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Abstract

Assessment of breast cancer recurrence risk is of great importance for postoperative follow-up
management, adjuvant treatment adjustment, and early intervention in high-risk patients. To com-
pare the performance of clinical, imaging, and clinical-image multimodal fusion models for recur-
rence prediction on breast MR], this study was conducted on the Duke-Breast-Cancer-MRI public
cohort. Clinical variables were cleaned, encoded, and filtered, and tumor-centered ROI three-chan-
nel inputs (Pre/Post/Sub) were constructed. The data were split into training, validation, and test
sets with sizes of 588, 148, and 184, respectively. Clinical variable screening was performed on the
training set only, including low-variance removal (threshold = 0.01), high-correlation filtering (|r| >
0.90), and univariate relevance screening, resulting in 67 retained variables. To address the strong
class imbalance with a recurrence-positive rate of about 9.46%, weighted sampling, Focal Loss, and
class weighting were adopted during training, while a recall-prioritized thresholding strategy with
a minimum specificity constraint of 0.75 was applied during inference. On the test set, the Fusion-
DualMeta model achieved an AUC of 0.8633, an AUPRC of 0.2801, a sensitivity 0of 0.9412, a specificity
of 0.7844, an F1 score of 0.4638, and an MCC of 0.4667. Compared with Clinical-XGBoost, the im-
provements in AUC, F1 score, sensitivity, and MCC were 0.0673, 0.1480, 0.4118, and 0.2253, respec-
tively. Compared with Image-EmbROI, the corresponding gains were 0.0902, 0.1951, 0.4118, and
0.2818, with false negatives reduced from 8 to 1. Considering sample size, class imbalance, and in-
terpretability, a meta-learning-based late-fusion strategy was adopted and discussed against other
multimodal fusion approaches. The results indicate that under a specificity-constrained setting,
clinical-image multimodal fusion can substantially improve the identification of high-risk recur-
rence patients and may provide useful support for follow-up screening and decision-making in
breast cancer care.
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FLIR B RS PEAl BLAE R RBIAR SRV e . FBIIG YT )7 R VA8 K m fa R 0 R 10, DR
SEHER . RROE R R TN B B IR IR R . AR, T FURE MRI FI5ERHE BT A8
WIETEAS AR X S e e B 1 R AR B U AR SR BB S8, 8RR AR FoOl £ £ o AR AR [ 1] [RII,
AN TERAAREARE e 0 i WO T B WS E A AT T AR AL T s BR Al . L P Duke-Breast-Cancer-MRI BA
H A RIS it MRI 5248 5 I RAS S i BA B m I B [2] . E@ETET7 1, XGBoost S84 Rl 2 > 1Y
TEL A R B AL B P R INASE , T T AL A /INREAR L BRARME R SRR 4E 23R R 1K — 73 2K i) 7t
[3]; 1M EfficientNet 5545 A5 /0 2 I 58 % B0 Hh A B 1% 2 AR (IR JE L AR AE (4] BEAL, BEREASP4 70 2K
f£%%, Focal Loss WS FRIK S A EAR T 3208, AT A A EER [ GTE 5], AEVTF =T, MCC.
AUPRC SR Fr M A Ay b B Al A 1 25 B0 FH 7 P 2R LA P 2 2 T ) [ 6 8]
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BT BIAHE LA, P 2R TONIE D R — IR R AR B i R B BRI A, Wt — Pk
FNGIR - AR ZHRBE T AT FREIR, I A 21 R 25 v] B A Ae e I B4 J2 T XU 5 5L, 1 MRI
PR DL RAE TE A Bh T 221 g P 308 S SR PE AR AN AT Sy, W T BE R FLAME(O]-[11]. JE4ESR, TH ) FLIRE
RIS VPAL 1 2 S IREE S ST R IR IS 2, SRR G AL B — D AR T TN R B 12] [13].

