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Abstract

Objective: To address the limitations of traditional regression models in handling high-dimensional
non-linear features and the lack of clinical interpretability in deep learning models, this study aims
to construct a survival analysis model for pancreatic cancer that achieves both high precision and
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strong interpretability. Methods: Based on data from 591 patients, XGBoost, Support Vector Machine
(SVM), Multilayer Perceptron (MLP), and Convolutional Neural Network (CNN) were selected as base
models. A two-stage ensemble optimization strategy was proposed, incorporating adaptive weighting
and hierarchical fusion. Furthermore, SHAP (SHapley Additive exPlanations) technology was em-
ployed to quantitatively interpret 24 clinical features. Results: The proposed model achieved an ac-
curacy of 90.0%, an Area Under the Curve (AUC) of 0.90, and a recall rate of 89.0%, representing a
2% improvement over fixed-weight fusion methods. Specifically, adaptive weighting and hierarchical
fusion contributed to performance gains of 1.5% and 0.5%, respectively. Feature analysis identified
age, healthcare accessibility, and processed food intake as critical prognostic factors. Conclusion:
This approach effectively overcomes the limitations of single models in complex disease prediction.
By ensuring high accuracy while maintaining clinical interpretability, the model provides a reliable
basis for developing personalized treatment plans.
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1. 518

Ji# s (Pancreatic Cancer) 2 A /& B (142 28 M AT BARSEE 14, % AU AL IE S E R A 1“2
£ o PRI RS EEE R, BE R EE R BUE T EE R M —, KT R A AR (OS)
I B T 109 LA F[1]-[3]. i TEkZ 4 R Erg B & T B 4 80%H) E FERAIZIN CAL T =) H i 341
BORAE AN R, WM T SAEIFARVIBR & M [4]. THIX — ™08 G AR PRER, M8 B A R RS X
FrFAG DR TGRS, X TR0 @ AR AT MR ST S AR BT BE VR B R A B RIS X[5].

TEAAE AT s, TR BRIt g giit-2% 7%, 4 Cox Ll XU [=1 19 4574 (Cox Proportional Haz-
ards Model), KIAVIRAN N “Ehritk” o SR, BEERSHELSST IR R, FEA . AR % Mo T Rk
1O (EHR) &5 i 4 57 i M A0 203 R NI K, A G U7 VR A A X S 55 S0 I AR A FE 8 LI, Xk DA Rd
PEAR B ) 52 2 ARG A A8 TR [6] [7]0 IR, N T e RO I Il e A A5 R B 2 S SRR AE I Tl s
TRIAT 55 rh BB 7 AL G 07 iR I s bR BB 8] [9]. RUBFIRFE 2 RPN, BHEHK “B&” RS
ORI R Z 3 W o W R 5 A e DABRARAS Y fa) 159 HE 4508 7 DA B LA 2 WA R R A 7 B 5 T &5 2R
TXF AT AR () e R 7 RS 1B ARLE I R 2T B AR 5 92 bR R [10] [11].

T e bR AE TIINRS P2 -5 1 R PT SRR e 2 TR A AR B HE R, A SO th T — Ak T H R s
TR (10 JR s TS AR AE A BT RE SR o ZAESER A 7 2R AR SR, adid 51 N B 3& AL E 4 B L 5 40 )2
Bl & aE Ry, EMREANZ LG S R ke v RN, S2RTE 7 I RE[12]. BRA, ABEREINT
SHAP (SHapley Additive Explanations)5s B VAT 2R R M RE 7715, X B 4 e AT B0 AR, EME R Tk
R 2R O F0UJS ) s AT B R L P E SRR, DRI PR B R SR B AL 1 P S AR [13]

2. Mg
2.1. FARIR
#£ SEER (The Surveillance, Epidemiology, and End Results) %3 2 7 1% 7574 BB} g it £ 22 508
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22. MIRF*

T Se I TR BT 6 S A BB, TSR B B F IR O HE AR AT E— 20, MR ER S AE LL A
T F PR BN 0T A 1 e AT A B, B — AR BITF G AR R AR AR 591 9. SR A R ") mice BLEAT
Z EATANEANR B, B S, XATA 2 SREIE S AR D, R L O LA 2 S B TR A RR L
BAFAS . ST T BRAS [F) N AR A A WA SICER B RS HE 43 G SR TR SR, AW 0K Z-score btk
et BT S8 AT R AN A

