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Abstract

Objective: To establish and validate an interpretable deep learning nomogram (DLN) model based
on contrast-enhanced CT (CECT) for noninvasively predicting pathologic grade and prognosis in ret-
roperitoneal sarcoma (RPS). Methods: Retrospective data of 193 patients with primary RPS were
collected from two centers between January 2010 and December 2023 (training cohort: n = 116;
external validation cohort: n = 77). Radiomic and ResNet34-derived deep learning features from tri-
phasic CECT were fused via a residual multi-head attention mechanism and integrated with inde-
pendent clinical predictors to establish the DLN. Model performance was evaluated using ROC
curves, calibration plots, and DCA. Model interpretability was achieved using Grad-CAM and SHAP.
Kaplan-Meier analysis and multivariate Cox regression were applied to evaluate its prognostic ac-
curacy for PFS. Results: The DLN model achieved an AUC of 0.882 (95% Cl: 0.792~0.971) for high-
grade RPS prediction in the external validation cohort, outperforming the clinical model (AUC:
0.530, P < 0.001) and deep learning signature (AUC: 0.878). DCA demonstrated maximum clinical
net benefit for DLN. Interpretability analysis revealed high model focus concentrated within the
heterogeneous tumor core of high-grade lesions. High-risk patients defined by DLN had significantly
worse PFS in both training (HR = 2.555, P = 0.013) and validation cohorts (HR = 7.382, P = 0.002),
with DLN identified as an independent prognostic factor. Conclusions: The externally validated DLN
model offers a non-invasive, accurate tool for preoperative grading and prediction of progression-
free survival in patients with RPS, enabling personalized therapy and improving clinical decision
making.
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fIE 1 5 AR 4H 23 AL 98 (retroperitoneal sarcoma, RPS) A& — 8RB K ARSI = R E 2K E LR, 29587
AL 12%~15%, UG REZ T R[] [2]. BT RPS MR AL EIRIE . T2 IR (A
AR H AR MR, 4lnARRIEEIRT Rk TACRPkER(3]. HAT, SMREFAAIZ RPS ME—H]#E
SR BIRTT FB (4] AR, ZHuOaF iR, RETEYT AR E S b OB (FNCLCC) 1 2
(fXZn) RPS & 3kak, X 2 ol 3 H(mdon) B I BB T7 2451, RItk, ARFTHI RPS 55 35> 2%
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HRE R 281, R BB R B, HLDR e e B e SO A 5 P AR ORI [ 7] DRI, W R
—FICE) HER HONIR RS AEE 22 (8 ARG P4l 77

Z W58 CT (CECT)E RPS izl 7 HA LR JGBE VR IEE AT BRIMERS] [9]. IEFK, A
TR e SR BE A 2] (DL) A5 S 13 B o T e AR AE TR A R R T SR 2 23 PRI 14 29 B 5 1o DA v R L LR B KT
F[10] [11], {HILAE RPS HH R I FIRZE M B . B W R BARZARA CT AR 4124 T RPS H W
VT (R A Ry 78], AEAEAE 2 PR TR 2 R BT, Bk = 5 451 R RPS HH 2 AL RE /1 . L 4E 5K, Transformer
I 28 LR HLAZ U ) 1 VA T UL A8 1 A% G A AR A 11 o S0 B sz BT R ), E R B O O 3% 7 T e B
IR PERE, JEEESARGE OIS T2 R/BE[12]-[14]. SR, PRI < Ba Frvha K
PRl 1 HAESEBRIG AR TR A HET o FE T80 BE IR 0T BT (class activation maps, CAMs)-5 035 | i 4 fig %
(Shapley additive explanations, SHAP) &5 i] iR PER A, W] AR HME 2 G IR S nT A4k, AT F& FH I PR =
PR AR TN 25 ) 5 BRAE VP Al S A5 AR BE[15] [16].

ST, AW B R IR — P T AR CT B nT AR IR B % 21 51| 2 I (DLN) B ZY, DLHA
FERFTHAER AT R R RPS B I E 2, FFVPAl HAE Jo ik f AR A S (PFS) KU 432 w18 F0ll 477
5.