YA SR TN FATAFAE R T A R s — A& 3500 W SO FA A 3004 sl /b 48— RO B A B AR, e
ARG RIFE D, R UIUE T Z 5088 AR SRR Ik 8 S A B i ik i ke FH ) LAk A
MRS CRESHSEN D, B G BRI T RS EAL, (HX A [F & SR 1)
ERABETHRIIATE S, JEHBD XD RIS . TRERES LG R A VR R 5
Y. SULEIR, EERFEA G BRI &ME T, EHOOGE SRHERZ, W25 5 5 0 an XU 4] 1) s
G Te R, T I PR 5 2 7 55 308 5 S 5 A %o B A 9] PR A9 S R [6]- (81 o

FF I, AL %8 Duke-Breast-Cancer-MRI 2 F- BA SR 2R s PR 73 52« §245 40 > SRl & 43 3 =288,
TEG—HARRI 5« G— VPN R AR R G8— BE Y3 S5 ) R IR X Lt 9. AR SC B 7R E S BRI e 2 15 2
PEAS AT ISR, RIS R R IE bR e, A RS AYE AUC. AUPRC, F1 {H. MCC &
TRIEFERESE T 22 5, R — B R IR Fe ik 2 T 0% I G b G 3Rm,  DASOZ SRS AR AR
BE 1 22 7L i 52 K 7 A 47 55 o 100 S FH AR A

2. N EFE
2.1. HEFBEESWHRES

AT 55 K A Duke-Breast-Cancer-MRI 23 F BA ZIAE T 78 B03E SR IR [2]. 12 P& FL IR E B E 1
MRI A4 B2k K AR R RAS S, B LM 52 R AU Tl $i2 Ak 5245 3% TR R 25 ) 1 A% B v 28 300 S5 o
S G AR RALS, X EIEEAR AT AT R BRI AR TG, W T8 K AR 5 ST
FAF1 o

R BE & AP HE, ARG T @B A A4 IL 920 4], il ghge . T uE S A ER 75 )
79 588 17l 148 A1 184 5. HHaHER 7K FH [l € BEALM T T I3 EHbFE T, PAORIEAN A 7 4R h FH %
SRR A — SRR E R BT LLEIZ R 9.46%, S I AN A-F R, Rt 7ER Y
GRS PR I A A 75 2 S OGRS IR 13 R

2.2. IEARETALE

A2 3 A TFIRIRAFIER AN, BRG—F4 . SR BRI BEJE CR 5 05U g
P EE A AR B, FEAEVIZRER N0 58 CBR R IFRD o RRAETRT G S5 8B e e, LAk f5 R R

I PRAE BRI 7 = kAT . B — AR 2RI FR: Wi 5 ik S BN A T 7,
BrJ7 22/ T 0.01 BRFE, PAZBRJ LT ARMEX /05 B R . 5 B s R I8 AR TT
ST AROC REL, MAERARSC REOKT 0.90 B, MRt 5455 s S A IE R S A &, DI 2 E
FJLERVEREIE . SR =D N R B A ORI . TH R SRR S B RN I AR A DG, 4 IR A A G
YR ENMEHET, SR AT 67 MR EIE NG . A 0 12 B 2 76 VI 2548 P 1 5 i [ e I FH 1 36 E 4
AL o

TEAR BRI, AR RGN AL BT RIS, AT PR LA 3 /R E S —
G, XTSRRI B E AU “Unknown” W, DMRRERR S8 . RAERIN 67 MEAK
TR NG E. EWAREY . MRS SR TCEE . YRS B SR A 4% X X A
YA 1)
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Table 1. Grouping statistics of clinical input variables

F 1. IR EE S ES T

Group FeatureCount AvgMissingRate
Biomarker 28 15.6%
ImagingMeta 12 5.9%
Demographics 7 34.6%
Other 7 0.4%
Tumor 7 18.8%
Outcome/Time 6 11.9%