AR R L RIS, S H U o L 7Y WL 28 2 S T3 VA R A R B A7 3028 o A Ao of P 2 T
P (XGBoost). SZHFHEHNL(SVM). BIHAPL ML (MLP), S5t dE4i Mttt , Au ek 7 —4k
BRAME M4 (CNN)ZER . BRI S, FRATHZ D AL 24 AN RFFAEMUR A RFIE R &P 51 X = [Xy,
Xz, vy Xoa]o M BEERLKNNA 3, HKN 1, TERHMEF Y ERATH SRR, AR SRAS R R
PR AV TE I R AR ¢ R G AR LR MR B R IE . Bl 5 B N B KAk 2 USRI S R FE PR AR R, Ik
AT AR M TNE S . O T S AR PR AT, AR T R A U B A
TENEZR, S—P B WA ALEE S M = {my, mp, mg, ma}, X XGBoost. SVM. MLP 5 CNN. %fF
AR IIREAR x, 58 SR m, IMERETE 2 S, (BT AUC fH). FAT5IN Softmax bR £ sl 245 15 A5 A
MEBEGENE o, FEARWT:

eisk

@

A= =7 s
€
For 2 iR FE AR TR RO A3 A (T 0 BE o 1B I RIS i TR E AR B RER I AUC fH),
AT A IR BAS A . 8 I AT 35 s AR VI A B TN 45 SR . 28 R B AE R AN R AR
R E AN, PRAREARTON 7 2. 55 Mt JRZRME eI G, ik — B i3 S R e AC BN,
KGN T — MR ERZ FRANAENTCF I8, o] 8052 REUZ (79 5800 32 5 16,
BoE B BCN ReL V), i 2 R A Sigmoid B BRI SR FHAE A L, 1IE MK I — 50758 SUR 5 5% i £ (Binary
Cross-Entropy Loss), ARG 1EIE LA

23 ytoa(5 - o5 - Ao @

Hoe N AHEEFEARL, g NIENL RS AE TS Stacking SEBS,  FATHE 55 — B Be AT 46 T HE=R
5 JE A RARE R AT HEE, JERA TS 8. KRR T R R MBS X, BV
BRI W10 T 25 S AT AR SR e, AT ZE DR 2 A B8 0 ()[R I 2 2 5 T 23 R B

e, USRS RIS RRT T I MEGE, (AR AR ZE . X — “HRE” )
B, AWFFRGINT SHAP HEZE, JETFA1EMZEE, SHAP {H AL B AL AR X e & T 45 5 (132 bR ot
BRo AHEFTHE T FTAFEA SHAP {8, 183 4 J5 iR 1R 0 52 i 85 A A7 P IS 1) 5% S XS DAL 1 (n SR B A=
Yikr S RARAE), il i 4 # Kl (Dependence Plots) 7> B4 i AL FRAR AR “A A7 55 “F0Ts” HlEid
FEH (1 FH A S L 5 AR AR e 28 FRUARE o X O 0 TEABE 2R () R A B % Bt B 2 A ) e A 2T
TR T B .

K FA SHTIIKIET R 4.4.0 K58k
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Figure 1. Survival time of pancreatic cancer patients at different stages

1. TEIM AR AR 8 2835 A 77t 8]

3.2. EAELER

1 RIR T A R G RS TE RS . MRS, A R0 Fl-score RASEERLE R, IR AT
DA, FERINS B IR R E SRS TE BT A VPSR AR B30T Hofh se — A RIA% S b & i, i
— I T BRI VE A AL S . b, XGBoost BB 7E#ERZ(0.85) . R/ (0.83) A1 7 [1] %(0.84)
Ji T RIS, AR T I T F— Sk, TN B A AR B i, mTRE TG 78 42 98 Sl o R 2
URFHIE, ‘73 Fl-score 4y 0.83, WAL T HoAh 7%, SCRRIAIEAL(SVM)BLALZE HER #2(0.80) . F& 1 (0.76) 11
Ha#(0.72) FIRWBN—ME, JHR B RZBAE, RFTETTIN D BEFEA (I A A7) N AAE R A AH L
2N, RES AN 2 2 AL (MLP) 1 AR 28 I 26 (CNIN) JU J B0 1 SRS (R Tl e 7, MLP 7E#ERf
2 (0.86) A1 E(0.84)F1 Fl-score (0.84) - #BR B =, CNN FfdE =, #ERGZR A4 0.87, Fl-score 4 0.85,
HE— DR T IR FE 5 SRR R AL B AT AR B AR 4 o 245 P ] s DAL (il & 7 VR, BB R I BT
PTF, HERIRILE] T 0.88, Fl-score Jy 0.86. X — 7y ikl ik [ e AU FoKs 22 MY (14 HH HEAT AL, RE% 45
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BRI A, EHRTREEFEARGER A BRI SRR, VIR E R RIRYE. BN
5 R S AT FC I 377 1) FE P A PP AL 4R b rh R B R . 2T VARIHERS A E) T 0.90, Fl-score
90.88, fA[HIFy 0.89, FihL Y 0.88. HIERINBR I IE B & A MERFIBCE, SR
FEANFESS HHRENE ST IR AE R I T E AL R S HLHIE T 2 B BO ik &2 2t DI R, 521 18
PRTRIPERE . SEAh, Fil e SIS RS A TR DL, R AE DB (AR AR) I i _E R B e
H, SR T AR, R TR WSEIREIRRTE, HEN IS R Rl S B
S 1 BRI AER AR E M, R R AR AL B AR i AR N, RE S S AP R AR R IR . 1
THEAM R & 7 BRI BOR , B3 5% TR A2 AL RE /0, TR 1 HLAE B s A A DR 2 TR0 v (0 R

