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Abstract

Primary liver cancer (HCC) is one of the most common malignant tumors worldwide, with more than
half of new cases occurring in China. Surgical resection is currently the primary curative treatment,
but its high postoperative recurrence rate significantly affects long-term patient survival. Therefore,
accurate prediction of postoperative recurrence risk is crucial for developing personalized treat-
ment strategies. In recent years, with the advancement of artificial intelligence, machine learning
(ML) technology has demonstrated significant advantages in prognostic prediction for liver cancer,
notably enhancing predictive performance through multimodal data fusion and complex model
construction. However, most advanced ML models exhibit “black box” characteristics, with opaque
decision-making processes that limit their credibility and generalizability in clinical practice. This
article systematically reviews the application progress of ML in postoperative recurrence predic-
tion for liver cancer, focusing on the construction methods and performance of ML prediction mod-
els based on different data sources such as clinical data, radiomics, and pathological images. It also
explores the role of interpretable techniques, represented by SHAP (Shapley Additive Explanations),
in improving model transparency and clinical trust. The article further summarizes current re-
search challenges, such as data heterogeneity, insufficient model generalization, and a lack of inter-
pretability standards, and outlines future research directions.
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dE. ZHSEEE T A SIRCERHE, RAEARRTE R R, M RESE DL RO . FE T DUk, BLES
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SR, ML ] JU AR 2 ST )R 5 TR Dy e o A R SN LRI AN I I 5 [ A e AR AASE AR DAy T A5
SETRI TRy “RRAG”  XMASTT RN ™ H AT 1 AR A I PR S B B 5 AR 5 N R4 [4] - AL,
AART ST AL & o IR R AT AR, (L TN &5 SR RE 06 el PR 2 AR B L TR 5 RAN, oA T 4 HTHEAE
MR SRR . ASCEAE RGBS 22 ST FE TR AR5 & RN o (R BAR, B R R AT R PR RO
MIBERE . PhACE ARRI ), BUEEE N T B AE A RS HE BT P R IR PR AL -

2. MBF=IHTHNELEFARBRREE X
2.1 EFilsREBUESTRER

I PRECE =2 s B R PO (Lt , B B R B S =R Ter . MRAF eSS, RWESE
R TR f 5 F IR . A£G 41t )50 Cox [B1V3 Logistic [ T) B A] @ ko, (H A DL R AR B
P ERL HRK R LSS VRGeS B I & 2 4 FE IR R A &, R IERE . T8k, 5
N AR LA 2 2] B I R AR BT IR BE T2 08, M T — RAVE R BOAAL . an, SR8 [5] KM
ARG 1A H4ME I RBM15 mRNA K [filif GDF-15 & [ K3 ¢ HCC A J& 52 K MM 7l 1, BEE T
I AUC 1k 0.866. ZFFESF[6]4 A2 4F HCC B, 3T ARHTIE b # 2 P OB AT B LUl <1). &
FRARIL(GNRI < 98) K ARl AR LA 2 T FUIIAR A, AUC A 0.855 (95%Cl: 0.776~0.934), REKE N 79.17%,
FESEEN 84.62%. bAh, SOAEFRFR A PRI 40P - R EL A LUAEL(NLR) Ifi /M- L 41 g b B (PLR) 5541
B UE S5 5 R RS ARO[ 7] [8] .

FENLAS 2 ) RS b, BEHURAR(RF) . AR FEFE TH(XGBoost) . SCRF IR EHL(SVM) S 4R 2% 21 7
BRIV AR KA QLT ILTEE 471 B HCC BE %R, KA RF JHikA & (ERER . BimbgR
WA, OB . AST. BKERILE), £ SMOTE ~Fi £ 5 #4922 (1) XGBoost 155 8 75 5 HH 1 ff 4k
0.905, AUC A 0.905. Liu ZE[10]thE 7 2 )2 EAPL(MLP). HIiERIETH(AB). FENLARARE SNFEE, K
P MLP ZEMlR 4 AUC 5% 751(0.680), Jfiid SHAP J7 i fidks T LB iE(n GGT. £F4eE A JE. ik
L EH ) P DT RR

BT I R EE AL 7 SR R A BRI DU 25 2 W AR R AR 3, e IS & A B R A TR
(EREE R HE) ™, (R PRI R 2 W &5, IRREIR ARG, Sy v v ok, —
B IR A A A T 2 B Jie 87 P AR 0547 D R RS BRI o AR SRAE TN 2 BAR R 2 RS HE i & (0 7 1%,
DA AR B ) T 14 B ¥ B BN I R TR AR (067 5 AR A TR AR AE) AN, LB TSR fy it i 5 /1
LR