2.3. HIBWMAGE

FAG 5y SCUA A X IO AZ N G o AR O A M 745 S P B 1B [X 35 (region of interest, ROI),
Ry =EiER A, WIEEYT AT R ER (Pre). 199 5 ER (Post) S ZE (H & (Sub). Horbr, ZMEEUGH T
RHBABNAS S, DAIG RN L ) A G SR AE R AERE J1[1] [9]. APRIER RN —8UE, Bl
ROI EUELEIE N W 28 T 3513047 RST 48— REME A — A AL BRI 1)

Sample Breast_MRI_010

Postl

Sub 3-Ch Input

Figure 1. Example of Pre/Post/Sub channels and 3-channel fusion input for lesion ROI
1. &kt ROI B9 Pre/Post/Sub & = iBiERL & N Rl

2.4. BRI 53T AR

AR [ E BENLAN T (seed = 42)iEAT 7 2RI 4, IR SR ub S AR RIS 73 01l g 588 148 Al
184 15, BFEERAMELLGIREA—, WAk 2. EXFBHMEREAFR SR 110 AL, BB IIZRR BER A WeightedRan-
domSampler PAFEFF /D BSRAEME R, 361 2% R FUCK A Binary Focal Loss PABFAR 5 0 FEAUFEA B £ S RN [5];5
Il RSB I T scale pos weight 5| AJERIRLE[3][7]. FEARRLEREIN B, ASCRAH “HBRIEE + KR
FETRRR 0.757 BYBME S IREN], DL R & G i i 5

Table 2. Dataset split and positive rate

2. BUREXIST SEAMEEES)

Split N Positive Negative PosRate
Train 588 56 532 9.52%
Val 148 14 134 9.46%
Test 184 17 167 9.24%
Total 920 87 833 9.46%
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2.5. {ERIE

2.5.1. Clinical-XGBoost

Il R B AR R XGBoost 43 2HELE[3], #Z 0 SE% BN n_estimators = 300, max_depth = 5.
learning_rate =0.01. colsample bytree =0.75, FEARIEUIZREE IV LB BN A THE scale_pos_weight. HLAY %
HOASE REEE, I i 5 ik 4R R 4% 2= 0 v DI B f 2 SR A

2.5.2. Image-EmbROI

EUR B AR BIR ] “ R SCRl G SRms: H— RITRB RN 3, £/ EfficientNet-BO $2HL
M FRAE, M. PCA 5 Logistic [FIAfF2IM Mt [4]; HZ A ROL SRt 73, kS5 HE =X
W PR IE . R E S AL B/ E S GO REIE, I8 XGBoost AR . 1 73 SR 1L 56
TFAEIS RAF BN PIAE AT R MRS, TR Image-EmbROI it

2.5.3. Fusion-DualMeta

R A BRI R 0 2 ) SRS, AN LR s e R AR, T2 DART 7 B o S A% D RN
AT IR p_cline BURIAZ XA p_img_old KAXEMEHT 70 3% p_img_new, JFfik—BHG~FJ7
i, FReARITURT P 1 400 22 55 i B A8 FLARFAE[12] [13]. 528 A Logistic [B1H 58 sl & 0, AR RLLE CRIF AR
PN B [ B 48 5 i A A E 1k

AICRZ )G e g, FEETUUITHEE. 0%, RMEPHER T RRG 77k, BRI R, H
FEABTFREABA IR AR5 IR IEAE 22 R DL, 5 S NEE AR R TUARE A, 19 it
LB . FLUR, ER LIRS e 8 B & N A S AN A I F A, R 7 S A RN T A
(v B M 2R B, 0 20T 920 BIFEA HIHMERAE 10%M FoRk L. FK, sKEMRE R 5
PSR RN A, HSHEERER, W EE A g gt EOR . ML T, ASCRAI
TeEE ATl T IEA DL SO R R S A IR B S AR N, — T IR IR B I K 73 30 5
AR 3% B C A B ARG, 53— 77 T RENS AEARAE 2 7] T 58 S B B, S & P/ VREAR
ANV 73 2 B nit i A AR R S 3 55