2. EREF®
2.1. BEHER

AHIEFE A [E I BB 5 o [P CAE 2010 4 1 H 2 2023 4F 12 AH B M EER S 7 2 ERER
2 R B ERAIE SN IR B M RPS (B IR (1) SR RG2S N RPS HLIG AR HE VRl 52
(2) RATEA RIS B0 & ER I =M CECT BUE . HiBRbr#E: (1) RETEs2id B it
7 BUTEARIGIAIT s (2) IMPREREE VT FERHER R s (3) CT MG AT1E ™ 5B 0 5 5 i g 0 82004t JEgA N 193
g, HoFRREMEER 116 BI1EMIZGE, TEERKRERDER 77 BIERIMBIIEE17]. &
WEFCIENE (MRS B2 W 22 R 22 T AR L% B4R 5 75 ) (TRIPOD) bRt

2.2. IERFIRHER RRF 4

WA B B ARG B (RIS M. Ki67 1BE0EE ) FIZE 8 R EIR G B RS RARG(T 7. N &
M 73 30) o it JRe o R 23 2 A 4 2 g i 0BG A 23 (French Fédération Nationale des Centres de Lutte Contre
le Cancer, FNCLCC) 72 R G AT EE[18]. Herf, FNCLCC 1 258 CNIR S5 M8, FNCLCC 2 %A1 3
G e SR N IIE -

i 2 % HA 6 LA L RPS SRS W2 50 (TR BHE T 73 501 PRl CECT BME, VRS ATAS & Ailm AR A5
PR, BENA—BEHESRIA N . 2 kPt CAM i BURRA 5 R 890 k14T 50 4T

2.3. BSLBRXRODSTEI

KH ITK-SNAP R (v.3.8.0)0 = HAKESE CT EUZEEATEOSERX (RO il . 2] il i Y R i
GRMEHEAT, AL R P R BRI S L D3, R AT R HERR AR IR R AL SR KM . A
AR T A VAL SHRERR U — Bk, W Je il R A MR ARG, BEE S TARYF L CT AfERE
(3~5 mm)FIEZES, ANHBR = 4E B RAE T BESI NIZ R AR R, S 28 R U R 5 oK S5 o Pk
(R Z BT B ROT T 5 SRRF E AR B SR BE AU M 2 . BT RE 0 ROT )| il 1 4 B 6 4ETitie
Wreoe (BRI e B i, FE 1 44545 10 4D B850 00 @ OB RHE T 8 4% B AFE 0, 1Bl m
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2.4. EGTAEE, BuEEESAHEIRMR

BEXT = HREE CT BIE, B e AR LVE (96 400 HU, %if7 40 HUbRHEAL AR ZGRAE, IFZiE4s
TR0, 255156 R, LADEAL R S s (K 50F PR o PAS KA 2= T B A% 8L (Y] ROT Dy Sk S B 88 S0 57
NE, FAE m RN SE BT 1) b 504% 1.05 i RECEATSELLEISNY, LA SRR 12 25 K Jo] IO 53 1) s P Ak
Fo FEET S IS IR AE 9 SETE, $2shhkd . Sk AN R ATl T HE S, M 3 Il TE S TR
B, TGRS 2 ST AL RENS [RIIN $R I 2 Eh A A Ba, BB ERME I — =0, 11WERL IFRHA]
=R AGE R A I 48— R B HE R 2 256 x 256 135

AP ERR G, WZREMSI N 1 LR (BT . AR I A) . B 50 B RE R
(CLAHE. #i4b) KM s DL 0T 7 o ABOM0) (10 Kl 49 5 SRk (N PR R 20%~25%) . Bk, 41X B K (b
& DEREREREZE OVFEARISA AL M L RIS KU, SIS UMK R R PSR AL )y
BN 0.8 5 2.6, IR HOIR R 4851 75 B2 LAV B T i 2 o

25. REFIIMAMESREME

2.5.1. BREFFFHERDS0HiE

i PyRadiomics M\ —H CECT $&HUZH 45 AE (R 1220 ) H3EAT Z-score brfifh. FETIIZEE, K
VB Mann-Whitney U #856(P < 0.05)F13E T 548 Amin (1) 10 #7238 XIGAE LASSO [l VABFTHAIERE4E, &%
FAMST IR 16 NRFE IR DFE R 48 4R FAFIE M &

2.5.2. SIESIFIRE SREE

BB =@IEE G 5K &S ImageNet 71l Z5H) ResNet34 MLZIEIIA AL, Eid 6 kv EZL 3k
B IR (Dropout = 0.2) H & N BN SR FEAFAL 5 A A RHIE U B, MU IR 22 S (DL)BE . SR i
K25 2 K3 Logistic [0 VA7 126 7 I PR PN S F o % 5 4 DL P43 5 30T PR R Bk & 44 2 DLN B4

2.6. £

BV =8 CECT, RJ5 2 FENE3~6 PHEE 1K, 2F 56 MHESE 1R, Ti#t/EEf
HHPFS) 5 A M F ARV 2 H S 22 95995 38 J2 (JR) 38 B aze b 7 7% ) B A YR I 5 RIS T8 AR I 2R 45
DLN 5 H 1 i A A BTE (0.69), 5 83543y v KBS 4H 5106 UG 4.

