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Abstract: The integration of deep learning into medical diagnostics has heralded a new era of data-driven healthcare, dem-
onstrating profound potential in tasks ranging from radiological image interpretation and pathological slide analysis to
genomic sequencing and clinical outcome prediction. These advanced computational models have achieved, and in some
cases surpassed, human-level performance on a variety of well-defined tasks, promising to enhance diagnostic accuracy,
streamline clinical workflows, and facilitate personalized medicine. However, the remarkable success of these models is
fundamentally predicated on an implicit assumption: the availability of large-scale, high-quality, and comprehensively

annotated datasets. This assumption starkly contrasts with the reality of clinical data, which is intrinsically complex and

Wr#m B #8:2025-09-29; f€ = B #: 2025-12-05

« BIE1EE KT K yufeichen@tongji.edu.cn

EEWE: [HK ARFEIE ST H (62472315,62476165)

Supported by : National Natural Science Foundation of China(62472315,62476165)

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

challenging. Real-world medical data is typically characterized by scarcity, heterogeneity, and imbalance. The deploy-
ment of conventional deep learning models, which often behave as "black boxes" in such complex data environments,
poses significant risks. These models are notoriously prone to producing overconfident yet erroneous predictions, lacking a
mechanism to express their own uncertainty or to reliably signal when they are operating outside their domain of expertise.
In the high-stakes context of clinical decision-making, where a single incorrect prediction can have dire consequences for
patient safety, this lack of trustworthy uncertainty awareness is a critical barrier to the responsible adoption of artificial
intelligence (Al). This review is motivated by the urgent need to address the challenge of real-world complex data in medi-
cal Al. We systematically structure the landscape of data complexities into three principal categories, which form the orga-
nizational framework of our analysis: (1) Data scarcity, common in rare diseases, underrepresented populations, and
emerging pathologies, which leads to overfitting and poor generalization; (2) Data heterogeneity, including label noise,
feature noise, multimodal fusion conflicts, and out-of-distribution (O0OD) samples; (3) Data imbalance, where the domi-
nance of normal over abnormal cases biases models toward the majority class, undermining sensitivity for rare pathologies.
To confront these challenges, a new paradigm is required—one that moves beyond mere prediction to incorporate principled
uncertainty quantification. This review centers on evidential deep learning (EDL) , an emergent and powerful framework
designed for this purpose. Unlike traditional models that output a single point-estimate probability via a softmax function,
EDL reframes classification by placing a higher-order probability distribution over the categorical distribution of classes.
The core contribution of this review is to provide a systematic and in-depth analysis of how the EDL framework and its asso-
ciated uncertainty metrics can be specifically leveraged to mitigate the problems arising from real-world complex medical
data. We meticulously map EDL-based solutions to our three-pronged taxonomy of data challenges. For data scarcity, EDL
models naturally express high epistemic uncertainty when making predictions for classes with insufficient training evi-
dence, thereby providing a quantitative and actionable signal that the model’s output should be treated with caution.. For
data heterogeneity, EDL offers robust solutions. In cases of data noise and multimodal conflicts, the conflicting or low-
quality evidence is reflected in the parameters of the learned Dirichlet distribution, leading to higher overall uncertainty
and preventing an overconfident but incorrect conclusion. lt is particularly effective for OOD detection; an OOD sample,
by definition, lacks supporting evidence in the training data, causing a well-trained EDL model to produce a prediction
with high epistemic uncertainty and a "vacuous" evidence vector. This enables the model to effectively "abstain" from mak-
ing a high-risk prediction and instead refer the case to a human expert. Finally, in the context of data imbalance, while not
a direct remedy, EDL provides a more nuanced view than standard outputs. It can reveal when a model is uncertain about
its predictions for minority classes, even if the predicted probability is low, helping to identify instances that require further
scrutiny. This paper, therefore, provides a comprehensive and structured survey of the current state of the art in applying
EDL to medical image analysis under real-world complex data conditions. We synthesize the disparate literature into a
coherent conceptual framework, elucidating the underlying principles, core methodologies, and practical applications of
EDL in this critical domain. In conclusion, we posit that Evidential Deep Learning represents a pivotal step toward build-
ing safer, more reliable, and trustworthy Al systems for medical applications. However, the field is still nascent and faces
several challenges that open up avenues for future research. These include the need for more robust theoretical foundations
for evidence modeling, improving the computational scalability of EDL methods; and developing techniques for better
uncertainty calibration to ensure that the quantified uncertainty meaningfully corresponds to the true likelihood of error.
Critically, the clinical translatability of uncertainty needs to be explored, focusing on how to present uncertainty informa-
tion to clinicians in an intuitive and actionable manner. Finally, large-scale, prospective clinical validation studies are
imperative to move beyond retrospective dataset benchmarks and rigorously assess the real-world impact and safety of EDL-
based diagnostic systems. This review aims to serve as a valuable resource and roadmap, inspiring further research to
bridge the gap between the theoretical promise of EDL and its practical deployment in the clinical workflows of tomorrow.
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Fig. 2 Overview of evidence deep learning methods under complex medical data