2.6. TR IR

AT P A IR LE S RSP 7 5 N BTG R, A SR A 32038 TAERHE th 26 R 1 #R (area un-
der the receiver operating characteristic curve, AUC). Fi#fiZ - 7 [a| 2 i1 2k 114 (area under the precision-
recall curve, AUPRC). fHUBE (Sensitivity). 475 B (Specificity). F1 {5 Matthews #15¢ 2 (MCC)/E AL
BV HRFR[6]-[8].

Hrr, AUC T SR B AR X 7y BV 5 BIPERE A BE /7: AUPRC S35 F T~ FH M AR EL AR 1)
{155, AT 5 B M e BB 2R ek SRR AR KR A R B Sensitivity F1 Specificity 7351 s BUAR Y X6} BH A4 A A
PR H BE IR BRPEREA (O HERR RE T : F1 AHZE S F RIS A R A6 MCC W REW AR AF
B 2T N TP 73 R RE 6] AL, ARSCESE S IRIEFERE 3 B S SR BAEREA A, DAk —
A PP AR S AR TE I R 077 2 37 ¢ Hh R B FH AR A

3. 58
3.1. ZERFLE R

MRS WL F 3. BAAKRE, Clinical-XGBoost il Image-EmbROI ¥R I H BN FRE 1953256877,
AR U R R ARG TINAT 25 A (1) B S B 26 . o, Clinical-XGBoost S 1 S5 # 4L I PR A &7
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D3 B B FERE OB, BEUIAERE « 23 1 BAR DG I R AR AE X 2 R AU 4 B B AT — € 51k : Image-EmbROI
TR T MR o A DX R 5 S AEAE A AR e P30 S B P T (AR 3, SR IS8 5 B I RE R 6 S B2 R Tl
PO R R [9]-[11]. fEMFERE I, Fusion-DualMeta £ AUC. AUPRC. Sensitivity. F1 {fl MCC %%
AN KRR bR EIIUS RAELR, BoRHIRIR(E B SR RRHERA W R BAME[12] [13]. MR T8
B, ZRASRLE AR & T BEARRRE J7, WHG5R §AY A S AT S5 A RO B AR U R
i B Rl SR BE A% T 4 [T Hh R AR S AL E R I 2 4EE

T HAHAFIE R )42, Fusion-DualMeta 7E A [F] % 77 HIIA ] 0.9412, B =T Clinical-XGBoost £ Image-
EmbROI [¥] 0.5294. X% B flG B AR R0 40 R 2 8O RWif, 75 S e i &4 5% o BA T i S b
LB . 5T LR B R R B VP T 5 IR R Wk o v X R AR R gt S N A N s A B U 8ot —
T, RS R B R A A tH B ) B AR e WX — MR, MG AAE Sensitivity b 13
eIt AMURGTHERS LISGE, R HAE I R R 35 S R T S ie 8K & e NIRRT ER
Al S5ULFRS, Fusion-DualMeta 7E F1 {HAI MCC U f mi/K~F, 156 B i 0 I = B 43 i A Ak
PRSI A B, TR LR IR SRREARLES F B SCEL T AR A RO 2).

Table 3. Main comparison of the three final models

® 3. A RARBN T LRI

Method AUC AUPRC Sensitivity Specificity F1 MCC
Clinical-XGBoost 0.7961 0.2612 0.5294 0.8144 0.3158 0.2414
Fusion-DualMeta 0.8633 0.2801 0.9412 0.7844 0.4638 0.4667