22. BT RGEFNTMER

AR, AGH S I8 A A TR . AR A 28T CT. MRI &5 B 22525 il
PERUE BAFE, GRERIFIE . SOARAE . TRAERFIESE, GBS TCOI PR Bt . AR EER, R
HI TN A R A 7 T E A R IR B . 2T AR W], BT CT 8 MRI AR 2 AR AL i R 5 2k H
BRI E . X EE[11EET MSCT RRAE(MR e AR AR Sk CT {8 %) K 2 (1 TRi 55 2
AUC 4 0.860. #FHESF[12]5: T 2 K5k CT I8 Al S A8 4 SR AE G & I IR TR R A TR A B8 AUC i
0.743.7E MRI J7 [, 7 s i 55 [13]8) L ZEFR — A 58 MRI TR FE 2% SIS (MVIT) FROAH 22 - 138 HCC
HRXE, AUC 4 0.803. #EHULZE[14]13E T V43 MRI G412 R AUC ik 0.968, X4 T
B s, e R A=A .
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VRIS STk — D3R T T AL I E SRR J7 . MRER[15]3E T2 ] CT #800 ) 3DUXENet 4
FE 2 )RR, FETINAR J5 TACE 697 38 L H K EAF(RFS) /7 TH, J8IE4E C-index 1A 0.855. XIIZER[16]%
T2 2 HANE O CT AR A 22T & I PR IE AL 2 1) 26 A7 TR AL, 76 Il SR8 RN IE4E 1 AUC 433K 0.722
#10.719,

AU AR RE g SR NIR BRI E S R, THEM TR . R, R4S
G2 AR BEERSEGYW, ARdE ST EE R Y TS, Rk, R EFLESZ PO, bR
WG BARIL S, JRE GBS SR 5 2 2, Mt S A 2 SO TR AR B4
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BB REE SE Ot = MR AEY A E . R, BEEBCTRE BRI RE, BRSO e A
RIS 2V R B G AT A s dr, DLTI AR S =%

BB SR 858, W E RN AR R (WS IR HUB A 4R, TR AR -

Saito [ 17]HI F SCHF I EAHL(SVM)X HCC YIBR ARG HE Gy BG4 b, fs 17 5
RPEMAER SR FE WY, R A e BE AR P 2 18] 0 A RS AR TR PP B BB e P E R ROR
REE I TE A B I I v 70 R A [ e e U ER VALK, RGE4eHH T HCC AR ) IX sk G e St o P 1
W, IR T BT A R G R TIMES PP4r R0 1% R Gt i 5 4 G P2 4 HLE S8 oA 35 o 1) 2 1) 4
AL, SCIL Tk T 20 B8 A2 5 XS 1 vt g FEE T [ 18] o

R FRN], BRGSO A dIHESISEE B S R R R . BRI DI OG .
FIT UL, S B PR A RTINS R A I PR S mh BAT T R AT S SR, AT AT ST LBk,
T B R IR AE AL SRR ANRIE AT . TR PE 2 ST R (R W] AR 155 . RO, B BOR AN it 20 AN 5dia 1
ANWAR R, BT B R B TN TR A B A e AR i S A TIN b AR SRR

3. AIFRREMEHER

JEE LA SR e R S5 R T AR R, (R “ REAE 7 RR IR PR 1 A I PR S e v )
Mo BEATREAARBRKIE IR RR e oo, DAVPAS I PTEE . HEE IRz, R miill 45 58 & B R
HEF G, W ERE N T BE(Explainable Artificial Intelligence, XAI) & 7 ff1Rix — [a] @, BT (1375 WA B
ARG .

3.1. tEG T RERER

LAY (U Logistic [R1VH) RS &5 4% By HAG BT () mT ffkedE o i, %1128 &l (Nomogram) e % ELUL
JE IR AR O B R R I DR, A T I PR 25 A= AT ARG VT 43 [19] [20] 0 SR, 3 4 ff A AR 70 A 4 T
PEREA PR, MEDLAL B R H0 8 .
3.2. SREMNHEEBERAR

IR . R SIS ML AR 2 ST, T 50 N B8 % i P i AR B e s L v St
o VORI hnyZ: B (SHapley Additive explanation, SHAP)S& H i & 32 i E R ik —, ‘Eilid it H a4
RFERT Shapley B R & AL X P &5 Rk, 12454 /5 R fRRE[21]