SEFNet (semi-supervised multiple evidence fusion
network ) (Huang 45,2023 ) JF 4 22 0 T4 R 5 22 )
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M. o #R 1M MEDL (mutual evidential deep learning)
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FL AR T 3 — v 2 Y 45 2% eR BOR T AR 2 1Y
CT ol MRS AR 2 ) B4 305 S AU T ANif s 2
RERATR A s 2 v g e 75
L., = L(F(x).Y,)+L.(F(x).MOY,).#(6)

AP, Fy F o0 50 D 4 Ao 225 0 28 1 8 Y 4 28 )
2%, L, X (4)80(5) 7 BRI 27 >0 v it
PR PRE, M = I(u < T) FET AT EVERE & w i
W{ELRREL, Y, Y, 281 70 0 IS AN [ 0 246 1 245 14
PbRaE . ABGERI SR I R A B A i S
B2 U ) B A A AT 45 A2 (0 i ) A
EVIL AL — YT 1] Bl g i n] 5 DhdR % . 1l CEF-
IV (co-evidential fusion with information volume) (He
45,2025a) 51 AT pignistic HER 5 16 5 15 B AR FUE
N Z PR R GO E PEIEAT IR G R e
PRI Rl A AT R ) BIR R BRI . TR0 RS
H AR O> FIAEAT 55 EIEAT T I X AT 5 1R
H T B AR B2 A 1 b IR I A O AR 2 T
PEVEAG EOE TR SR (BT | 2 W B i o & 42
BETRAT E M A . R I IEA BT 5E 2% RS
JE AL o] SRR BR B 2 S A2, LAE— 2D R i AR
P 4 Sk 19 7] 81, EPL (evidential prototype learning)
(He 45, 2025b ) K b i A4 5 A A5 TR B9 ReAE I
TG —AE) SCUEYRHESR A, 38 1 A 3R OO AN 5
FEE S0 H Fe A B, DU AN E PR PEAL B R O
135

K, m WIRE (x,y, 2) (O IZL A, ol o 3
ML 8 o 5 (1) 5 2 AN B 5 1, ) S 2
B C, BAE ST, N oI B (e oy R A A
OB o3 BISEAE S5 b EPLAEAN [FIAR T o 49 R #4045
HAER I, B UE T R R 4 X R A A AT Ak
M

LR TARSEEE R T — RO WA R TR
S AR T DA AN 2 P 1 P S Ak b, T
TH A E A w5 S I RS P HLAR A 0 45 fiE
TE S R R A it 22 2O AR B RARTEAEAS,
MTITERE A kA T S RE AR E $2 T
2.2 BETEHEINTE

MR AR AZ R A, 28027 2 (active learn-
ing, AL)H i fQHBLE £ 15 B e KA REA LI oK
LR, BERS DL /NI AR T A A 48 R R B P g
WA o ARG Tl T T AN E TR s
RAEABAE BRSO, AP AT 8 DA
I S 22 S R S BOANHI R M A T O of 2 LA 1
FERNE B ROR MR . IR IR ) O £ 5l )
PRHE T SRS A0 B A PR TR R OIS
PEIR I F RS 5 VS AR AN B2 1, AT LAk —
A R AN RE PERIREAS 73 R 5 TN R A SN REAS
FIAL T B S 00 5 BF A A AR AR, AT i 25 48 T R A
PeRE .

CSEAL (consistency-based semi-supervised evi-
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DA, DT T 2 2 Al B DR S A P S 1 S i T
3.3 ETHXSHIMERNTTIE

BERPA RN R b R 5800 B 2 1 I R 5 i s | &
8 53 A1 A0 AU, B TIE4E 38 2 o7~ 1 J7 vk ] L4
— BN 23 B A AR R T 5 . O e T
A T AR YN 200 A RRAE 1) B R B B O, i qE
IR BPAFIATENE . T VL BENS T S8 i 5 fig
B E A BIREAS , TCTe (i 125 e RE 2 A Gl 8
oyt AT S ) v AN PR T, DA T A i PR R SR
FEPEOCHE Ay 22 B, BEE—2D XTI i A8 AH
YR/ AT 53 A1 S0 55, AN (] B2 HILR ) 4 %
P 2% 5 A BUR I L 68 I B AR A I
filt b AT g | AR LS R E AR A o o3 A, AT
A BT R TN o3 A 22 S iz AL T RE L SE 3
XoF 3T A S M B AS A S BT