Image-EmbROI 0.7732 0.2288 0.5294 0.7545 0.2687 0.1848

Core Metrics

Emm AUC BN AUPRC s rl s MCC

0.8 1

0.6

Score

0.4

0.2 4

0.0 -
Clinical-XGBoost Fusion-DualMeta Image-EmbROI

Figure 2. Comparison of core metrics among the three models

2. ZRALTHNERR T EE

3.2. ROC 5 PR & 5547
ROC HiZktnl 3 ffix. TLAEH, Fusion-DualMeta [#] ROC #hZE kb TP B S BiA 2 |, %f
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M AUC 157 0.8633,

fitF Clinical-XGBoost 1 Image-EmbROI. X BLEAE 3 EBIME T, &A1

RIHHRIX I 6ET, BIHXN R GIRRKHEANHTREIIEI . WA T MR, AUC 3T
WA Rl S AR B 32 B R PRl Y DR R T B R e e, AN — BRME s BT JE B o X Tl PR B
PO » TRAR JR RE A R A TT AN i) RS 2 o) SR I LA S G R S, BT P M 2 o 4 [ S 9
B, AR — R b SR I A XU 20 =

ROC
1.0 1 3
/’,
/,,,
/,,
0.8
0.6
[
=31
H
0.4 1
0.2 1
=== (Clinical-XGBoost
= Image-EmbROI
0.0 1 = Fusion-DualMeta
0.0 0.2 0.4 0.6 0.8 1.0
FPR
Figure 3. ROC curves of the three models
B 3. =#%% ROC HiZxftL
PR
1.0 4 E— === (linical-XGBoost
= mage-EmbROI
=== Fusion-DualMeta
0.8
0.6
=
8
R3]
&
~
0.4 1
0.2 1
0.0 4
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 4. PR curves of the three models
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e8¢ PR 4 (1% 4)AT LR IR, Fusion-DualMeta 78 73 [ 50 b 74 18] [X 1) S A4 (5 1 SE AR BOARS
K, BB AUPRC IA$] 0.2801, 5 T P Fl B AR Y o B T AW 70 0 S R BH R R AR o B AN 2 9.46%,
KANAPHEECAWIE, 7EXAER T, PR IR ROC Hi2E 5 68 S BRI 0o [ 1 28 5 ) 2 S R 1 B a[6]
[7]. RUEBIRTE PR M4 oAU, MY KT B HEREA R E 356, M ARSI B 20 [
5 G 4 ) 1 TR PE I T R 3 o I R R AR AL A TR B B 22 R R B RIS, R B R sk A IE
FHNWT, WIFE— @ FEBE A 7 RS R g R 5 2, Fusion-DualMeta 75 AP 44
R SeHl 1A B ARSI R - AR, X2 AUPRC F F1 {H 15 LA G 32T S B A

3.3. imtiEH SR &t

5 ERH T RPN RAE B VRE R . 4558 R, 5 Clinical-XGBoost # Image-EmbROI #H
tt, Fusion-DualMeta KHEPHMEEE i 8 154 1 B, [RIf M EECEH 9 FlERTH = 16 ], TiHImh& 15
B T 2R FEAR TR AR SR 7 S2 iR o8 . MIGIRRR AR, R B o S I S 3,
AT A 9 A4 9 491 R A 5 v XSS FR B A R PRI XU, T T R 2K i AL 0 4 By 7 ) A
PYFFibl ey REEBAOREE 1 GIEBATE, RUIHAE “REDJke” 1 HR EBES 7Rk, B
SUbAHAE, PRI R R RS R AT BN, (R R RS ORARAE 0.7844, T AR IR BRlE SRk s H
(] 17 SO PERE AN B ) B BT . TR AR IR B AT 551 &, 1K b LL/NESE A A, el
BEBRMCNR AR, BREImKRSERR TR, WEEMHATEEZ L 4).