2.7. GiESW

G2 W R 34 (v.4.2.2) 81 SPSS26.0.. Kolmogorov-Smirnov 646 F T~ 1% 445 & () 1E A PEAG 56
Mann-Whitney U £556 F T3 2248 & ) (A LU L, 2 K30 8K Fisher ffiIMEZEH T-4r 8 B AH W LR
K —8rEFE 5. ROC Hh£k [ (area under the ROC curve, AUC) A5 AU 1E )1l 25 52 A1 4P 6 1IE £ H )
PRI RE . K DeLong f46 LU SR A] AUC 2 5. RARAEM VPN BB L& L, Hesk 2k
T PRI R I3 3R 56 - K F Kaplan-Meier 4247 1261 log-rank #8404/ 25T DLN 1) PFS X7 2RI
KA R Z I # Cox LU WS B PEAG S TS R 1. P <0.05 AZER A G L.

3. &%
3.1. IEFRER

193 {5l RPS FREL2ERA L 1. YIZREEL16 )5 HMBIAEEE(77 H)RPS EEMIGIAK K& CT B S5
FELLIE N 20 NZREET, BB T IELA(67.65% vs. 47.56%, P=0.048) 5 7> IR 75 EL1(35.29% vs.
14.63%, P = 0.028)% % /= TR A 4. ANBIRIESE T, (RG-S mg n A ie) T f A & 2= R B gt
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2 (P> 0.05).
Table 1. Pathologic type distribution of retroperitoneal sarcoma in training and external validation
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Table 2. Comparison of clinical characteristics and CT features between low- and high-grade RPS in training and external
validation cohorts

3 2. GEFSNPIIER T RAEA S SRR FRBEL AR EIEAR TR K CT HHEELAR

YIZEBAF(n = 116) BHIEBA (n = 77)
ks (il i 2 P (il =)
(n=282) (n=34) (n=154) (n=23)
Ki67 (%), FALEQR) @ﬁ%m mﬁmm %M(w&&m @ﬁ%m 0-109
P71 (1) 0.048 0.861
Lax s 39 (47.56) 23 (67.65) 27 (50.00) 12 (52.17)
ok 43 (52.44) 11 (32.35) 27 (50.00) 11 (47.83)
AJCC (5l 0.120 0.521
I 25 (30.49) 4 (11.76) 17 (31.48) 4(17.39)
1I 3 (3.66) 1(2.94) 1(1.85) 1 (4.35)
111 50 (60.98) 26 (76.47) 32 (59.26) 17 (73.91)
v 4 (4.88) 3(8.82) 4 (7.41) 1 (4.35)
JEA(H1) 0.028 0.927
K 17 (20.73) 9 (26.47) 15 (27.78) 5(21.74)
ALIRIN 12 (14.63) 12 (35.29) 10 (18.52) 4(17.39)
LIZZSN 1(1.22) 0 (0.00) 2(2.7) 1 (4.35)
ANFUN TR 52 (63.41) 13 (38.24) 27 (50.00) 13 (56.52)
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gk
FAIRBE(H) 0.082 0.332
¥ 41 (50.00) 11 (32.35) 30 (55.56) 10 (43.48)
H 41 (50.00) 23 (67.65) 24 (44.44) 13 (56.52)
. 9.00 8.50 20.50 20.00
PES (), HOLHAQR) 3957 1400)  (525.1375)  °792  (8.00,39.00)  (9.50,27.50 705

VE: IQR = W4 fiffi; AJICC= EEERERRAZNS; PFS= LilEAGFH.