EHE R B2 27 2] v Y 2 SR S TR B i w RIA T
CIRASHIE R B, B L m-EDL (modified-EDL)
(Nagahama, 2023 ) 38 i:f 41 UE 98 B 5 2 1) 25 AN 1
E TR AR RO R NS AL SR o I Y KA 28501
PRI T K + 1285, 3 Rz sia] LR B A K +
126 T R PR A B v R 2R S T 26, T 283 T
BIEBE BOMERS . 78— DR (B8 58

#(14)

bR A RENR) ERYSEE R, m-EDL7E 2 F12E
HER TR BE AL T, X6 AN 8 4G I AR T T34 3
TEPE R EE 2 A5 3 74T, SR T3 o0 A AME AR
5593 A I REA AR, m-EDL }E LA HH 30T 43 413
ANFEAS, BT LA ERNN (evidence reconciled neural net-
work) (Fu %, 2023) 2y 1 W 43T 53 A5 SRR A ELL 5
I3 AT N FEAS X3 A 1) B, 70 A% e UE 9 R B o7 > HE 4
2Z 3N 8 R B 308 5 O G A Sk SRS A A
DA 24 RS AR f R SR 300 S e T 40 Ao 228 1) 26 %o 30 53 A
HMREAR B AHURR R AR IR B i i T B
é=e¢-min(e),ie{l,- K} #(15)
Ao, & Fil e 300 Ry e S RN AR B ESE o FERRIS
A LATE ] ERNN R T 2290400 5%, 78 B B HoHis 4R
55 T R b e A die B A SE e SR, A AUC
(area under curve ) ¥4 I8 BCH A 58 TR R 2
2] BN E P T 1% L BEAR S Ml R0 s 2 DL 1 B ik
AR IR A . ARG TR 7 ST TE U 2R B 2
A A, — B Bt R 2 5 4550 H g
SRR R EERE . R IELEA AN E Bk
A6 53 A7 AMREAS IS, A1 A3 2 38 3] 5 /0 LA ey 1)
XA TR 2 T EMEBOE RS . BTN
iy 2 1 3K 20 19 F s 4R TR A A (uncertainty-inspired
open set, UIOS) (Wang %5, 2023 ) £ X f1%) J2 1 o JEp
12 Wt 1 SR 1 FH o A RS A B B B AR A
Y In) 8L, 76 5%k b, UTOS AN RE 5 i H3 28 1] 4%
I T A FHUESE R BE 2 ) TR A Y 25 BN
B P, DATTIT S it RS AT F00 45 SR ) B AR R
g T SRR N o3 A AMEAS R S T A 3
V) P SR s, S99 AT T I (1 A AR A 2 T L 114,
T 1 AR AR 75 22N T A A PR — A~ 56
SOk TH 50X A B {E L ik T L FH 2 TPRs Al i B
FPRs KM T NHARRELL(0):
1(6) = 2*TPRs(6) — FPRs(6).#(16)

A, 0 R AN 2 B AR, #E 1758 5 6 = argmax,[(6)
IR R R BE ., X P 53T T RIRDR
2 REAS oA SMEAS R0 BE ) 5 B R
UILOS TE X 53 A5 H1 258 551 60 40 Do RS g AR S5 RIS
KGR B AR IR R S5 B2 2 W5 DL, BB RU™ AR A
B PEVE A3, DT ik e N o AZ AL, AR B0 e
Sk PR A PRIE T R A e S e SR . %051
SRR S 1) S A A SR AL B e 4 TTE
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D3 ANKE D T (AR AR R0 0 A B FE SR D
IFa) LA 3] G i, 3o 7 A8 7 T 38 I~ i v
M-MSSEU (source-free domain adaptation framework )
(Pei 45,2024 ) £ G BOE N 57 5% AL B BEZS I A~
R, FLIE T OO AR 7 I AT R IR [ 2 ) I
o MR IR B2 2 > 19 2 R AN fe 1 B 2 ] 5 ) DA A
BN AN G, DT Ao A5E R 7 A [ dol o DR e
A r ek 3 AR

AT B IR A R P TR P 2~ A
WRIANE E P, JL0HH © B8l 8 3 A SMEEAS RGN
{28 B IS I o XA (R T AN E
S BN AL S | R4l 3 1T Kl A1
b DA 2R GEE s £ Tl PR DR SR A B 1