Table 4. Performance gain of the fusion model over single-modality models

4. BHEREAN BRSRE M REE

Compare AUC Gain F1 Gain Sensitivity Gain MCC Gain
Fusion-DualMeta vs Clinical-XGBoost +0.0673 +0.1480 +0.4118 +0.2253
Fusion-DualMeta vs Image-EmbROI +0.0902 +0.1951 +0.4118 +0.2818
Confusion
Clinical-XGBoost Image-EmbROI Fusion-DualMeta

41 36

T T T T T T
Neg Pos Neg Pos Neg Pos

Figure 5. Confusion matrices of the three models on the test set

5. SHSRVZENIREE b AR B ERERT EE
4. it

AICEEREW], ImRAE RS MR IESS 2 18] BA B EAME . IRIR 7 3 B R AR . 715
W I FGRTT R RAE S A AFAE,  RERE SR AR X AR E IR IA L THE 2 AR SN 5
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JERRARE 15 S 2 e SR SR AR, A BT 0 R R P [9]-[11] . Fusion-DualMeta 3833 5% 74
(5 DA TH R A, 7E AUC. F1 fH. Sensitivity & MCC 255 DI TSy, 1B 2 A4l
A HEnS T AT R Y S PR B R AR SR I KRS R 12] [13]. 75 B 2, A SR et ST e &,
HAEBNHAEATA 2SS PR T IHASENE, MR A AV BB RHE G E B R SFE 5. T
Rt i, HARRETRBIER:. WA, BAEARTH, WREE SRE GRS 271K
K, HEPHER G W REEIZMK . FHEREA =B RS TR LIRS, HRALE TR
% B 25 AR AN (RIS (1) B B A3, BRI 28 VA A 0 B 78 A2 (A VI G AR 5 R 2% 1) s B A Ak R 5
TEBHPEREARBU D IZAF TR, It Az AR U T Re 2 205 md . 0 Tk &S, H el DIE /i sk
EEBAREN A, (HEHE RS BB K, AR BN it Bk . M2,
AL R G Bl 05 2 07 DA S R b B B E NN, — TR T e Z S8R
BPE, F— IR T & PRS2 r F 50 Be 7, A o A B LA B e (1 T A e P AR 0 2 (o R 1k

MR RE, ERGEES R IR IES & TR, FIASCRA “dRe + FrRE T
B BB s, TAEBAAlE SR Accuracy e KAK[6]-[8]. 453 5EoR, 1 Specificity 73{##F 0.78 LA 1%
BUF, BRE AL 8 BIFEZ 1 ], RN TG R TSRS e fE B . X AR R
R He B RIS TR EE A, TERFE LR AR i KU 7 7 P S B 5 oK

RIXFE— R B, BFROGET B —ATFAFISERIGIE, 6= 2 d0sbmit; Hik, &
B IR RO A HEE RS, [ 3 ROT S HU AR 2 MDA $2 T+ 25 10) s PR, RSO &R il AR HE Dy — 4y
FATLSs, AN R B FHAAE B [10]-[13]. JEET S5 A AMBIAE H 28 A7 LA AE A7 W i AR 45 7

[ — 35 5e 3
5. &g

AL HET Duke-Breast-Cancer-MRI AFBASI, E57L T MIGIRAS R AL EE . ROI —JHiE M A 2k
PRAGAY | SLAGAGTY J Rl G A RS LU PP A (1 78 B AR o 25 R 3R, TEONANF1li Hoas i e ks 3 i B 2644
Fusion-DualMeta % T Clinical-XGBoost 1 Image-EmbROI Hif3 T B L] AUC. F1 {H. Sensitivity Fl
MCC, JUHAEARFH 551 77 AL i .

LRETIESE IR . AR, A PHTRRIE S R AT R BRSO B T 705 2 5 Rl & SR
TS AT 5. BERA R, IRIRE 1A & 5 MR MUWCRHIE R B R B AME, ZRESRE 6
8 S b AR ) U R R e AR, B8, R DR S I U 0 R A ) o SRS R S T IR SR

B O

&Y TCIA 5 Duke FABISZAE A TT AT HI B BEI5, BRSSO T B ANRT 58 AR AW Feiie S 31
RUESHF

SE
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