Table 1. Performance metrics of the machine learning models
= 1. HlgeE IIRBR L RESR IR

i HERRER BT A= Fl-score
XGBoost 0.85 0.83 0.84 0.83
SVM 0.80 0.76 0.72 0.74
MLP 0.86 0.84 0.85 0.84
CNN 0.87 0.85 0.86 0.85
It 7€ InASL & 0.88 0.86 0.87 0.86
HIERAR + RS 0.90 0.88 0.89 0.88

3.3. jHRESELE

L = A eI I AR SR A F Tk (7)) BUERCEIERL . SRR IR R (i) AR SRR
PERE; (iii) 2 HTIRBERIRIRCR . 4 1 B SE R EIR, =R E it R R e MR B B A T ia itk .
“EEMBEE T 5 BN + RGP TR, 2 2 os IR SR, IR
BRI AR N, R R R A R B R R E . BRI T ARG, (B REDIAS K [
SENNBLRL G, 2R W B AMECRE 22 6], AT SR AE o Al ah A BUAE 1 20 5 [ 5 b b e A bk pE %4,
ARG T BE AL o BEN . SRS RY], KA BENES ZRIELNE
AR AE DY i bs Lo I3RTEZ) 0.02 7, RURE .

Table 2. Results of the ablation study
2. HRLLIGER

T TFERE HERf 2 R0 AR F1-score
B 0.85 0.82 0.82 0.82
XA SR 0.83 0.80 0.78 0.79
AR PSR 0.87 0.85 0.86 0.85
[ 7 I R 0.88 0.86 0.87 0.86
FOE RN + EALRE 0.90 0.88 0.89 0.88

34. TEEEM

2 JEoR TSRS FEAE R e AR AP RS TN o (g . Sl T E TP RARE I, WTRE R, ERE
FE B B RAAE, HEENEEOY 0.175, 3 m T AR, R R L BRI AR A RS M T A 4 T
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AL, RIRES B TG % VI G . BBl 5 12 27 AT K2 1% (Access to Healthcare) Flin T. & i ik &
(Diet Processed Food), ‘B 1AHIE ZPE(E 435 0.12 F10.11, R H H 3 & 75 A8 7 (8 M 3R A B2 7 I 45 PA R Tk
BB RERRBRAI T & S AL, X TN A A . A, A J1iE B /KF (Physical Ac-
tivity Level)Fl{4 = T [ (Weight Loss)iX i /MFAE I HE ZE BB R H, 405179 0.09 F10.08, FEFIXLL/E
SR AR 7 > 158 DR 3% 5 T s BB O AR AR S AR AE — 8 SR I WROHE 7 52 (Smoking History) 1S 5 AN i (Ab-
dominal Discomfort) & REAiE (1) TTHR B AN BT AR, 4399029 0.07 1 0.06, H&7x 1A i J7 ORI RAEIR 6 A2 A7
TR B A . EROR— BERRAE BB K W 2% (Alcohol Consumption). 757 (Back Pain). A (Obesity). 2 i
JRI7 ¥ /% & (Development of Type2 Diabetes). 3% [ [F £&(Country United States). ZWifir Bt IV (Stage at Di-
agnosis Stage 1V). ZJiE i 52 (Family History). LA R i (Diabetes) A B FAK, (H e AN I7E IR e 1 AR A7
RS AR R T — @ rEH . BT, B8 A BT 3ATUR B 08 5 PR AR e AN A 3 7 =X
AT 2 0T i e JE o AR AR IRAS B TIOI Z2 5C L BE, AR I I R TR S AR T SRR R, T A NME S %
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Figure 2. Feature importance ranking
E2 TEEEMHF
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AR SCHR HH T 1 T T R £ A AR LI S S R VAL A S AR T . 5
1 FF 2 Pl B8 2 ST SR 52 Flonet i A 28 3 U RV 1 VP A o 1 2 S LA SR P 138 L AASL 140 7 925,
AR S ] (RS 0 6 5 — /N SR B 05 R BE SR MO, TS B S A 0 T 28 . SV A S0 ] L3
— AR B TR R, E R R IR T R A, B B R MR (e s, O B ()4 LI
A, MNTIARBI S AT RS H I TN 5. %059 B e T 5 e — R T e 25 TN B 76 (1)
A, PRI A5 (ST 55 £ £ 3 AR AR T T, BT 8 B AL G T TR, ARG R
(R AR R S R o XA 7 SR PR AR T, ZEVERRR . FL XS PN T L B85 T
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LIRS £ RS BRI TIRGRA 2 2REE 7T, W THIREN LR AIRRARENE. ST
P, FEr BRI HVR A&, AT DR AL TSR BN SRR . WSROI & BOINALHL ] 5 2 J2 R SRR 45
wla, BERIAIRAREEZAIRT:, (£ SR ] UKL 456 Revs B Z IR TR SHERA . EAH
FEA NG P TR R TS, O ok S B e R At 1 9 0 IR SRR . A I Zh A B 3 105 3C
L VEEERL & 2 2 RIS, ZREVERERIRG B T R MI3R T 12074 5 L IR L2 2] ik
AL BRI 7 EE B . SHAP (MR Y], EIRRRIEH, “Fid” 2 BRI A
2, WBORKE R ETI T R E . PR HIWT SRR BORN . BRI R TR 5 RS 2 R
TN BB T IR ST, S0P VR T ORI B o 5™ AR AR A . ekl & T S 5 2 A g
TR R IR, B SR M & BRI R AT S I K -