3.2. ISFREEINISHIRIAE

Z K&K Logistic [FIAZREIR, A5 AJCC 73 W2 il RPS i 2% 5! /5 1 73 4% AR SL T PR 32 (0L 42
3), FFE—SHTHE DLN B, ImREBE N GEMISTIIEE TS AUC 235108 0.923 (95% CI:
0.879~0.968)F1 0.530 (95% CI: 0.402~0.659).
Table 3. Univariable and multivariable Logistic regression analysis of clinical and CT features associated with RPS pathologic

grade
%z 3. RPS TRIBARMEXIGARK CT HHER B E RS ZE % Logistic BYA

HHRER Z
e
OR 95% CI P OR 95% CI P

Ki67 1.015 0.994~1.035 0.157 0.987 0.951~1.024 0.489

5] 0.484 0.213~1.103 0.084 0.224 0.053~0.938 0.041

AJCC 38.515 5.585~265.605 <0.001 110.369 8.698~1400.501 <0.001

& 0.79 0.582~1.072 0.130 0.573 0.304~1.082 0.086
AL 1.87 0.821~4.257 0.136 2.249 0.529~9.572 0.273

vE: OR= HufHEL: CI= BEEXIE.

3.3. DL &8 & DLN &8 A8 Bae i

TEAMI IR UE A, DL B8 B il ge Al TG R B, AUC 435124 0.878 (95% CI: 0.788~0.967)F!
0.530 (95% CI: 0.402~0.659), 25 HAGGiit2¢ 2 X (DeLong #:46, P < 0.001). #E— &5 REFIE J5 14
7 () DLN AL SR EEGIERA A T i AUC 4 0.882 (95% CI: 0.792~0.971), #: 5k DL # AN A 17, {5
W 2R TG L (DeLong 55, P=0.157).

BRI RER SN IR T IS RPS BERE D H A% 4, K 1. DLN £3#9 %
2(A), fERMGHILRET, REES IR AL Gl R AS 2 e It B e A DR EE . ZE VI ZREE AN SN IRHIE
S, B SIS RPS B ¥ DLN Vo 2 F A Gt 2 LOLE 2(B) E 2(0)). RHAERTZS v
FMZ o HTiE R, DLN AR A2 5 s Pbril s — 8ot R 4F,  HARIRTS & s R 3k s (O 3).

3.4. DLN =B ] IR S 4

AA)EIR T IIZREE A DLN KGR 70 4 « At — B3 DLN B8 p o] i@ Bt , A 78R CAM
AT SHAP 73 M 5 55 AR Tl AR B 3E AT v AL AR [19]. 456 CAM. SHAP K/MAEFIZEIE, AR FTXT
ASTA] RS Ao 55 £ 2 P vk SRR U AT T VR BRI ARAL(OLI 4(B))e CAM AT Jg Ml i 78 00 i 2 v A [ 4% 25 X3
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Table 4. Performance of different models in evaluating pathologic grade of RPS patients

= 4. RENF(E IR IR R AR R B B RIE T RAVATRE

A 7 AUC 95% CI MR REPUE FEREE
I R A Y 0.923 0.879~0.968 0.836 0.941 0.793
YIZBAF(n = 116) DL & #d 0.984 0.963~1.000 0.974 0.971 0.976
DLN ###! 0.988 0.973~1.000 0.974 0.971 0.976
I PR A Y 0.530 0.402~0.659 0.481 0.826 0.333
ANEREEAIE A B (n = 77) DL A4 0.878 0.788~0.967 0.831 0.783 0.852
DLN #i %! 0.882 0.792~0.971 0.857 0.783 0.889
7: DL BB = JRESIEA,; DLN B = JREE GRS Cl= BEXIE; AUC= ZiRE TIERHMEMZE T
.
A PIESS B AN RIS SR

i2d =d
IES 3 B ° /
| IR . ’ I R
1 — DLEA c — DLER
a — DLNHZ! = — DLN#%
I PR PR PR PR PR P T )
1 - R 1 - $pR

Figure 1. Receiver operating characteristic (ROC) curves of the clinical model, deep learning (DL) model,
and DL nomogram (DLN) for predicting pathologic grade in the training and external validation cohorts
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Figure 2. Construction and predictive performance of the DLN model. (A) Nomogram visualization of the
DLN model. (B) (C) Associations between DLN score and pathologic grade in the training and external
validation cohorts
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Figure 3. Diagnostic performance and clinical utility of different models. (A) (B) Calibration curves of the
clinical model, DL model, and DLN model in the training and external validation cohorts. (C) Decision
curve analysis for all cohorts. DL, deep learning; DLN, deep learning nomogram