4 SRR H R EEASDERILE
MNwTTiE

TEBE 22 N TR Re i i B A R B e Bk
2 OCH B [a) @, A% O AE T DR ABE Y U S AS [R5
0t 53 A 19 ZR G O ASHITT 77 A X 4 AR B 28 ) ) A
ISIESEHR . BRI S X AL R FIE
I SN, A5 a0 A i e v B e A R R DL L i
PR AR 9 A 2 DA A A A /D 5 DA S [RIAS A
BRI AEAEWS R R SEN H 22 @b AR 0
AT RS R RIE R | (HH I F A
JEAE T AR S s BRI 2R AR AN 2
BB AE X 2L X Il AR A i TN BT A
e HIWT . LG 1 TS R R A BRI AN
Ml e, G PP E A v e S ) A AR AT I R
3R W Ry N () 288 105 B 48 2K oR B (Yeung 45,
2022) , VSRR B SR . REAS G BT VA U TR AR
23 () R A B AR AT 2ok SRASE | 30 0 47 {1 B 2R
TN T A WO FEAS (Koetzier 45,2024 ) , AT
5220 BB AIE oA
P AER B 5E 3 L 58 TR R B 2 > el 7 25 e
AT ORI A TR PEAR 73X — %00 7] R Jre I
T R4 % (E1-Din 55,2024 Gan %,2023) . K257
7 UEHE TR BE 2 > My i e e 28 0 Sk m) A 1R T AL
il b i AR, Bl A i BTN R P R

REASHR /D DX, 7R BT R SR Hb il H 1A Fn 2%
i ER ESCHE D A4 5 | R %) DR SR Al L , Sy ¥ A TS £ B
FNTR ARG iR
4.1 ETEXESEMRNAE

R T G fif X A DR RS o A AN 3477 e A A i
25, — R0 R B R AL TE IE U St A8 rh Bl o0 A
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28, HAZ U AR 38 o 5 ) S0 T4 (8 P E I A
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25 (8] A 4R D B A B B, DA
917 U1 R 4 B B o3 A L LRV T 2 L5 )
DRI RRIE o PR K B R [R]S R T B AT
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AR >F 1 72 THT 520

1R & 2k 98 I J& %% 2] Hybrid-EDL (Xia % ,
2022) 3 12F 2 A5 fif FHASCHE 2o SR R A T 1 P 3
W H8 TP IE 40 U B 2 ) R TR |y e L I B B A
b SR A AR 1 T 1 ke S IR T AT SIS A i A
GZ it/ DR TE A B ) R Y BRI BE AR
JE 55 155 P 3 A KR v T S EGHAT IR S R HE T
BRI BRI 22 o 1 B UER IR 22 2] 5 4 ks
HER ARG HBURAEAS T8 04 B Bk B 1715 2]
TEIE, HIE X R 2 A = 7 vk LA ROR] HTIE
P VR B 25 2] B9 A #, [ 1L Class-balanced EDL (Xia
55,2024) 1 T DGR R BE 27 2 FE BT AT 55 vh 240
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AR TR B 22 I RESE A L T F W b T
BN E B S A a, 207 A AT 2 20 B KR e
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FEA R /N SR A B 2 50T, i 1 ki 2
RS R S 1] o 27 A B B A 1 58
TE T AR B AN A RN 73 A1 SMEAS F 53 A7
SMEARBIARNE . 55— At T5 1] 2 e R DR SR L A
AR DR /N E 305 TR B2 25 ~F B INASL 0 25 4] 3 s (Zhu
5, 2025) B 412 H1 2k LR AN S 14 B B 43 AT
55, B SR TR S A f D I T ST Bk H
UL, B AR A o IR IR AR E IR 2
HEZR A DAy e — 28 i) i o R SR i B R R AR

| )A H#(18)

m = C(m?X(Ni‘l‘))_ (N, |

A, CONTBCE RIS EL, N, R RS i iEHEA
Hoiw , KRB, DRCEFEACR I A R Y 2k
SRASIA] [ F L2 B ) B RO R R B 2 2T Y
% PRI T INAL, TR 1 /D B AR AR I A SR 1Y
FUEE 30 M 9 265 0 A RIS A B SR DR SR BE , M 410
o] R AR s AL

