https://doi.org/10.1007/s10120-020-01042-y

[4] Yang, W., Zhao, H., Yu, Y., Wang, J., Guo, L., Liu, J., ef al. (2023) Updates on Global Epidemiology, Risk and Prog-
nostic Factors of Gastric Cancer. World Journal of Gastroenterology, 29, 2452-2468.

DOI: 10.12677/acm.2026.1641696 4293 Il PR 2 2 3t


https://doi.org/10.12677/acm.2026.1641696
https://doi.org/10.3322/caac.21834
https://doi.org/10.6004/jnccn.2022.0008
https://doi.org/10.1007/s10120-020-01042-y

[16]

[17]

[18]

https://doi.org/10.3748/wjg.v29.i16.2452

Récken, C. and Behrens, H. (2015) Validating the Prognostic and Discriminating Value of the TNM-Classification for
Gastric Cancer—A Critical Appraisal. European Journal of Cancer, 51, 577-586.
https://doi.org/10.1016/j.ejca.2015.01.055

Luo, Y., Zhang, X., Tan, Z., Wu, P., Xiang, X., Dang, Y., et al. (2015) Astrocyte Elevated Gene-1 as a Novel Clinico-
pathological and Prognostic Biomarker for Gastrointestinal Cancers: A Meta-Analysis with 2999 Patients. PLOS ONE,
10, ¢0145659. https://doi.org/10.1371/journal.pone.0145659

Zhu, Z., Gong, Y. and Xu, H. (2020) Clinical and Pathological Staging of Gastric Cancer: Current Perspectives and
Implications. European Journal of Surgical Oncology, 46, e14-¢19. https://doi.org/10.1016/].€js0.2020.06.006
Mayerhoefer, M.E., Materka, A., Langs, G., Higgstrom, 1., Szczypinski, P., Gibbs, P., et al. (2020) Introduction to Ra-
diomics. Journal of Nuclear Medicine, 61, 488-495. https://doi.org/10.2967/jnumed.118.222893

Bo, Z., Song, J., He, Q., Chen, B., Chen, Z., Xie, X., et al. (2024) Application of Artificial Intelligence Radiomics in the
Diagnosis, Treatment, and Prognosis of Hepatocellular Carcinoma. Computers in Biology and Medicine, 173, Article
108337. https://doi.org/10.1016/j.compbiomed.2024.108337

Masson-Grehaigne, C., Lafon, M., Palussicre, J., Leroy, L., Bonhomme, B., Jambon, E., et al. (2024) Single- and Multi-
Site Radiomics May Improve Overall Survival Prediction for Patients with Metastatic Lung Adenocarcinoma. Diagnostic
and Interventional Imaging, 105, 439-452. https://doi.org/10.1016/;.diii.2024.07.005

Xiong, L., Tang, X., Jiang, X., Chen, H., Qian, B., Chen, B., ef al. (2024) Automatic Segmentation-Based Multi-Modal
Radiomics Analysis of US and MRI for Predicting Disease-Free Survival of Breast Cancer: A Multicenter Study. Breast
Cancer Research, 26, Article No. 157. https://doi.org/10.1186/s13058-024-01909-3

Giganti, F., Tang, L. and Baba, H. (2019) Gastric Cancer and Imaging Biomarkers: Part 1—A Critical Review of DW-
MRI and CE-MDCT Findings. European Radiology, 29, 1743-1753. https://doi.org/10.1007/s00330-018-5732-4

Shin, J., Lim, J.S., Huh, Y., Kim, J., Hyung, W.J., Chung, J., ef al. (2021) A Radiomics-Based Model for Predicting

Prognosis of Locally Advanced Gastric Cancer in the Preoperative Setting. Scientific Reports, 11, Article No. 1879.
https://doi.org/10.1038/s41598-021-81408-z

Zhang, W., Wang, S., Dong, Q., Chen, W., Wang, P., Zhu, G., et al. (2024) Predictive Nomogram for Lymph Node
Metastasis and Survival in Gastric Cancer Using Contrast-Enhanced Computed Tomography-Based Radiomics: A Ret-
rospective Study. PeerJ, 12, e17111. https://doi.org/10.7717/peerj. 17111

Shi, S., Miao, Z., Zhou, Y., Xu, C. and Zhang, X. (2022) Radiomics Signature for Predicting Postoperative Disease-Free
Survival of Patients with Gastric Cancer: Development and Validation of a Predictive Nomogram. Diagnostic and In-
terventional Radiology, 28, 441-449. https://doi.org/10.5152/dir.2022.211034

Zwanenburg, A., Valli¢res, M., Abdalah, M.A., Aerts, H.J.W.L., Andrearczyk, V., Apte, A., et al. (2020) The Image
Biomarker Standardization Initiative: Standardized Quantitative Radiomics for High-Throughput Image-Based Pheno-
typing. Radiology, 295, 328-338. https://doi.org/10.1148/radiol.2020191145

Xing, X., Li, L., Sun, M., Yang, J., Zhu, X., Peng, F., et al. (2024) Deep-Learning-Based 3D Super-Resolution CT
Radiomics Model: Predict the Possibility of the Micropapillary/Solid Component of Lung Adenocarcinoma. Heliyon, 10,
€34163. https://doi.org/10.1016/j.heliyon.2024.e3416

Wang, L., Guo, T., Wang, L., Yang, W., Wang, J., Nie, J., et al. (2024) Improving Radiomic Modeling for the Identifi-

cation of Symptomatic Carotid Atherosclerotic Plaques Using Deep Learning-Based 3D Super-Resolution CT Angi-
ography. Heliyon, 10, €29331. https://doi.org/10.1016/j.heliyon.2024.¢29331

DOI: 10.12677/acm.2026.1641696 4294 I A [ 2 3k


https://doi.org/10.12677/acm.2026.1641696
https://doi.org/10.3748/wjg.v29.i16.2452
https://doi.org/10.1016/j.ejca.2015.01.055
https://doi.org/10.1371/journal.pone.0145659
https://doi.org/10.1016/j.ejso.2020.06.006
https://doi.org/10.2967/jnumed.118.222893
https://doi.org/10.1016/j.compbiomed.2024.108337
https://doi.org/10.1016/j.diii.2024.07.005
https://doi.org/10.1186/s13058-024-01909-3
https://doi.org/10.1007/s00330-018-5732-4
https://doi.org/10.1038/s41598-021-81408-z
https://doi.org/10.7717/peerj.17111
https://doi.org/10.5152/dir.2022.211034
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.1016/j.heliyon.2024.e3416
https://doi.org/10.1016/j.heliyon.2024.e29331

	基于CT的影像组学模型用于预测胃癌生存预后
	摘  要
	关键词
	CT-Based Radiomics Model for Predicting Gastric Cancer Survival Prognosis
	Abstract
	Keywords
	1. 引言
	2. 标准和方法
	2.1. 患者入组
	2.2. 随访
	2.3. 观测指标
	2.4. CT扫描方案
	2.5. 图像预处理及ROI勾画
	2.6. 特征提取和选择
	2.7. 模型开发和验证
	2.8. 统计分析

	3. 结果
	3.1. 患者特征
	3.2. 模型构建及性能评估
	3.2.1. CRM的构建及性能
	3.2.2. RM构建及性能
	3.2.3. IM构建及性能


	4. 讨论
	5. 结论
	声  明
	参考文献