B 3. FRIREFISHIMEE SIRRSEA . (A) (B) IIEFRIER, DL 281K DLN {REE)ILES
SMNERIGIEER PRI ERIZR . (C) PR A RUIREERIARKRZ 4. DL: JREF3; DLN: REF SFILE

MrBem R, M TE AR O E X8 SHAP B3k — 20 B AL SR AME SR AR X3 B 20 R TN 45 2R 114
DUEke FETIERREI, mPNRBEGER A, DLN iP5 =0.965)7F CAM K FRIU A MR % O it X
{1 e L, TR R (88 C, DLN 1F2) = 0.016) U 5RO i o flRmi BORES o 3E— 2B HriR
FIRGI I, ARFHTE & B (RZ0){H DLN 1¥7> = 0.893) Bkt A A7 72 Jay kb 1 & L 52 A0 X (CAM. 223
k2L ), HAEA B IR 2> WI(T3NIMO), SBUERZR G PF o s BB TE 5 D (=432 DLN
73 = 0.013) U BRI b A BRI HL P o s AR 24050, k= SR R0 2 ) S S PR AIE, 3 BB E 25 ST BB 2
A1 ARG i 2 AS A2

3.5.PFS R B

WRERIMFRAE LR HAL PES 43518 9.00 4~ H (IQR: 4.00~14.00)A1 20.00 /4> (IQR: 8.00~38.00). LA
0.69 NEI{E, DLN BRI o s MK 4 . Kaplan-Meier “EfEMIZRFR, 1EVIZSEHR =
2.555, P=0.013) /MG UEAE(HR = 7.382, P=0.002) 7, 1= AU ZH A5 1) PFS 348 35 2= TR AH (LI 5).

R4 TR VP A RSS2 ) T T A dl e 792 SR PR R ELIE 6 0 75, ASHF 70K DLN PEA-E R4 AR
BEHBEMAN Cox LLHIREGENIEHAL, MERELKZ R RIS R TR, ELAE DLN WaEINSAE S
HRIGAIFAE Fp A2 FR A PFS BUBSZ TS fE R R R (WL 5).

4. it

AW R I ANERIEAE 73T =1 CECT 9 DLN ##, szl 7 RFTLEAIES RPS RIS PFS
TG D E. WA R, Bafiilfs R TE SR 50IE S HP A RE 0™ BE.(AUC 0.530), 38 HF AR5 2 00 25 8l R
P b e DA i O N 2L B J SR 2 AR M o T DLN Gl il = Hsh A otk m R IE 51 E R
FIHUH], BRINFTRE T B vz A A (I6E 5 AUC 0.882), I&IF T 0 BIR B 27 ST HRRAE X 4% S R 1A 1 3

DOI: 10.12677/acm.2026.1693180 1434 Il PR 2 2 3t


https://doi.org/10.12677/acm.2026.1693180

M 2% AN
RIG i E .
BH Yo

0.91,1]
(0.84,091]
(0.77,0.84] .
(0.70,0.77] BFEA HHB
(0.63,0.70] DLN i¥4}: 0.965 DLN i¥4}: 0.893

0.56,063] TNM 4}%: TINIMO TNM 4}%: TINIMO
(0.49,0.56]
(0.42,0.49]
(0.35,0.42]
(0.28,0.35)
(0.21,0.28]
(0.14,021]
(0.07,0.14]

0,0.07]

DLN ¥4

B D
DLN i4}: 0.013
TNM 4}4%: T2NOM1

........

Figure 4. Distribution of DLN scores and visualization of representative cases. (A) Distribution of DLN scores in the training
cohort and the location of four representative cases (Patients A~D) selected based on the score histogram, along with their
clinical TNM stages. (B) Original CT images, region of interest (ROI) maps, CAM maps, SHAP maps, and individualized
nomogram prediction score displays for the four representative cases. Tumor staging was defined according to the eighth
edition of the American Joint Committee on Cancer (AJCC) TNM classification system. DLN, deep learning nomogram
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Figure 5. Kaplan-Meier survival curves for progression-free survival (PFS) stratified by DLN risk categories. Survival differ-
ences between the high- and low-risk groups defined by DLN are presented in the training and external validation cohorts,
respectively. PFS, progression-free survival, DLN, deep learning nomogram
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Table 5. Univariable and multivariable Cox regression analyses for progression-free survival in patients with RPS
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