5k 47 [9] N SHAP X} XGBoost B AHEATfERE, /R T AFEES . BEIMLER SR a] . FF 07 B SERHEX 2R
PSR IE f ey g, SR IE I AT MO R TR AT AL . Liu ZE[10]8H SHAP fi#f 7 MLP %
GGT. #F4EE AR RN M S5 SR IE A F 7 1) 50 o X BB R AN 50 T = A S B A5 AT
WA BT R IUE A S0 0L, a0 28 FE FR AR -5 R R I Bk .
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Brubz Ab, B U (PDP) . J= i Al R A - BURE 20 B (LIME) SRR B A TR R4 2% S A
M i, FRERE[22]3 Tl A G R AL A @ IR LA B o, i R ik B B HE P 48 78 1 R R
N R R S T LA T

SHAP S F] il Btk SR 2B R T 1 2 AR IR PR T4 32 BE[21], B H AT 2 8t se i B4 “F )
BRI, ROARSEILS I ROk SRR IR LR & o ARRIITT ACAS ELa R TR, i 2 A e S ] 45
RN PRREASFI R 5 T BT 45

4, P ERE
4.1. HETHRmIGRIBEEE

JUE PSR SIERE R T S 1 Rk, HOTmIRE 2 kiR, —RASIEMERRm: (1)
e i S ARAEAL 1) o] B B A A B e ARV E A —BEE I, MR Rz ARE 7). (2) BTN
WRESIA R : REHUBRIE T bR f 2, B ANIIGIE, BEALAM . B ARV RE T Bl 2 [23]. (3) I
RREVERRAEGR S . H AT M JESE— IO VR AL R bR BT B AR 45 R NI PR A BV E 5 SC e . —RAE MR E 5
WEZM: (1) REEMMNAE: LATTIER L ML R, WA SEGEE RGBT ZEIE/N
MBS RS TCGEER . B IO B REA R A TS, SEMAAME, BEISHAE R LR
MIRIFH o (2) i ok SR A RUPE 19 . MRS 285 SR A (] LAk« & AR 5 28 B B A A Hh 2 sl 7 ok
S ATIREARMEAE L. 2 i 2 B R B = I RIS UE AT M i ik, TEikAF NIRRT AR . (3) /B didit
X AR PR RO SR SE [E A i 2 i BV LR (FDA) 55 o [ [ 5 24 it B 1R (NMPAY YT AL T &bk
et o AU A AT AR RETE . FDAFE (T N LR BRI & 2 B BT S AT 3t R b,
TR N % — s REE TR, DA 2 A P L HE IR R [24]; NMPA B8 (N DA e = Y P M o
BRTEND FRE, T B A R RS AT B [25] . AT, H AT S RS, g
st R B 4L SR b

4.2. RFRERT5E

FERR, MlasE AR JFURVE T AR G B R T User 855 UL R LA A R (1) RS EER &
B 2 B HE RE BRI AW R, WHFN SR RES R 4xiiy . HHEH M EEFE . B IRK
Bl SRR B R AN R A B S RS R S, W A RER T RS, (2) Wik
A RRREVE S D RHERE . AT PR VA T SHAP B REIR BLRFIETTRRAE, (H AR R AAE AR E M 22 |
Gy SEMANIRB RS 10 [26] . BEAh, SHAP S5 J5 52 2 TAHSCIE M AR IR K R, 5 5 IR PRI R RIS
BASS, FIREIR SImARFIW[27]. DRI, RORNISI NP RHEWT i, W5 iRt S SRl &, 4
THERE B SRIERE . RE SRR — R X AT AR EEOR, Bl [ R R i R TUdE b
AR, BINAERZ R U KRB TR MR R R, AT BRAE AR ST 5 [28]. (3) Btit “LA
NAAR” BB ARSI W] AR A DO EOR A, SR AU EL R AR RSETT A2 T [ M PR =
LR B AR TR, VPSSR, B IGRTE S NP R, RIS W]
G Blhn, s A WAL S s GBS AR PN 25 R K bz i, B0 B AR 5 A BRI A
SCRALSRRE, BGOSR MR SRR L. (4) HEH 2 ORI TEIIE S N R AL H AT TR 2 2 1[0l
PR, R ATRETER SR SR . ARORTGEIFIE 2 Al ATRETERYIRRHT 7T, B A R f) o 6 1k A A
Mtk [, TR AT TSR AL IR B 7 i, T &S HISIPACS R GETCEEM LI R4
BTG BN RS, NEEARMERE, SR RS TR[29]. (5) e HudRiaH 5 AL R
WU BEAE BT B O AT A R AL S, B in BB AL CR 7 Oy B B R A R OR 75 B ST 58 3 O Bt
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