ASCH R IR PR R H SO RGHI L, BIAMRFRE . BRyT BIEEREEE . iz e fr s s
JIHREIT TR, XM EAESGE 2T IR T FERCR LRI TIREML T YRR 3. WA TS R 5,
FEFS TR 22 SRR T A Z SRR I (i, 2% 5 (B2 AL P RE B2 R B A AR iR, 38 T Al A%
FEEETEIR, T BRI HOE AL B A 7 ok Se MROX 28 ) . AN SRER 45 AT AR H . BUAT A 2R 3t i A7 4
TR )RR ), X2 UM IR A S RO B A AN 4. ARRMEA AL, A REAR I M Sk LS
AP SR EARE. N TR, ASONE BB TARSCHIBLE], R4S T AR R SO
PAM SR AR T 2 eSO T SIIE RN RE ), R RSB o AR IT 1 = ST A R AE I PRIA
SR AR, AW AR, AEBR A AR ST [ BN AT AP A W N 5 A7 i, A SRR 1A
NIRRT R IR AR SRR KA . SR SHAP JHiEXT R T HLas o > fi
HRFAEAE S R B AR AT R ROC I ), e R R S & R R B R RS Arldok, I E AL RS
RFAEAE TR 25 SR b FOkS B (A B o (B 280 ) TR B2 ST, SHAP J59A7E 45 H FLUL &) 14 ) ok
SEMRAT B AL o IRIESA IR NS R 2% AR, B WL A BARTE, A AR R SN EAR XE R
HAR SHAP J7 3% 7T LRGN B — TS5 R K= SR RE 7, (H 2 2L 4x i B B B ) 47 9B CRI Y
TER B REAAIEVF 2 WM. X —HERZ BT SHAP {HI¥7H 53T Shapley [EIIRHESE, 7E m4E%dE LA
Je % J7 M 28 IR T ARAE B RIS 2 o JRHASRE B HE S ittt A% O SR 21 DR 350 T4 it ) e i F2
MR 7 EAER L 2 S GUR P I SE PR R . R s BT i2 W RAEIVERE, SRR E Nk, ASCHRI T —
ORI TT 5, BRI SR E 2T L IR E MM SR A A 7 T BOR, B i — R 17T SRR 44 by 8
TG i BB IO BRI o 2SR BB RN B IR AR R Iz AL RE T, AR e B Bt 4R B b
BRI TRINAERE , R RE R 5 PR SETTA, AR B PRI O T R AR T B RO8AT o AR SO AT A e ik
TR T BORTE i R P SR REI WY M RT A5 8, Ao AR R A ot HE B L AR AT SE PR U PR AR, AT i vy 1 7
IR AN B 3 — BIHT T SR BV 2 Mo 2 o s E DB 00T, RS HER T 7 IR I i MR 6T B bR, X T
R ML ORURE 2 7 AR A RE R o SE A S 1S4, n] AR Y i BE M PEAL 2 W7 5 113
RZ, MIMTEE B TS O, HESh MBI A Rt R, IR FE AR IT 72 R R A6 D e PR S FH ) i
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