LRI RAL SR T SR AN K A ) A T AT A
LS B TT 55t TP R R AR P A () ) A EE . U-
FARE (uncertainty-aware fair federated learning)
(Chen %, 2025) 1 X PRI 1 — i i i 2
I 7B I A AN B o PR R 2P I 2 ST HE S,
TR IR A7 2] v g ATIEE e 22 10 26 LA AN B
P, IR T AR S AS MR 22 ] 10 5 D v AR T, AL
ol e 222 AR AR M R S 5 B A N AE DAk
TR BB 11 [ ), 28 0 1t 48 55 o) R A BSOS A )
PR CHNAS [ B 7 HLAS N 22450 B AP o % HE
AR o AR 2 T4 AR — B 500 1 B L A RN X
oK AN [ B RIS BR800 S S e AT, BT 7 B A
PRAPBHTER T, 025 5 T B 7 R 1 S8R 45 6 12 W
0 AT SEPE R il 2 AL RE T o U-FARE N 7ESEPR
By B PR A R AT SCORT A5 9 N T RE Al B2
R fettt 7R

UEARE TR 27~ Ab B BR A Js AN i ) 7 i AE T
PSS R iy 1 ) AN e s VAR R Sh S48 05 5, B 8D
PRI AT 1y A A 4 TR XA A B AR T
TR B, A R A T s AN A i IR AL
4.2 EBTOHEBEREGHBIAE

N RBEINA D BIAEA I (5 BRI 5 | AR
W RRIEZ AR, 7 — R ORI s A A
BGHT AR IR A AE R I GRRE AR Y S i 4, T

ENE

e T D BCRAE A A X B RT L o 7
TR A —JE 5 TR AR R A 5
(Grina 25,2023 5 {7k 42 45, 2025) , i an A x4t ()
24 (generative adversarial network , GAN) F128 43 H %
i 8 (variational autoencoder, VAE) o 13X $E 45575 3 15+
2] BRI Z B I AR R )R A B A e e
2, BES QI M A i AR5 2R 5 1 28
FEAS, B 1R B o BUR H P th R B 58 R A X
B, TIRETIRA (Mixup) 5 (G KB & 8L, 1%
75 1538 5 AR A A SRR T REAR R T 2R el IR 2k
PERIR G BRAE | 2B OO T I R R AR 22 [ 1) R 400 3ok 38
(= NS e~y RN PRI SR A PR N Y S €
P B BRAE GBI 5 B R BB A
RS BT A S BARSR IR D HERREAS , AT
A A4 L XS 2R AP P R

FI AT AT 58 AR S A A2 08 1 Mixup 2 & BGHT R
A, ME-OSR (multi-level mixup-based evidential open
set recognition ) (Zhao 45,2024 ) 7 KIS 2 S5 H R |-
XiF ¥ [] — 2 AR AR R F Mixup B4 & BUBTREAS , 1
XA [ A AL FEA T [R) R 19 Miiup #5415 2 i
JITFH RS B T 0. 5 50K B & ISR A L
AHMEA o X R Z GRS DL T LA 880G i ml
FEMDHCRAEA . BEJE 5 ATENGIEE B B 2 2] 53
AN, 0 AT T A T )T 24 R 26 %o A A AR i
B S I O oA SEBLR 2 A aT SRR i
T EAEAFAT AL B Bt b kAT T 5,
H I A0 P I P AR AR SR i R R A, R AR
B IR ISR T TR I AR R . BdE A
By [) AN A AE T bR 8 0 28 T 2 A28 00 26
F PG A 22, MOSD (multi-label open set diagno-
sis) (Pang 55 , 2025 ) 44 2 il AN - 17 4 &b 341 & 22 [)
I A7 7 22 o 28 Sk L5 R R0 2 031 A TR B 5 0 12 W 4
Sto ZREITIE S BE SR A & T P RRL, 5 —
AV 22 b A5 KRG IR R, O BRI R A 48
DHCERAEE RS B PSR A ST IR B 15 2058
REAS, WA SRAE A5 A0 2 [R) el 1 AT DA IS 2245 i i ok
AIREAR BEA 22 REIE SR 1 /8028, AT 22 i 22 6
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JHCEE UE 8 451 2% 249 R 200 i 113 241 20 93 A, SE R
AL B AT AE AR TR RN 2%
) PN G — TR R o2 ST HEZE , 4 i

© h[E KR KL AR



TSR, XUfE, EBRE, BRFETE
N FIERR EF I AEEFRE DA ERR

T UESR R 7 ] 1N L

B TR R 27 > 1 D B EA DT iR A T
AN RE PR AR Al , DT A 1A B e B
FE EHRACRIE R, WS 2 1A R T
TN B2 ST BETT

5 & &
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B, S ih— 2P A BRI AR , i BT o 2 TR A A
SRANTA 2 PRSI — A R 2 A SN EEA SR A AL ]
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